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Abstract:

Introduction/purpose: The application of virtual reality (VR) and simu-
lation technologies in military training offers cost-effective and versa-
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tile approach to training enhancement. However, prevalence of cyber-
sickness (CS), characterized by symptoms such as nausea, limits their
widespread use.

Methods: This study introduces objective parameters for the detection
of CS using three-channel electrogastrogram (EGG) recording from one
specific subject and assesses the independence and linear correlation
for appropriate channel selection. The paper employs a 3-level discrete
wavelet transformation (DWT) on the chosen channel to identify key pa-
rameters indicative of gastric disturbances. Furthermore, the paper in-
vestigates recovery from CS following VR and examines the application
of unsupervised machine learning (ML) for segmenting EGG into base-
line and CS, utilizing significant features previously identified.

Results and discussion: The analysis reveals no significant differences
across EGG channels and moderate to low linear correlation between
channel pairs. The feature selection demonstrates that the root mean
square of the amplitude as well as the maximum and mean values of the
power spectral density (PSD) calculated on all DWT coefficients, are ef-
fective for CS detection while the dominant EGG scale could not indicate
CS for any level of decomposition. Furthermore, recovery signs appear
approximately 8 minutes after the first VR experience supporting the idea
of conducting multiple sessions the same day i.e., intensive VR-based
training.

Conclusions: The unsupervised ML shows potential in identifying CS-
affected EGG signal segments with feature extraction based on DWT,
offering a novel approach for enhancing the prevention of CS occurrence
in VR-based military training and other VR-related environments.
Keywords: cybersickness, discrete wavelet transform, electrogastrogra-
phy (EGG), feature selection, machine learning, military training, power
spectral density, virtual reality.

Introduction

The application of simulation technologies in the training of military per-
sonnel has been around since the 1950s. In recent years due to the
rapid development of graphics, the application of virtual reality (VR) has
emerged as a promising approach in the army (Bruzzone & Massei, 2017;
Tecknotrove. 2023). The application of simulators in the military offers a
cost-effective, rapid, and versatile method for preparing personnel for a
wide range of scenarios including psychomotor training (e.g., shortening
reaction time), cognitive learning (e.g., solving tactical problems), and af-
fective learning (e.g., adapting the training process to the students’ abilities
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and interests) (Bruzzone & Massei, 2017; Vlaci¢ et al., 2020). However,
the widespread applicability of these advanced training tools is limited to
the prevalence of cybersickness (CS). The mismatch between visual and
vestibular sensors is commonly assumed to cause CS, while CS is char-
acterized by symptoms similar to motion sickness (MS), including nausea,
disorientation, and headache. Therefore, CS emerges as a significant bar-
rier to an immersive experience provided by simulation and VR technolo-
gies (Dennison et al., 2016; LaViola, 2000; Miljkovi¢ et al., 2019; Gruden
et al., 2021). Moreover, CS symptoms can manifest during or after ex-
posure to virtual environments, posing a particular concern for VR-based
training adoption. The recognition and mitigation of CS are of paramount
importance, especially in contexts where the physical and cognitive readi-
ness of military personnel is non-negotiable (NATO Science and Technol-
ogy Office. 2021).

Traditional methods for investigating CS have predominantly relied on
subjective reporting of symptoms through questionnaires (Tian et al., 2023;
Dennison et al., 2016; Gruden et al., 2021). Such a qualitative approach,
while providing insights, is fraught with limitations, including the potential
for subjectivity and bias (Dennison et al., 2016). Given that many CS symp-
toms, such as nausea, are associated with the smooth muscles of the stom-
ach, the electrogastrogram (EGG) emerges as a promising objective mea-
sure (Dennison et al., 2016; Tian et al., 2023; Miljkovi¢ et al., 2019; Popovic,
2021). EGG, capable of capturing changes in gastric myoelectrical activity,
offers a direct link to the physiological underpinnings of CS, bypassing the
subjectivity of self-reported measures and as a supplementary objective
measure to commonly used questionnaires. (Miljkovi¢ & Sodnik, 2023).

The exploration of EGG as a diagnostic tool for CS started a few
decades ago, with a growing potential. Traditional EGG analysis is focused
on changes in the EGG amplitude in both time and frequency domains. Ad-
ditionally, frequency shifts in power spectral density (PSD) towards specific
frequency bands indicative of gastric distress, such as bradygastria (slow
gastric waves) and tachygastria (rapid gastric waves) could be used as CS
indicators (Popovi¢, 2021; Dennison et al., 2016). These features have laid
the groundwork for understanding the physiological responses associated
with CS, yet the complexity of EGG signals calls for more sophisticated
analytical techniques to capture their assessment potential fully.
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Recent advances have introduced machine learning (ML) models as
a complement to the traditional statistical approaches for assessing the
changes in the EGG dynamics. Despite this, literature shows that investi-
gations focusing exclusively on the EGG features for CS detection through
ML are sparse (Yang et al., 2022). A few studies have experimented with
integrating ML models with the EGG features, but only in combination with
the features derived from multiple physiological and behavioral measure-
ments (e.g., EEG, electrocardiogram — ECG, posture, electrodermal activ-
ity — EDA, etc.) to estimate the levels of CS during the simulation or the
Simulator Sickness Questionnaire (SSQ) scores (Dennison et al., 2016,
2019; Keshavarz et al., 2022). However, these studies (Dennison et al.,
2016, 2019; Keshavarz et al., 2022) found that using the EGG features
alone did not yield significant results, highlighting a notable gap in the re-
search and showing a promising opportunity for future investigations with
demonstrated the potential of the EGG features. Jakus et al. (2022) suc-
cessfully employed ML models to detect the occurrence of nausea, one
of the primary symptoms of CS. This emerging evidence indicates that,
although the application of ML to EGG data for CS detection is still in its
early stages, it could be a promising approach to pair ML with innovative
feature engineering for extracting information of interest. The significant
challenge in applying ML to detect the onset of CS is due to the lack of reli-
able real-time labels required for supervised learning. Labeling is predom-
inantly conducted using questionnaires, which poses limitations for real-
time analysis. The SSQ, widely used as a gold standard for assessing CS,
is administered only before and after a VR experience (Miljkovi¢ & Sodnik,
2023; Merchant & Kirollos, 2022; Tian & Boulic, 2024). While effective in
determining whether CS occurred, the SSQ lacks the temporal resolution
required for training supervised models. To address this, the Fast Motion
Sickness Scale (FMS) has been introduced, as a good substitution due to
the high correlation to the SSQ (Keshavarz & Hecht, 2011), involving par-
ticipants self-reporting their CS levels at regular intervals, typically every
minute (Tian & Boulic, 2024; Merchant & Kirollos, 2022; Dennison et al.,
2016, 2019). Despite its higher temporal resolution, the FMS is subjective
and susceptible to bias, as participants may underreport symptoms to ap-
pear resilient or may delay acknowledging discomfort (Tian & Boulic, 2024;
Merchant & Kirollos, 2022). Considering these challenges, unsupervised
ML emerges as a promising approach for CS detection using the EGG sig-
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nals. By not relying on potentially unreliable or biased labels, unsupervised
methods can detect intrinsic patterns and variations in the data, providing
a more objective and accurate analysis of CS-related changes in gastric
activity (Miljkovi¢ & Sodnik, 2023; Tian & Boulic, 2024). Moreover, an ob-
jective method for assessing CS is crucial for enhancing the widespread
adoption of VR technologies, particularly in military training, where it en-
ables personnel to gain experience in controlled environments that closely
simulate realistic scenarios (Kuhl et al., 1995; Miljkovi¢ & Sodnik, 2023).

This paper proposes the use of discrete wavelet transformation (DWT),
a method well-suited for analyzing non-stationary signals with the ability to
analyze changes in both time and frequency without the necessity of com-
promise imposed by the short-time Fourier transform (STFT) including a
fixed window size leading to a trade-off between time and frequency reso-
lution, poorer localization for non-stationary signals, and less effective han-
dling of rapid signal changes. Wavelet-based features have already shown
promise in identifying disturbances in gastric activity in diabetic patients by
allowing for the decomposition of the EGG signal into components that can
be analyzed with great precision (Tokmakgi, 2007; Kara et al., 2005). To our
knowledge, this is the first paper dealing with CS detection using wavelet
transformation. Through this approach, we seek to contribute to the fields
of defense sciences and VR technologies, offering insights that could en-
hance the efficacy and safety of VR-based military training programs, as
well as other VR applications.

Aim of the study

This paper is an extension of the previous research (Popovi¢, 2021,
Miljkovi¢ et al., 2019; Miljkovi¢ & Sodnik, 2023) which investigated the ap-
plication of the EGG signals for CS detection. The focus of the paper is
on the EGG analysis from a single subject who experienced severe symp-
toms of nausea which led to the cessation of VR experience. The novelty of
the proposed method lies in the adoption of wavelet-based features, which
have already been utilized in the detection of disturbances in EGG signals
in subjects with diabetes (Tokmakgi, 2007; Kara et al., 2005). Also, our
methodology explores the indication of recovery from CS with EGG (here-
inafter stomach recovery) after VR experience and the possible application
of unsupervised ML models to segment signals into two groups (baseline
and CS). In this study, the following research questions are presented:
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1. Can we use wavelet-based features to detect the CS segments of
the EGG recording?

2. Concerning the fact that the three-channel EGG is available for
recording, can we use automatic detection of the most suitable chan-
nel?

3. Given the features observed in EGG, can a subject achieve recovery
following VR exposures in a relatively short break (10 minutes) as
proposed by Popovi¢ (2021) after experiencing CS?

4. Can an unsupervised ML model be used for the recognition of EGG
recording to the baseline and CS segments in the time domain?

Methods and materials

The summary of the proposed methodology is shown using a block di-
agram in Figure 1. The proposed pipeline begins with a statistical compar-
ison of the EGG channels to assess independence and linear correlation.
This is followed by the extraction of features which are subsequently ana-
lyzed to identify reliable indicators of CS segments and recovery segments
by applying appropriate methods for feature extraction and selection. In the
final step, unsupervised segmentation is utilized to divide the signal into two
distinct clusters (CS and recovery), facilitating a clearer understanding of
the data. The feature extraction step is implemented using MATLAB 2023b
(The Mathworks Inc., Natick, USA), while the remaining steps (including
channel comparison, feature selection, CS recovery, and unsupervised ML
segmentation) are implemented in Python 3.9 (Van Rossum & Drake, 1995)
using libraries numpy (Harris et al., 2020) and pandas (McKinney, 2010) for
data manipulation; matplotlib for visualization (Hunter, 2007); scipy for sig-
nal filtering and statistic tests (Virtanen et al., 2020); statsmodels (Seabold
& Perktold, 2010) for the correction of p-value for multiple comparisons,
and scikit-learn for unsupervised ML (Pedregosa et al., 2011).

Dataset and preprocessing

This case study is focused on one female subject who experienced
severe CS symptoms during VR exposure. The subject signed the In-
formed Consent in accordance with the Declaration of Helsinki. The study
is performed in compliance with the Code of Ethics for researchers and
the Guidelines for ethical conduct in research involving people issued by
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Figure 1 — Block diagram of the proposed methodology. cpom — cycle per minute

the University of Ljubljana. A detailed description of hardware and soft-
ware setup that is used in VR-related study is provided by (Miljkovi¢ et al.,
2019). The sampling frequency of the recorded signal is set to 2 Hz and
the gain is set to 1000. The recording process was segmented based on
the participant’s engagement with the VR equipment, encompassing a pre-
VR baseline segment of 8 minutes (B1), the first VR exposure of 4 minutes
(VR1), a 10-minute pause (B2), a second VR session (VR2) planned for 6
minutes and 20 seconds but terminated after 2 minutes due to the emer-
gence of severe CS symptoms, and a final 8-minute post-VR baseline (B3).
VR1 contains Rock Falls VR with an included roller coaster session last-
ing 4 min while VR2 contains a T-Rex Kingdom VR roller coaster session
lasting 6 min and 20 s. (Miljkovi¢ et al., 2019; Popovi¢, 2021; Meta. 2024)

These segments are delineated solely based on the timing of VR equip-
ment usage, which does not exclude the possibility of CS effects manifest-
ing outside VR periods. The signal is filtered using one 5" order bandpass
Butterworth filter to roughly extract the bandwidth of interest for the EGG
signal between 1 and 10 cpm (cycles per minute) respectively (Dennison
etal., 2016; Miljkovic et al., 2019). The filtering is conducted in both forward
and backward directions to achieve zero-phase filtering.

Channel comparison

The EGG is captured using three channels, as outlined in (Miljkovi¢
etal., 2019; Popovi¢, 2021; Gruden et al., 2021). The electrode for channel
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(ch) 1 is located above the stomach’s lesser curvature, an area character-
ized by a lower density of Cajal interstitial cells compared to the pacemaker
region adjacent to the greater curvature, where the electrode for ch3 is po-
sitioned. A common electrode is affixed along the line connecting the navel
to the sternum, 8 cm above the navel. Ch2 electrode is strategically placed
equidistant from ch1 and ch3, ensuring the angles between them are iden-
tical. To prevent potential breathing-induced artifacts, all three electrodes
are positioned 8-9 cm from the common electrode, carefully avoiding place-
ment over the ribs. The reference electrode is secured to the electrically
inactive tissue atop the iliac bone. (Popovic, 2021)

Initially, a Friedman chi-square test is conducted to assess the compa-
rability of samples across the three channels. In case the Friedman test
rejects the null hypothesis, a post-hoc analysis is performed utilizing the
Wilcoxon signed-rank test for pairwise signal comparisons. The calculated
p-values are adjusted for multiple comparisons using Bonferroni’'s correc-
tion method to mitigate the risk of Type | errors setting the threshold of
adjusted p-value on 0.05. Furthermore, to investigate the information that
each channel may provide, the correlation between channel pairs is ex-
plored using Pearson’s coefficient and scatterplots, aiming to deepen our
understanding of the inter-channel relationships in the presence of CS.

Feature selection

Our methodology adopts amplitude- and frequency-based features pro-
posed by the literature (Gruden et al., 2021; Miljkovi¢ et al., 2019; Tian
et al., 2023; Dennison et al., 2016), but instead of extracting frequency
bands using classical filtering or STFT, the use of DWT is proposed. The
detailed description of the features is provided in the subsection on Fea-
ture extraction. This substitution is particularly advantageous for its ability
to provide variable resolution across multiple scales, a feature not available
with the STFT which uses a fixed window size or with classical frequency
band filtering that lacks temporal resolution. This adaptive resolution of
DWT allows for smaller windows at higher frequencies to capture rapid
changes, and larger windows at lower frequencies to better resolve slower
waves. These capabilities make DWT highly suitable for the complex, non-
stationary characteristics of EGG signals in CS detection, offering a more
nuanced analysis by adapting to the varying dynamics of the signal. (Tok-

makgi, 2007; Kara et al., 2005)
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Discrete wavelet transformation

DWT is a mathematical tool utilized for the decomposition of signals
into a hierarchical structure of frequency bands, enabling detailed analy-
sis with localization in both time and frequency domains. It operates by
iteratively applying low-pass and high-pass filters to the samples, thereby
extracting its detail coefficients (from the highpass filter) and approximation
coefficients (from the lowpass filter) at each level of decomposition. The
decomposition process is visualized in Figure 2 where 2| stands for down-
sampling with factor 2 and cd? stands for the detail coefficient of the first
level decomposition.

M. —— highpass
highpass @ cd1

Figure 2 — Block diagram of discrete wavelet transform

The reason for downsampling the signal is to fulfill the sampling
theorem—which mandates that the sampling frequency should be at least
twice the highest frequency in the signal to prevent aliasing and since half
of the samples are removed, the effective sampling rate is reduced in half.
The process continues as many times as the levels of decomposition are
needed. The remaining coefficients, after the j number of decomposition,
are called approximation coefficients and their length as well as the length
of the last detail coefficients are 2j times the length of the original sig-
nal. The adaptability of the DWT coefficients, facilitated by the choice of
wavelet basis functions, allows for the optimization of signal representation,
making it particularly effective for analyzing signals with transient or non-
stationary characteristics. (Akansu & Haddad, 2001; Percival & Walden,
2006; Valens, 1999)
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Feature extraction

Our study is focused on one subject and in order to conduct appropriate
feature selection we augment our dataset by employing feature extraction
on multiple consecutive windows with a length of 60 s and 50% overlap
creating one data interval per window to capture the nuances and char-
acteristics on more stationary parts of the signal. This resulted in 59 data
intervals for the entire signal. The EGG signal is decomposed using the
‘db3’ Daubechies wavelet with three levels of decomposition which results
in three detailed coefficients (cd) and one approximation coefficient (ca)
(Tokmakgi, 2007). Based on the literature review, four types of features
have been identified as appropriate for the analysis:

* root means square (RMS) of the amplitude (Gruden et al., 2021;

Popovi¢ et al., 2019b),

» maximum of PSD (Gruden et al., 2021; Jakus et al., 2022),
* mean of PSD (Tokmakgi, 2007), and

» dominant scale.
The RMS is a standard metric for quantification of amplitude variations in
biomedical signals (Cacioppo et al., 2007). Studies (Popovi¢, 2021; Gru-
den et al., 2021; Jakus et al., 2022) have demonstrated that the onset of
CS is associated with increased gastric activity, characterized by an ele-
vated amplitude. The RMS is employed to quantify this amplitude increase,
facilitating the detection of CS onset. Additionally, it is used to monitor the
recovery of the amplitude to the baseline level, serving as an indicator of the
recovery. The maximum of PSD also referred to as the dominant power,
identifies the highest power concentrated at a specific rhythm (Popovi¢,
2021; Gruden et al., 2021). An increase in the signal amplitude and the
RMS during CS periods is expected to correspond with an increase in the
maximum of PSD, making it a good indicator in distinguishing between
normal and disturbed gastric rhythms. Similarly, the changes in PSD can
be effectively captured by calculating the mean of PSD. CS is associated
with rapid and unstable gastric rhythms (tachygastria) where the stomach
becomes atonic and lacks frequency stability (Kara et al., 2005). Conse-
quently, the PSD spectrum may become more dispersed, lacking a single
dominant peak (Gruden et al., 2021; Dennison et al., 2016; Popovi¢ et al.,
2019b). Therefore, an increase in overall spectral power should be ex-
pected, not just an increase in the dominant power. This highlights the
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complementary nature of the mean PSD to the maximum PSD. As fea-
tures of PSD, both the maximum and the mean PSD are anticipated to
reflect elevated power with the onset of CS and a return to nominal levels
as indicators of recovery, while the mean is more sensitive to changes in
PSD. In addition to magnitude-based measures, the dominant scale is pro-
posed as a feature in the assessment of EGG recordings. The dominant
scale, defined as the scale at which the power PSD of the wavelet coef-
ficients reaches its maximum, is proposed as the DWT counterpart to the
dominant frequency obtained using the STFT analysis. This feature aims
to locate the primary oscillation of smooth muscle cells by identifying the
argument of the maximum PSD at each level of decomposition, effectively
pinpointing the dominant rhythm on the subband. Since the dominant fre-
quency has established itself as a standard feature for detecting the onset
of CS, with stomach activity shifting from normal gastric rhythms to tachy-
gastric bands (Popovi¢, 2021; Gruden et al., 2021; Kim et al., 2005; Tian
et al., 2023), the dominant scale is hypothesized to show similar potential.
It is expected to increase with the onset of CS and return to normal levels
upon recovery.

These features are extracted from the preprocessed signal and all four
coefficients (three cds and one ca) resulting in a total of 20 features. By in-
corporating DWT in the feature extraction process, the emphasis is placed
onits inherent filter bank properties. This approach allows for the decompo-
sition of the original EGG signal into multiple frequency bands and enables
the tracking of changes indicative of CS. The PSD-based features are cal-
culated using MATLAB pwelch function with a 10-sample long Kaiser win-
dow with a 50% overlap and parameter beta of 2.5 which indicate stronger
attenuation of the side lobes. The flexible Kaiser window function is se-
lected as it can be adjusted to provide different transition widths (i.e., sharp-
ness) by choosing the appropriate parameter (beta) to set the trade-off be-
tween the main lobe width and the peak side lobe level (Kaiser & Schafer,
1980; Oppenheim, 2008; Lee & Kuo, 2001). Since a majority of other EGG-
related studies used the von Hann window function (Kara et al., 2005; Tian
et al., 2023; Tokmakgi, 2007), we compared the results for the application
of both the Kaiser and von Hann window. The MATLAB function pwelch is
used to estimate the PSD in the proposed implementation. The scaling fac-
tor inherent in DWT is accounted for by adjusting the signal sampling rate
at each level of decomposition. Starting from the original signal rate, the
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sampling rate is halved at each successive level: beginning at 2 Hz, then
1 Hz for the first level of decomposition, 0.5 Hz for the second level, and
0.25 Hz for the third level. This downsampling is a critical step in utilizing
DWT, as described by Percival & Walden (2006) and Valens (1999). The
dominant scale is determined as the argument of the maximum value of
PSD, reflecting the peak position within the spectral content. Adjusting the
sampling rate at each level ensures that the concept of scale is linked to the
frequency bands of the decomposed signal, effectively bridging these two
key aspects of wavelet analysis (Percival & Walden, 2006; Valens, 1999).

Identifying features appropriate for the detection of CS segments

In this phase of our research, the features from the EGG recordings that
could be indicative of CS are identified. The structure of our case study data
collection alternated between the baseline and VR segments, comprising
three baselines and two VR segments in total. Given the uncertainty re-
garding the subject’s recovery from the initial VR exposure (which will be
investigated later), our analysis for CS detection is deliberately confined to
B1 and VR1 segments. According to the timeline detailed in a protocol pro-
posed by Popovi¢ (2021), the initial baseline segment spanned 8 minutes,
followed by a 4-minute VR session. The feature extraction methodology in-
volved using overlapping windows to generate a single data interval, which
is then categorized into the corresponding segment (baseline or VR) based
on the majority of the windows duration.

To discern features that significantly differentiate between the B1 and
VR1 segments, the non-parametric Mann-Whitney U test is employed.
Given the nature of the problem, which involves comparing data intervals
before and after an event (the start of VR1), a statistical test designed for
repeated measurements would be more suitable. However, because the
number of data intervals in the two groups is not equal, the Mann-Whitney
test was initially used. To confirm these findings, the analysis also utilizes
the Wilcoxon signed-rank test, which is appropriate for repeated measures
(McKnight & Najab, 2010; Woolson, 2005), and equalizes the number of
samples by excluding the first few data intervals from B1 to match the num-
ber of intervals in VR1. This approach allowed us to validate the robustness
of our feature selection while addressing the constraints of unequal sam-
ple sizes. The Bonferroni correction is applied to adjust the p-values to
avoid Type | error and set a threshold for adjusted (adjusted) p-values at
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0.05. This statistical rigor ensures the reliability of our findings, highlight-
ing features with a genuine association with CS, thereby advancing our
understanding of its detection through EGG signals. Further steps of the
proposed pipeline are conducted using only statistically significant features
determined in this step.

EGG recovery after the VR experience

A notable methodological variation introduced by Popovi¢ (2021) in the
study design was the scheduling of both VR sessions on the same day, di-
verging from the approaches of Miljkovi¢ et al. (2019) and Tian et al. (2023),
which spaced the multiple with at least one day apart. Despite incorporat-
ing a 10-minute pause between the VR sessions, this adjustment prompts
an inquiry into whether the stomach smooth muscles fully recovered and
whether the data interval distribution during B2 mirrors that of B1. The com-
parative analysis is conducted by assessing each data interval from B2.
This involved assessing whether each feature fell within the 5" and 95"
quantiles of the distribution observed in B1. For a data interval to be con-
sidered as part of a distribution B1, it is determined that at least two-thirds
of its features must reside within the specified quantile range. Such an
analysis is pivotal for validating the consistency of the subject’s response
across sessions and for reinforcing the reliability of the data collected after
VR1.

Unsupervised segmentation of the EGG signal

This step in our methodology employs unsupervised ML for the seg-
mentation of data intervals into two clusters: baseline and VR. Due to the
study retrospective nature and the absence of real-time CS labels, unsu-
pervised learning was selected as an appropriate approach. This applica-
tion aims to complement the statistical analysis provided in the previous
step where the degree of recovery of each data interval is tested. Em-
ploying ML aims to explore whether data intervals across the three base-
line segments naturally group together and whether the data intervals from
both VR sessions exhibit similar patterns, potentially clustering them into a
single, unified group.

For this task, the KMeans model is selected, known for simplicity and
efficiency while assigning data in two clusters. The model decides based
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on the predefined number of centroids (in our case two: baseline and VR)
and iteratively assigning each interval to a specific centroid to minimize the
inertia, which is defined as the mean squared distance between each sam-
ple and its closest centroid. One of the drawbacks of the KMeans is the
sensitivity in the initialization of centroids, which is overcome using mul-
tiple initializations (setting n_init to a default value of 10) (Géron, 2022;
Pedregosa et al., 2011). This ensures that the algorithm is independently
initialized 10 times, with each run starting from a different set of initial cen-
troids. The final model is automatically selected based on the inertia, with
the KMeans class retaining the model with the lowest inertia after all 10
runs. (Géron, 2022; Pedregosa et al., 2011)

Results

The Friedman’s chi-square test reveals a significant difference between
the samples originating from three channels, yielding a chi-square value
of 9.30 and a p-value of approximately 0.01. The subsequent post-hoc
analysis, detailed in Table 1 and conducted using the Wilcoxon signed-
rank test indicates no significant differences between the samples across
multiple channels.

Table 1 — Results of the post-hoc test (Wilcoxon signed rank test) are conducted
after the Friedman test. The table shows the p-value, the adjusted p-value, and
whether the null hypothesis is rejected

Pairs of channels (ch) | p-value | adjusted p-value | Rejected null hypothesis
ch1 vs. ch2 0.076 0.229 False
ch2 vs. ch3 0.767 1.000 False
ch1vs. ch3 0.888 1.000 False

The relationship between the channels is further investigated using the
Pearson correlation coefficient and scatter plots of pairs of signals. The
Pearson correlation coefficients between channels are 0.63, 0.33, and 0.13
forch1vs. ch2, ch2vs. ch3, and ch1vs. ch3, respectively. The scatterplots
of pairs of signals are presented in Figure 3.

A crucial aspect of our methodology involves identifying features that
effectively distinguish between B1 and VR1 segments. The feature selec-
tion process is conducted in two scenarios. The first scenario used only
the features from ch1 due to its position, which is least prone to noise, as
suggested by Miljkovi¢ et al. (2019) and Popovic¢ et al. (2019b). In the sec-
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Figure 3 — Scatter plot of the pairs of the signal channels

ond scenario, combined features from ch1 and ch3 are used because ch3
has a low correlation with ch1 (0.13), indicating potential and additional
valuable information, even though the analysis using the Wilcoxon signed-
rank test showed no significant differences between the samples across
multiple channels. To achieve this, the Mann-Whitney test is employed for
feature selection, with the outcomes of this evaluation presented in Table
2. Additionally, the statistical analysis is performed on the features from
both ch1 and ch3 and the results are presented in Table 3. The features
demonstrating statistical significance, indicated by an adjusted p-value of
less than 0.05, are highlighted in bold. Moreover, the results of feature
selection using the Wilcoxon signed-rank test, conducted on the features
from ch1 alone, as well as the combination of ch1 and ch3, confirm the find-
ings of the Mann-Whitney test, with all features, except the features based
on the dominant scale, showing statistically significant differences between
B1 and VR1. Consequently, based on the results from Table 2 and Table
3, which indicate no significant difference in the selected features distin-
guishing between B1 and VR1 using either only features from ch1 or the
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combined use of ch1 and ch3, a further analysis was carried out using only
the features from ch1, as proposed by Miljkovi¢ et al. (2019) and Popovi¢
et al. (2019b).

Table 2 — Results of feature selection using statistical tests conducted on channel
1. The Table shows the feature name, the p-value, and the adjusted p-value. The
statistically significant features that could be used to discriminate between
baseline and VR are marked in bold.

Feature Decomposition level | p-value | Adjusted p-value

processed signal <0.001 0.007

cd1 <0.001 0.002

RMS amplitude value cd2 <0.001 0.002
cd3 <0.001 0.004

ca3 <0.001 0.010

processed signal <0.001 0.007

cd1 <0.001 0.001
Max value of PSD cd2 <0.001 <0.001
cd3 <0.001 <0.001

ca3 <0.001 0.002

processed signal <0.001 0.007

cd1 <0.001 0.001
Mean value of PSD cd2 <0.001 <0.001
cd3 <0.001 <0.001

ca3 <0.001 0.002

processed signal 1.000 1.000

cd1 0.138 1.000

Dominant Scale of PSD cd2 0.098 1.000
cd3 0.176 1.000

ca3 0.532 1.000

Through the analysis comparing each of the 19 data intervals from B2
against the distribution derived from B1, it is determined that only 5 data
intervals from B2 could be considered recovered. The recovery process
after VR1 is visually represented in Figure 4, where the data intervals with
recovered muscle cells are indicated with the orange color. Specifically,
the 6, 71, 17! 18" and 19" intervals from B2 show similarity with the
distribution of B1. Based on Figure 4, the 6t and 7t data intervals corre-
spond to time between 2 minutes and 30 s and 3 minutes and 30 s after
VR1 stopped. However, since the 6" and 7™ intervals are followed by in-
tervals that do not meet the recovery criteria (i.e. show similarity with the
distribution of B1) then the 6" and 7' intervals are considered transient or
outliers and are thus not indicative of a stable state. The 17" interval could
be considered the first which resembles the distribution of B1 and from the
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Table 3 — The results of feature selection using statistical tests conducted on
features integrated from channels 1 and 3. The Table shows the feature name,
p-value, and adjusted p-value. The statistically significant features that could be
used to discriminate between baseline and VR are marked in bold.

Feature Decomposition level | p-value | Adjusted p-value
processed signal <0.001 <0.001
cd1 <0.001 <0.001
RMS amplitude value cd2 <0.001 <0.001
cd3 <0.001 <0.001
ca3 <0.001 <0.001
processed signal <0.001 <0.001
cd1 <0.001 <0.001
Max value of PSD cd? <0.001 <0.001
cd3 <0.001 <0.001
ca3 <0.001 <0.001
processed signal <0.001 <0.001
cd1 <0.001 <0.001
Mean value of PSD cd? <0.001 <0.001
cd3 <0.001 <0.001
ca3 <0.001 <0.001
processed signal 1.000 1.000
cd1 0.072 1.000
Dominant Scale of PSD cd2 0.035 0.713
cd3 0.095 1.000
ca3 0.472 1.000

17" to the 19" data intervals it can be assumed that the muscle cells of
the stomach are recovered. Based on this finding, as well on Figure 4, it is
assumed that the recovery is completed 8 minutes after VR1 stopped.
The last step in our pipeline is unsupervised segmentation of the EGG
signal. The overlapped windows for the extraction of features resulted in
59 data intervals. The models divide 47 intervals in the first cluster and 12
intervals in the second cluster. The visual representation of the clustering
results is shown in Figure 5 using different colors. The majority cluster, con-
taining 47 data intervals, is not marked with color, while the intervals that
belong to the minority cluster are colored in orange. Since overlapping win-
dows are used, in cases where two consecutive and overlapped windows
are clustered in two different groups, it is considered to be the transition
between the states and that part of the signal is colored in wheat (light or-
ange). According to the clusterization results, 25% of VR1 are categorized
under the VR segment, while 50% of data intervals originating from VR2
are grouped as VR segments. Based on Figure 5, during VR1 the initial
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Figure 4 — Visual representation of the recovery process after the first VR
experience. The light brown color indicates the recovered data intervals, while
the blue color indicates the VR experience.

cluster identified as CS is likely due to movement artifacts from mounting
the VR headset or to the emotional response to VR (Cacioppo et al., 2007),
which were captured by the EGG signals and misclassified by the model.
Notably, the latter part of VR1 did not form a distinct CS cluster, possibly
because the CS symptoms were milder compared to the severe symptoms
experienced during VR2 that led to the session termination. These obser-
vations highlight the models sensitivity to both physiological artifacts, emo-
tional response and varying intensities of CS symptoms. These clusters
were identified through unsupervised learning applied to the EGG signals,
with no real-time feedback from the participants. The model segmented
the data solely based on the distribution within the feature set, uncovering
intrinsic patterns potentially associated with CS.
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Figure 5 — Visual representation of the results of clustering using the KMeans
model with appropriate segments. The data intervals belonging to the window
associated with the majority cluster are not colored, while the data intervals
associated with the minority cluster are colored in orange. The part of the signal
with transitions between two states is colored in wheat (light orange).

The results of the proposed methodology are compared between the
features extracted using both the Kaiser window, with its adjustable beta
parameter allowing for tailored transition widths, and the commonly used
von Hann window (Kara et al., 2005; Tian et al., 2023; Tokmakgi, 2007).
The comparative analysis demonstrated that the choice of windowing
method did not affect any of the study results or contributions. Specifically,
there were no differences in the number of significant features identified,
the recovery time following the VR exposure, or the clustering outcomes
of the data intervals using ML, regardless of which windowing method was
employed.

Discussion

The channel comparison analysis is important for subsequent steps in
methodology as statistically significant differences between the channels
suggest that each can offer unique and additive information apart from
the already used time delay between array recordings of the EGG signal
(O’Grady et al., 2010, 2018; Miljkovi¢ et al., 2023). Conversely, if no sig-
nificant differences are found, it may be possible to conduct the record-
ing process by reducing the number of channels used, thereby minimizing
the complexity of the setup through fewer wires and electrodes. Certainly,
this approach relies on dedicated protocols and signal processing. For
instance: to compare dominant frequencies in post-prandial and fasting
states one channel carries information of interest (Popovi¢ et al., 2019a;
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Popovi¢, 2021). However, to the best of our knowledge, this is the first
time to explore channel information content in terms of CS detection from
EGG signals. From the analysis of the results provided in Table 1, it can
be seen that even though the Friedman test shows a difference between
channels the post-hoc shows no significant difference during pairwise com-
parison. It can also be remarked that the lowest adjusted p-value (0.23) is
calculated by comparing ch1 and ch2, while for the other two comparisons,
the p-value shows a maximum value (1.00). Recording multiple channels
does not always provide new information, but investigating the linear rela-
tionship between channels seems more interesting. The strongest linear
correlation observed between ch1 and ch2 (0.63) points out to some level
of linear relationship, whereas the correlations between ch2 and ch3, and
ch1 and ch3, suggest minimum to no linear relationship. Contrary to these
numerical findings, the visual analysis presented in Figure 3 does not high-
light such pronounced differences between channel pairs as suggested by
the Pearson coefficients. Also, it can be noticed that all three coefficients
are positive which is explained by the direction of the recording vectors
described by (Popovi¢, 2021; Miljkovi¢ et al., 2019). Our analysis, which
primarily utilized ch1 for assessing CS, aligns with the support found in
the relevant literature (Miljkovi¢ et al., 2019). However, our examination
of statistical tests reveals no significant difference between the channels,
suggesting they may derive from the same distribution and thus not neces-
sitate additional processing. Despite this, ch1 has shown promising results
(Miljkovi¢ et al., 2019), affirming its retention for further analysis. Mean-
while, ch2, because of its moderate correlation with ch1 (0.63), does not
emerge as a strong candidate due to its similarity. On the contrary, ch3, dis-
playing a low correlation with ch1 (0.13), indicates a divergence that could
be beneficial. Thus, the feature selection is also performed on the features
combined from both ch1 and ch3 and presented in Table 3 and it could be
observed that the combined use of these channels not only supports but
also strengthens the outcomes achieved using ch1 alone. Since the results
of the test for independent measurements (Mann-Whitney) are shown in
Table 3, the analysis is repeated using the test for repeated measurements
(Wilcoxon signed-rank). As no difference in the selected features is found
when combining features derived from ch1 and ch3, further analysis is con-
ducted using only ch1, as suggested by Miljkovi¢ et al. (2019). Although
there is no unanimous recommendation for the selection of EGG channels,
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guided visual observation and manual corrections remain the gold standard
for evaluating EGG recordings (Jakus et al., 2022; Gruden et al., 2021;
Popovi¢ et al., 2019b). While multiple channels can enhance reliability and
provide additional information, selecting a single channel offers simplicity
in both hardware and processing pipelines. Therefore, ch1 is selected for
further analysis to align with previous research (Miljkovi¢ et al., 2019). A
more in-depth analysis of channel selection for CS detection, similar to that
proposed by Popovi¢ et al. (2019), should be considered in future studies.

During the identification of the features effective for CS detection, our
analysis exclusively compares data from B1 and VR1. This comparison
strategy ensures that the B1 features are free from any influence of pre-
vious VR sessions, confirming that the stomach smooth muscles are in
a completely recovered state. It also guarantees that the responses ob-
served during the initial VR exposure are solely due to that particular VR
experience, without interference from past exposures. The use of an am-
plitude seems a good choice as based on the literature the amplitude vari-
ations could be used as a short-term indicator of CS (Gruden et al., 2021)
and the use of RMS on all decomposition levels proves to be a suitable CS
marker. Likewise, in the frequency domain, the normal electrical rhythm of
stomach smooth muscles, typically ranging between 2 cpm and 4 cpm, pro-
vides a baseline against which deviations can be measured. Disruptions
in this rhythm manifest as either slow gastric waves - bradygastria (1-2
cpm) or rapid gastric waves - tachygastria (4-10 cpm), with each offering
distinct markers for CS. The published literature confirms that extracting
PSD on frequency bands that correspond to bradygastria and tachygas-
tria and monitoring their changes in time could be used to detect changes
in EGG that originated from the onset of CS (Miljkovi¢ et al., 2019; Tian
et al., 2023; Dennison et al., 2016). However, statistical analysis reveals
that all features extracted from PSD, except the dominant scale, across all
wavelet coefficients, serve as a reliable indicator for CS in our study. This
finding diverges from the existing literature (Gruden et al., 2021; Miljkovi¢
et al., 2019; Tian et al., 2023; Popovic¢ et al., 2019b), where the dominant
frequency is strongly correlated with CS. Since the dominant scale is in-
spired by this well-established metric, it is expected to be a strong indicator
of CS onset, showing that further research is necessary. Conversely, all
other examined features demonstrate significant statistical differences (p-
value < 0.010) between the B1 and VR1 samples. This uniform significance
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across all wavelet coefficients for the remaining features suggests that ex-
ploring more decomposition levels could be a promising direction for future
research. Consequently, the features related to the dominant scale are ex-
cluded from subsequent analyses, with the focus shifting to those features
that show statistical significance.

As explained in both methodology and the discussion regarding feature
selection, the changes in the protocol which included multiple VR experi-
ences on the same day raise a question of whether the smooth muscles of
the stomach had enough time to recover from CS and not corrupt further
experiment. The results indicate that 5 data intervals of B2 meet the condi-
tions and can be considered to be the part of B1 distribution. The majority
of the B2 segment is considered to be still corrupted by the disturbances
and it can be only assumed that the stomach recovery was completed ap-
proximation 8 minutes after VR1 cessation. This also indicates a good
assumption when conducting feature selection only on B1 and VR1 and
that selection involving remaining segments could compromise findings.
Although these findings suggest that there is a necessity for longer pauses
than 10 minutes to assess if recovery is indeed completed after 8 minutes
or if it is mandatory to have longer pauses as proposed by Miljkovic et al.
(2019) and Tian et al. (2023) further research on a larger group of subjects
with the same protocol is required, including multiple VR experiences in the
same day, but longer pauses within to confirm our claims.

The final step in our methodology is the development of an ML model
to discern between two predefined clusters (baseline and VR), due to the
absence of labels. Considering that accurately labeling CS symptoms in
real-time is challenging due to the lack of reliable methods for real-time
detection, unsupervised learning is advocated as a step toward objective
estimation of CS symptoms. Assessments typically rely on pre- and post-
experience questionnaires like the SSQ, which do not provide the tempo-
ral resolution necessary for precise labeling during EGG recording (Tian
& Boulic, 2024; Merchant & Kirollos, 2022). While self-reporting scales
such as the Fast Motion Sickness Scale (FMS) have been proposed (Den-
nison et al., 2016, 2019; Merchant & Kirollos, 2022; Tian & Boulic, 2024),
these methods are subjective and can introduce bias, as frequent interrup-
tions may disrupt participants’ concentration and potentially influence the
onset of CS. Considering these limitations, the potential of unsupervised
ML emerges as a significant advantage. Unsupervised approaches can
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detect intrinsic patterns and variations in EGG signals without relying on
potentially unreliable or biased labels, offering a more objective and accu-
rate analysis of CS-related changes in gastric activity. The KMeans model
is used to group data intervals in two clusters. From Figure 5 it can be
seen that the VR1 segment is considered to be baseline or transient where
only one data interval at the beginning of VR1 is grouped as actual VR. In
the case of VR2, it can be observed that data intervals belong to VR with
transient and CS intervals. The weak link observed between the clusters
and VR segments can be attributed to initial assumptions regarding the re-
lationship between CS and VR exposure that require reevaluation. Firstly,
it is assumed that the data intervals extracted from the EGG signals would
naturally cluster into two distinct groups: baseline and CS. However, our
findings suggest that CS manifests in a more nuanced and gradual manner,
lacking clear-cut boundaries the states. Future research should explore the
possibility of using more than two clusters with the idea of extracting mul-
tiple levels of CS or the utilization of different unsupervised models (such
as Density-Based Spatial Clustering of Applications with Noise - DBSCAN)
which does not predefine the number of clusters (Géron, 2022). Secondly,
it is assumed that CS symptoms would be confined to the duration of VR
exposure. Contrary to this assumption, studies have shown that CS symp-
toms can take several minutes to develop after the onset of VR exposure
(e.g., approximately 3 minutes during video-watching tasks) and can persist
long after the VR experience has ended, sometimes lasting up to several
days depending on the individual’s susceptibility (Isu et al., 2014; Tian et al.,
2023). In our study, it is observed that the feature set distribution from B2
began to resemble B1 only eight minutes after the VR1 session concluded.
This delay underscores the extended impact of CS beyond the VR ses-
sion itself, suggesting that CS is not strictly bounded by VR experience.
Nevertheless, this step shows promising and interesting results regarding
stomach recovery and automatic CS detection in EGG signals.

In examining the MLs role in CS detection, the literature review high-
lights two approaches: the utilization of EEG features as a sole indica-
tor, and the multimodal approach consisting of a combination of features
extracted from physiological and behavioral signals including ECG, EGG,
posture, EDA, etc. (Yang et al., 2022; Keshavarz et al., 2022). A com-
mon objective in these studies is the prediction of CS severity, typically
determined through the SSQ (before and/or after the simulation) or ver-
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bal estimations of symptoms during the simulation. While EGG features
have not been widely recognized as standalone indicators for CS or nau-
sea, recent studies integrating EGG in multimodal ML models have yielded
substantial accuracy. Keshavarz et al. (2022) developed a multimodal ML
model for real-time estimation of visually induced MS (which is a synonym
for CS) and the classification of subjects whether they experience sickness
or not during the simulation. This approach uses EGG features as an in-
dicator but concludes that EGG features alone showed only a weak link
with the majority of CS measurements. Similarly, Dennison et al. (2019)
shows that a model based only on EGG achieved an accuracy of 48% for
multiclass classification of symptoms during the simulation, but in combi-
nation with different features achieved an accuracy of 95%. In our opinion,
nausea as one of the most specific symptoms of CS is inherently linked
to the smooth muscles of the stomach, which EGG directly captures. This
connection underpins our hypothesis that EGG data harbors valuable in-
sights into nausea and CS manifestations. Supporting this notion is the
study conducted by Jakus et al. (2022), which reports an 88% accuracy
rate in nausea detection, proving the premise that with innovative and cre-
ative feature engineering, EGG can indeed serve as a reliable source of
information for CS assessment. All available ML-based research reports
used label information about CS and trained their model in a supervised
manner with reliable evaluation metrics. Conversely, an unsupervised ML
approach is employed for segmentation and the direct comparison with the
established literature could not be performed due to the lack of evaluation
metrics. Future research should not only expand the participant pool but
also enable a robust comparative analysis with our work and validate the
findings.

Contribution of the study

Our study, which focuses on a single participant and employed an inno-
vative protocol using EGG recordings to explore CS during VR sessions,
yields insights into the initial research questions:

1. Itis found that traditional and wavelet-based features effectively indi-
cate CS segments within the signal. However, features related to the
dominant scale do not demonstrate significant differences, neither in
the signal nor in the wavelet coefficients.

102



2. Statistical tests reveal no significant differences across channels.

Additionally, the Pearson correlation coefficients indicate a medium
linear correlation between ch1 and ch2, while the remaining two co-
efficients achieve low to no linear correlation.

3. The unsupervised ML model shows promising results in detecting the

segments of the signal affected by the CS.

An additional contribution of our study is the finding that the choice be-
tween the Kaiser and von Hann window functions did not significantly im-
pact the identification of significant features, the recovery patterns following
VR1, or the segmentation outcomes in CS detection using machine learn-
ing methods.

Limitations of the study

We recognize the following limitations and propose directions for future
research:

1.

Although this study offers valuable preliminary findings, it is based on
a single case study which may limit the generalizability of our findings
due to potential individual differences in anatomical, physiological,
or psychological characteristics. Future research with a larger study
group is necessary to confirm these findings, enabling robust statis-
tical analyses that can clarify trends and minimize the possibility of
misleading results caused by individual variability.

. Wavelet-based features are proved to be important parameters in

the detection of CS and further exploration of different wavelets apart
from Daubechies and different levels of decomposition may be con-
sidered for future research.

This paper only investigates linear correlations between different
channels of EGG, but appropriate analysis to reveal potential non-
linear relations could be explored in the future.

. The extension of the feature set (e.g., entropy, crest factor as well as

max, mean, and min values of each DWT coefficient) Miljkovic et al.
(2019); Jakus et al. (2022); Tokmakgi (2007) could be investigated
for CS detection.

The weak link between the clusters and VR segments (25% for VR1
and 50% for VR2) suggests that data intervals could not be natu-
rally clustered into two distinct groups (baseline and CS), as well as
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that CS symptoms would be confined to the duration of VR expo-
sure, highlighting the need for improved evaluation of clustering and
determination of cluster number in future research.

6. The more compelling comparative analysis of unsupervised models,
including ones without the predefined number of clusters such as
DBSCAN, could be included in future work as well as different ap-
propriate metrics for clusterization analysis.

7. The duration of the segments used in this study is relatively short.
It should be noted that for EGG measurements it is typically recom-
mended to measure 15 minutes or more (Stern et al., 1987; Parkman
et al., 2003). On the other hand, our approach enables quasi-real-
time analysis, which is not feasible with protocols that involve rela-
tively long signal measurements. In support of our approach, the de-
tection of sickness onset can be performed almost immediately with
the application of amplitude threshold in the time domain (Gruden
et al., 2021).

8. This research only explored two window functions (Kaiser and von
Hann), and future studies should expand the investigation by exam-
ining how different window function selections influence the feature
extraction process in EGG signal analysis.

Conclusion

Our investigation into CS through EGG recordings during VR sessions,
despite being conducted with a single participant and employing a non-
traditional protocol, has yielded significant insights. The statistical analyses
reveal no significant differences between channels, suggesting uniformity
in the EGG signal response to CS across different recordings. Meanwhile,
the correlation analysis reveals a moderate linear correlation (0.63) be-
tween ch1 and ch2, whereas the other two pairs exhibit low to negligible
linear correlation. It is found that the RMS of the EGG amplitude, the maxi-
mum value of PSD, and the mean value of PSD across all DWT coefficients
could be used for the detection of CS resulting in 15 significant features.
The observations of stomach recovery are evident 8 minutes after the VR
experience confirming no necessity for longer pauses between VR experi-
ences. Lastly, the application of an unsupervised ML model demonstrates
potential in identifying CS-affected signal segments, indicating a fruitful di-
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rection for future research involving a broader exploration of unsupervised
ML techniques in this context.

Statement

During the preparation of this work, the author(s) used GPT4 (ChatGPT)
in order to improve readability and language. After using this tool/service,
the author(s) reviewed and edited the content as needed and take(s) full
responsibility for the content of the publication.
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Resumen:

Introduccién/objetivo: La aplicacion de tecnologias de realidad
virtual (RV) y simulacién en el entrenamiento militar ofrece un
enfoque rentable y versatil para mejorar el entrenamiento. Sin
embargo, la prevalencia de la ciberenfermedad (CS), caracteri-
zada por sinfomas como néauseas, limita su uso generalizado.

Métodos: Este estudio introduce parametros objetivos para la
deteccién de CS utilizando el registro de electrogastrograma
(EGG) de tres canales de un sujeto especifico y evalua la in-
dependencia y correlacion lineal para la seleccion apropiada del
canal. El articulo emplea una transformacion wavelet discreta
de 3 niveles (DWT) en el canal elegido para identificar parame-
tros clave indicativos de trastornos gastricos. Ademas, el articu-
lo investiga la recuperacion de CS después de VR y examina la
aplicacion de aprendizaje automatico (ML) no supervisado para
segmentar EGG en linea base y CS, utilizando caracteristicas
significativas identificadas previamente.

Resultados: El anélisis no revela diferencias significativas entre
los canales EGG y una correlacién lineal moderada a baja en-
tre pares de canales. La seleccion de caracteristicas demuestra
que la raiz cuadrada media de la amplitud, asi como los valores
maximos y medios de la densidad espectral de potencia (PSD)
calculados en todos los coeficientes DWT son efectivos para la
deteccion de CS, mientras que la escala EGG dominante no pu-
do indicar CS para ningun nivel de descomposicién. Ademas,
los signos de recuperacion aparecen aproximadamente 8 minu-
tos después de la primera experiencia de VR, lo que respalda
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la idea de realizar multiples sesiones el mismo dia, es decir, un
entrenamiento intensivo basado en VR.

Conclusion: EI ML no supervisado muestra potencial en la iden-
tificacion de segmentos de sefiales EGG afectados por CS con
extraccion de caracteristicas basada en DWT, ofreciendo un en-
foque novedoso para mejorar la prevencién de la aparicion de
CS en el entrenamiento militar basado en VR y otros entornos
relacionados con VR.

Palabras claves: ciberenfermedad, transformada wavelet dis-
creta, electrogastrografia (EGG), seleccién de caracteristicas,
aprendizaje automatico, entrenamiento militar, densidad espec-
tral de potencia, realidad virtual.
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B[O CTATbW: opurnHanbHas Hay4Hasi cTaTbs

Pesrome:

Beederue/uyens: lNpumeHeHue supmyarsnsHoUl peansHocmu (BP)
U cumynamopos obecriedusaem 3KOHOMUYHbLIU U UHMyumue-
HO MOHAMHbIU nodxod k 6oeeoli nodzomoseke. OOHaKoO u3-3a
MOWwHOMbI, 803HUKarowel 8 npouecce ydeHul Ha CUMYSMo-
pe (cumnmombi mowHomsi — CT), ogpaHu4usaem ux e bosnee
WUPOKOM rpUMeHeHUU.

MemoOdni: B daHHoM uccriedoeaHuu rpedcmassieHbl 06bekmue-
Hbie napamempbl 0bHapyxeHusi CT ¢ ucnonb308aHUEM MpPeEXKa-
HarnbHoU anekmpoaacmpoepammsi (3IT), 3anucaHHOU y 00HO20
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pecrnoHOeHma, a makxe oueHeHa He3asucuMocmb U fUHelHasi
Koppensyus O coomeemcmeytowe2o 8bibopa 00HO20 KaHarna.
B cmambe k ebibpaHHoMy kaHarny Ol npumeHsiniocb duckpem-
Hoe gelisriem-npeobpasosaHue (LBl1) c mpemsi yposHsiMU C ye-
IO 8bISIBNEHUS KITH0HEBbIX 0COBeHHOCMel, yKasbigaroWUux Ha
OucpyHKkyuto xeryOka. Momumo mozo, 8 xode uccredosaHusi
oyeHusasnock soccmaHoerneHue rocne CM, 8bl38aHHbIX UCMOIb-
308aHuUemM BP, u aHanu3upoeasiocb rnpuMeHeHUe HEKOHMPOIIU-
pyemo20 mawiuHHoz2o obydeHusi (MO) dnsi ceameHmauuu Ol Ha
ba3o08bili ceameHm u ceameHm 80 gpemsi CT, ucronb3ysi 8axHbie
0co0beHHOCMU, 8bISIBIIEHHbIE paHee.

Pesynbmamel: [posedeHHbIlU aHanu3 He 8biS8usT CyWecmeeH-
HbIX pasnuyul mexdy mpems kaHanamu ST, OdHako bbina ebl-
s1erieHa fuHeliHas Koppenayusi (om ymepeHHOU K HU3KOU) MexX-
Oy napamu KaHarnos. Bbibop npusHakos deMOHcmpupyem, 4mo
cpedHekeadpamuyHoOe 3HayeHue amrnumyobl, a makxe Mak-
cumarsibHoe U cpelHee 3Ha4deHUsi criekmparsrbHOU MIomHocmu
mowHocmu (Cl1IM), paccdyumaHHbie no ecem KoaghgbuyueHmam
[ABI1, agbcbekmueHbl dnsi obHapyxxeHuss CT, 8 mo epemsi Kak
domuHupyrowas wkana Ol He moxem ykasbieamb CT HU Ha
00HOM yposHe Oekomrosuyuu. [lomumo moeo, npu3Haku eoc-
CmaHoB/1eHUs MPOSBIAIOMCS NMPUMEPHO Yepe3 8 MuHym rnocirie
repe8o2o ucnonbL308aHuUsi sUpMyarbHOU pearbHOCMU, 4mo noo-
meepxdaem udeto 0 rnposedeHUU HECKObLKUX ceaHcos obyye-
HUs1 8 00UH U mom Xe OeHb, M.e. UHMEHCUBHbIE y4eHUs 8 cpede
supmyarsbHOU peaslbHOCMU 803MOXHbI.

Bbig00s!1: lNpumeHeHue HekoHmponupyemozo MO moxem udeH-
mucgbuyuposame ceameHmsl AT eo epems CT ¢ useneyeHu-
em yHKUul Ha ocHoeaHuu [BI1, npednazasi HO8bIl M00X00 K
npedomepaweHuto CT e 6oeeol nodzomoeke 8 cpede supmy-
anbHoU peanbHOCMU, a makxe 8 dpyaux cpedax, C8si3aHHbIX C
mexHosozauel BP.

Knrowesble criosa:  kubepbonesHb, OuckpemHoe eelisriem-
rnpeobpasosaHue, anekmpoaacmpozpaghusi (3IT), ebibop npu-
3HaKo8, MawuHHOe O0by4eHue, B80eHHasi Mod20moeKa, CrieK-
mparnbHas MIoOmHOCMb MOWHOCMU, eupmyarnbHasi peasb-
HOCMb.
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HeTtekumja cumntoma nsassaHux kopuwherwem crumynatopa
3acHOBaHa Ha enekTporacTporpacCkoM curHany y3 npumeHy
OVNCKpeTHe TpaHcdopmauwmje Tanacuhrma n malMHCKor
yyewa: cTyguja crny4aja

Unuja B. TaHackoBuh®®, ayTop 3a npenucky, Hernad b. Monosuh?,
Jaka J. CogHuk®, Cawo J. Tomaxuny®, Haduya C. MurbkoBuh?®
@ YHuBepauTeT y Beorpagy, EnektpotexHuyku dakynTer,
Beorpag, Penybnuka Cpbuja
5 NcTpaxnBayko-pas3BojHM MHCTUTYT 3a BeLUTauKy MHTENUreHLujy,
Hosu Capg, Peny6nuka Cpbuja

® YHuBep3auTeT y JbybrbaHu, EnektpotexHuyku dakynTer,
JbybrbaHa, Penybnvka CrnoBeHuja

OBJIACT: enekTpoHuka, MH(OPMaLMOHe TeXHoMoruje
KATEFOPWJA (TUIM) YUNAHKA: opuruHanHu Hay4Hu pag

Caxxemak:

Yeood/uurs: lNpumeHa supmyenHe peanHocmu (BP) u cumyna-
mopa npyxa ucrnaamue U UHmyumueaH rnpucmyri 80jHOj 0byyu.
Mehymum, moayhHocm riojase My4YHUHe, Koja je usa3saHa Kopu-
wherem cumynamopa (cumrnmoma my4yHuHe — CM), ogpaHuya-
8a HUX08Y LWIUPY MPUMEHY.

Memode: Oso ucmpaxusare yeodu objekmusHe rnapamempe
3a O0emekuyujy CM, kopuwherem mpokaHarnHoe efiekmpoea-
cmpoepama (EIT) cHuM/beHoz Ha jeOHOM ucrnumaxuky, u rpo-
Ueryje He3agUCHOCM U JIUHeapHy Kopernayujy 3a oOzoeapajyhu
u3bop jedHoe kaHana. lMpumerseHa je duckpemHa mpaHcgop-
mayuja manacuhuma ([TT) ca mpu Hugoa Ha uzabpaHu EIlT ka-
Harn, kako bu ce udeHmucgbukoegarsna Kiby4yHa obernexja Koja yka-
3yjy Ha nopemehaj pada xenyua. [loped moea, esanyupaH je
oropaeak HakoH CM, Hacmao ycned kopuwhera BP, a aHanu-
3upaHa je u rnpumeHa MawuHckoa yyera (MY) 6e3 Hadznedara
3a ceameHmauujy EINT Ha 0CHOBHU ceaMeHmM U ceaMeHm MOoKOM
CM, kopuwherem npemxodHo udeHmughukosaHux obernexja 00
3Havaja.

Pesynmamu u duckycuja: AHanusa rokasyje 0a Hema 3Hayaj-
Hux pa3anuka usmehy mpu EIlT kaHana, kao u ymepeHy 00 HUCKY
JNluHeapHy Kopenauyujy usmeRy naposa kaHana. M136op obenex-
ja cyeepuwe da ce npumMeHoM cpelre KgadpamHe apedHocmu
amnnumyde, Kao U MakcuMarsiHe U npocevyHe 8pedHOCMU CrieK-
mparsnHe eycmuHe cHaze (CIC), uspadyHame Ha ceum JTT koe-
uyujeHmuma, ycriewHo demekmyje CM, Aok npumeHa Aomu-

113

. pp.79-114

Tanaskovi¢, |. et al., Electrogastrogram-based detection of cybersickness with the application of wavelet transformation and..



@ VOJNOTEHNICKI GLASNIK / MILITARY TECHNICAL COURIER, 2025, Vol. 73, Issue 1

HaHmHe ckane EIT Huje ykasana Ha npucycmeo CM Hu 3a je-
OaH Hueso dekommnoauyuje. Noped moea, nokasaHo je da ce 3Ha-
yu oropaska rojassbyjy npubnuxHo 8 MUHyma HakoH ripeo2 BP
ucKkycmea, wmo ykasyje Ha mo Oa ce suwe BP cecuja moxe
criposecmu ucmoe 0aHa, 0OHOCHO Oa je uHmeH3ueHa BP obyka
moeyha.

Bakrbyyak: [lMpumeHa MY 6e3 Hadznedama uma romeHyujan
y udeHmucbukayuju EINT ceameHama mokom CM y3 usdeajarbe
obenexja sacHogaHux Ha [TT, Hydehu Hosu ripucmyin y rnpeseH-
yuju nojase CM y 8ojHoj 06yuu 3acHoeaHoj Ha BP, kao u dpyasum
obnracmuma noseszaHum ca BP mexHonozaujom.

KrbyyHe pedu: cumnmomu MyqHuHe, duckpemHa mpaHcgopma-
yuja manacuhuma, enekmpoeaacmpoepadghuja, odabup obenex-
ja, MawuHcKo y4ere, 8ojHa 0byKa, criekmparsiHa 2ycmuHa CHa-
2e, supmyernHa peanHocm.
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