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Abstract
Simulator sickness (SS) is an obstacle to extensive adoption of virtual reality (VR) systems. While the
Simulator Sickness Questionnaire (SSQ) is the standard for assessing SS symptoms, it lacks temporal
resolution to monitor symptom progression during exposures. In the present study, we examined heart
rate variability (HRV) and eye-tracking metrics as physiological markers of SS, using a Visual Analogue
Scale (VAS) to gauge symptoms concurrently. Thirty subjects completed up to five virtual roller coaster
rides while electrocardiography (ECG) and eye-tracking data were continuously recorded. VAS ratings
were collected at baseline and after each ride and showed a strong positive correlation with post-
exposure SSQ total scores (r = 0.78, p < .001). Among our metrics, from HRV, low-frequency/high-
frequency (LF/HF) ratio was significantly associated with VAS ratings (b = 0.26, χ² = 4.98, p = .03),
indicating a move toward sympathetic dominance as symptoms intensified. From eye-tracking, pupil
coherence emerged as a robust predictor of VAS (b = 4.31, χ² = 4.10, p = .04), while other time-domain
HRV (e.g., RMSSD, SDNN) and eye-tracking (e.g., blink rate, mean pupil size) metrics were not
significantly related to ratings (all p:s > .05). In a combined linear mixed-effects model, both LF/HF ratio
(b = 0.26, p = .02) and pupil coherence (b = 5.53, p = .02) remained significant predictors of VAS ratings.
These findings support the use of VAS and multimodal physiological metrics, specifically LF/HF and
pupil coherence as indicators of SS symptom levels, to aid adaptive strategies for mitigating SS in
immersive environments.

Introduction
Simulator sickness (SS), a general cause of discomfort often experienced in virtual reality (VR) and in
simulators, is one of the main causes preventing the widespread use of immersive technologies
(Voinescu et al., 2023). Characterized by symptoms such as dizziness, nausea, and visual discomfort, SS
is a form of cyber sickness arising from conflicts between visual, vestibular, and proprioceptive
responses (Kennedy et al., 1993; Reason, 1978). These conflicts impair the brain’s ability to integrate
motion and orientation signals, triggering the hallmark symptoms (Reason & Brand, 1975).

With the growing use of 3D headsets in training, entertainment, and therapy, SS has become an
increasingly important area of study (Weech et al., 2019). Although the precise etiology remains unclear,
symptoms of SS can be broadly grouped into three categories: disorientation (D), e.g., dizziness and
vertigo, oculomotor (O), such as eyestrain and blurred vision, and nausea (N), including stomach
awareness and salivation (Kennedy et al., 1993; Rebenitsch & Owen, 2016). Several theories have
attempted to explain the mechanisms behind SS. The most influential, sensory conflict theory, proposes
that conflicting inputs, especially between vision and the vestibular system, elicit discomfort (Lackner &
DiZio, 2006; Reason, 1978). Previous neuroimaging studies have shown that such conflicts activate
regions like the insula and limbic system, responsible for autonomic responses (Napadow et al., 2013;
Stephan et al., 2005).
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In contrast, the eye movement theory attributes SS to oculomotor strain and extraocular proprioception
stimulating the vagus nerve, contributing to emetic stimuli (Palmisano et al., 2020). Additionally, the
evolutionary theory posits SS as a protective mechanism against neurotoxic ingestion, although it
cannot fully explain non-nausea symptoms like eyestrain or disorientation (Treisman, 1977).

While the Simulator Sickness Questionnaire (SSQ) (Kennedy et al., 1993) is the most commonly used
subjective assessment tool for SS, its pre-post format may miss detection of rapid symptom
fluctuations, particularly during short VR exposures. In contrast, the Visual Analogue Scale (VAS)
enables concurrent monitoring of symptom intensity, offering a more temporally sensitive method for
capturing the onset and escalation of SS (Gavgani et al., 2017; Nalivaiko et al., 2015). In addition, the VAS
provides a simple, sensitive method to track symptom intensity over time where participants rate their
discomfort on a continuous scale, capturing the dynamics of SS more precisely (Garrido et al., 2022;
Gavgani et al., 2017; Nalivaiko et al., 2015).

Alongside subjective reports, a growing body of work has explored physiological measures such as heart
rate variability (HRV), eye-tracking, and electrodermal activity to better understand SS and its autonomic
correlates (Baldini et al., 2024; Ishaque et al., 2023; Tian et al., 2022).

HRV is a well-established, non-invasive marker of autonomic nervous system (ANS) balance. Reductions
in HRV, particularly in high-frequency (HF) power or root mean square of successive differences between
heart beats intervals (RMSSD), suggest increased sympathetic arousal or parasympathetic withdrawal in
response to stress or sensory mismatch (Malińska et al., 2015; Stauffert et al., 2020). Notably, nausea
has been linked to vagal withdrawal and brainstem activation (Babic & Browning, 2014), disorientation to
reduced HRV and impaired sensory integration, and oculomotor strain to parasympathetic withdrawal
tied to visual-vestibular load (Yang et al., 2023). These distinct patterns suggest that HRV could serve as
an early physiological marker of specific SS symptom clusters.

Similarly, eye-tracking provides valuable insights into oculomotor strain and related vestibular effects.
Measures such as saccade dynamics, fixation stability, and pupil dilation offer objective indicators of
visual overload, cognitive load, and sensory conflict (Chen et al., 2017; Dymczyk et al., 2024; Lopes et al.,
2020). For example, increased pupil dilation may signal autonomic arousal linked to disorientation or
nausea (Balaban, 1999; Kourtesis et al., 2024).

The primary aim of this study was to evaluate HRV and eye-tracking metrics as sensitive physiological
markers of SS onset and intensity, using concurrent symptom ratings captured via a VAS. By prioritizing
the VAS over traditional measures like the SSQ, we aimed to establish a more temporally precise and
responsive framework for assessing SS in immersive environments. Specifically, the study investigated
whether changes in autonomic and oculomotor responses align with subjective reports of discomfort
collected during short simulator exposures, thus offering a novel way to monitor and interpret SS
dynamics as they unfold.

Materials and Methods
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Participants
For this study, 30 subjects consisting of 25 males (34.1 ± 10.0 yrs) and 5 females (33.6 ± 12.4 yrs)
participated. All subjects were in good health and free of discomfort. Prior to testing, subjects
completed a questionnaire concerning their level of general health and none reported any medical
condition that required any kind of regular medication. Subjects were also asked about their level of
usage of 3D headsets and none reported extensive experience or continuous usage. Subjects with a
BMI > 30 were excluded as a proxy for excessive subcutaneous adipose tissue, due to its association
with autonomic imbalance, including reduced parasympathetic tone, (Yadav et al., 2017), thus one
additional subject was excluded before testing. Subjects signed informed consents prior to the
participation in the study and were given verbal and written descriptions of the experimental protocols.
Table 1 shows anthropometric as well as other personal data for all subjects. Subjects were instructed
not to perform unfamiliar exercise 24 hours before the experiment or drink coffee or highly caffeinated
beverages for at least 1 hour prior to experiments. The study was approved by the Swedish Ethical
Review Authority (Dnr 2024-04423-01) in accordance to the Declaration of Helsinki on the use of human
subjects in research.

Table 1
Anthropometric and personal data of all subjects ± 

standard deviation (SD)

  Subjects SD

Age (years) 34.1 10.2

Height (cm) 177.1 9.4

Weight (kg) 76.3 12.3

BMI (kg/m2) 24.3 3.1

SpO2 (%) 98.1 1.1

Rest Pulse (bpm) 71.8 16.0

Blood Pressure Systolic (mmHg) 129.1 10.7

Blood Pressure Diastolic (mmHg) 82.1 6.4

Experimental set-up and Protocol
Experimental set-up and Protocol
Prior to the start of the experimental testing protocol, subjects underwent an array of preparation
procedures. That included a short clinical examination to check blood pressure, arterial partial pressure
of oxygen with a finger oximeter and to identify the ECG electrodes locations. All subjects had normal
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blood pressure levels at the time of the experiment (Table 1). Thereafter, subjects completed the SSQ a
first time and ECG electrodes were placed.

Next, the 3D headset (XR HMD Varjo XR-4, Helsinki, FI) was placed on the subjects' head, adjusted to fit
each subject individually, and a calibration procedure for the eye-tracker was conducted, including
automatic adjustment of the lenses for subjects’ interpupillary distance. For the present study, a realistic
3D VR roller coaster simulation, Appalachian Escapade, developed using NoLimits 2 Roller Coaster
Simulation (Version 2.6.6.0; Lange O. (2024)) was used to induce SS. It has been shown that roller
coasters containing more realistic details have increased chance of inducing SS (Davis et al., 2015).
Graphic realism and higher levels of visual flow have been previously underlined as contributing factors
to SS (Kennedy, RS et al., 1988). We note however, that the current study was not designed to identify SS
problems related to the used headset, specifically, or VR technology in general. We purposely chose a
SS-provoking roller coaster simulation in an effort to provide conditions that would invoke SS.

After the 3D VR headset had been placed on the subjects’ head, they were seated comfortably and safely
in a flight simulator chair and ECG and eye-tracking measurements were started. Both ECG and eye-
tracking data were recorded continuously throughout the experiment. The experiment consisted of six
segments in VR, a baseline segment and, up to, five rides in the roller coaster simulation. After a baseline
segment of 5 minutes, subjects rated their discomfort for the first time with the VAS scale and then the
first roller coaster simulation ride began. Each ride consisted of a 2.53 minutes roller coaster simulation
that subjects completed a maximum of five times with a short (~ 10 s) pause between. During the pause,
subjects submitted VAS ratings with ratings between 0 and 10, where 0 meant “no discomfort at all” and
10 extreme discomfort, to mark their level of discomfort (SS) during the just completed roller coaster
simulator ride. Subjects could decide to stop the experiment at any time and without any restrictions. In
case of nausea, the experimenter stopped the experiment immediately. At the end of the last roller
coaster simulation ride, the 3D headset was removed and subjects rested for approx. 3 minutes before
completing the SSQ questionnaire a second time.

Visual Analogue Scale (VAS)
To assess the subjective level of SS with a minimal time lag to the experience, a VAS was employed. The
VAS is a widely used psychometric instrument for measuring subjective experiences such as pain,
discomfort, or nausea (Gift, 1989; Nalivaiko et al., 2015). In this study, the scale ranged from 0 to 10,
where 0 indicated "no discomfort at all" and 10 represented "extreme discomfort." Participants were
instructed to mark their perceived level of discomfort after the baseline segment and during short
pauses between roller coaster simulation rides. This approach allowed for high temporal resolution
tracking of symptom progression. VAS ratings are considered sensitive to small changes in symptom
severity and provide a continuous rather than categorical measure, which makes them especially
suitable for capturing dynamic experiences such as SS (Gift, 1989; Wewers & Lowe, 1990). The tool has
previously been validated for assessing nausea and motion-related discomfort in virtual environments
(Gavgani et al., 2017; Nalivaiko et al., 2015). The simplicity of the VAS and its non-intrusive nature also
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made it feasible for repeated administration between each simulator exposure, supporting its role as a
rapid and intuitive metric in psychophysiological studies of cybersickness.

Simulator Sickness Questionnaire (SSQ)
The SSQ is a standardized self-report tool originally developed by Kennedy et al. (Kennedy et al., 1993) to
assess symptoms of SS following exposure to virtual environments. It consists of 16 items covering
common symptoms such as dizziness, nausea, eyestrain, and general discomfort, grouped into three
subscales: nausea (N), oculomotor (O), and disorientation (D). Each symptom is rated on a four-point
scale with accompanying labels (None/Slight/Moderate/Severe), and weighted scores are calculated for
each subscale and total severity (Bimberg et al., 2020; Kennedy et al., 1993).

In this study, the SSQ was administered before and after exposure to confirm the presence of SS and to
support validation of subjective VAS-ratings. However, our primary interest lies in using the VAS as a
more dynamic and responsive tool to capture concurrent symptom progression. While the SSQ offers
broad symptom categorization, it may be less suited for detecting rapid onset or subtle changes in
discomfort during short simulation exposures.

Heart Rate Variability (HRV)
A bipolar electrocardiogram (ECG) was continuously recorded during the baseline segment and
throughout the experimental protocol using the Biopac MP160 system (Biopac Systems Inc., Goleta, CA,
USA), sampled at 2000 Hz. Surface electrodes (EL504 Ag/AgCl, Biopac Systems Inc., Goleta, CA, USA)
were placed on the sixth left rib and the distal end of the sternum to ensure stable R-wave acquisition.
During data acquisition, analog filtering was applied via the ECG100D amplifier to reduce low-frequency
drift and high-frequency noise. The ECG data were then exported for offline analysis and processed in
MATLAB R2024b (MathWorks, Natick, MA, USA). A second-order Butterworth bandpass filter (0.5–40
Hz) was applied digitally to isolate the QRS complex and suppress residual baseline drift and muscle
artifacts.

Empirical Mode Decomposition (EMD) was subsequently performed, and the cleaned signal was
reconstructed by summing intrinsic mode functions (IMFs 2–6), preserving QRS morphology while
attenuating noise. R-peaks were detected using a hybrid method combining z-score-based peak
prominence and amplitude thresholding. Detected peaks were retained only if they were separated by at
least 0.3 seconds and passed a width-based filter to exclude broad T-waves. All detected R-peaks and
reconstructed signals were visually inspected to confirm detection accuracy and signal quality. RR
intervals (inter-beat intervals, IBIs) were computed from the final set of R-peaks. Ectopic or abnormal
intervals were identified and corrected using linear interpolation. The resulting cleaned IBI series was
then segmented for HRV analysis.
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To investigate dynamic changes in autonomic regulation, HRV metrics were computed separately for
each simulator ride (maximum five) and for the resting baseline segment. Segment boundaries were
identified using event markers, and only R-peaks occurring within each segment were included. For each
segment, time-domain metrics were calculated, including the standard deviation of NN intervals (SDNN),
the root mean square of successive differences (RMSSD), and the percentage of successive IBIs
differing by more than 50 ms (pNN50). Frequency-domain analysis involved interpolating the RR series
using cubic spline interpolation at 4 Hz, followed by spectral power estimation using Welch’s method.
Although absolute LF and HF powers were computed internally, only the LF/HF ratio was retained for
analysis as an index of sympatho-vagal balance, using standard frequency bands (LF: 0.04–0.15 Hz; HF:
0.15–0.4 Hz) (“Heart Rate Variability. Standards of Measurement, Physiological Interpretation, and
Clinical Use. Task Force of the European Society of Cardiology and the North American Society of Pacing
and Electrophysiology,” 1996). The LF/HF ratio was only calculated for segments with at least 64 RR
intervals and HF power above 0.01 ms², to prevent inflated or unstable values resulting from extremely
low parasympathetic activity. All HRV metrics were exported for statistical comparison across segments
and participants.

Eye-tracking
Eye-tracking data was collected using the built in eye-tracker of the Varjo 3D head-set (XR HMD Varjo XR-
4, Helsinki, FI). The eye-tracker has a sampling frequency of 200 Hz, accuracy of ≤ 1° and a precision of ≤ 
0.2°. Eye-tracking data were recorded binocularly, but only the right eye was used for analysis, as both
eyes showed comparable signal quality across participants (see Nyström et al. (Nyström et al., 2024) for
a similar approach). Data were exported for offline analysis in Python 3.12 to calculate metrics related to
blinks and pupil size.

To calculate the blink metrics of interest, we used the pupil signal of the right eye (pupil size in mm). In a
first step, blinks were detected from the pupil signal using the method proposed by Nyström et al.
(2024). From the detected blinks, we calculated the average blink duration and the blink rate (blinks /
min) for the six experimental segments (baseline and up to five roller coaster simulation rides),
separately.

The pupil metrics of interest were calculated after the pupil signal of the right eye had been submitted to
a four step pre-processing pipeline. In the first step, the signal was deblinked by removing samples
identified as belonging to a blink, as described above. Next, unreasonably small (< 1mm) and large (> 
9mm) values were removed from the signal. In the third step, missing data were linearly interpolated with
a maximum gap of 25 samples (125 ms). Finally, in the fourth step a Savitzky-Golay filter with a second
order polynomial and 25 sample window length (125 ms) was applied to smooth the signal. From the
pre-processed pupil signal, the average pupil size and the standard deviation of the pupil size were
calculated for the six experimental segments (baseline and up to five roller coaster simulation rides),
separately. Furthermore, using the approach described by Park et al. (Park et al., 2021), a pupil
coherence metric was calculated for each segment.
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Statistical analyses
Statistical analyses were done in R 4.4.1 (R Foundation for Statistical Computing, Vienna, Austria). For
correlational analyzes we used the psych package (Revelle, 2020). Linear-mixed models were ran using
the lme4 (Bates et al., 2015) and lmerTest (Kuznetsova et al., 2017) packages. Statistical plots (Figs. 1
and 2) were produced using the ggstatsplot package (Patil, 2021).

Results
To verify that the roller coaster simulator rides induced SS in subjects, we compared pre-exposure to
post-exposure scores on the SSQ. A paired t-tests indicated a significant pre-post difference (t(29) = 6.9,
p < .001) with higher total SSQ scores post-exposure (M = 65.2, SD = 42.53) than pre-exposure (M = 8.98,
SD = 10.83). The same statistically significant pattern was found for all three subscales of the SSQ (all
p:s < .001). Next, to validate that the VAS-scale captures SS in a similar manner as the SSQ, we
correlated participants VAS-ratings on the last coaster simulator ride before termination with their post-
exposure SSQ-scores. As illustrated in Fig. 1A, there was a positive, significant correlation between VAS-
ratings and total SSQ scores post-exposure (r(27) = .79, p < .001). Furthermore, the same pattern of a
positive, statistically significant correlation was found between VAS and the three subscales of the SSQ
(Figs. 1B-D, r:s > .67, all p:s < .001). These results indicate that the VAS-ratings do indeed capture SS in a
similar manner as the SSQ.

We next evaluated the effect of the roller coaster simulator rides on VAS-ratings. Since not all subjects
completed all five roller coaster simulator rides, we submitted our data to a between-subjects ANOVA
with VAS-ratings as dependent variable and segment (Baseline/Ride 1–5) as independent variable. This
analysis, illustrated in Fig. 2, found a main effect of segment (FWelch(5, 49.33) = 29.98, p < .001). Follow-
up post hoc analysis showed that all differences between each ride segment and the baseline segment
was statistically significant (all p:s < .05), while none of the differences between the ride segments were.
Accordingly, in subsequent analyses we collapsed the data from the five roller coaster simulator ride
segments into a single, ride category.

To evaluate if the eye-tracking or HRV metrics could predict VAS ratings we ran separate linear mixed-
effects models for each metric. Each model had VAS ratings as outcome variable, segment category
(Baseline / Ride) as a fixed-effect and random intercepts for subjects, and finally, the metric of interest
(e.g., mean heart rate) as a fixed-effect variable. In a final model, metrics from single metric models that
contributed significantly to VAS ratings were combined. We used this approach in an effort not to
saturate a complex initial model with metrics that were not related to VAS, and to avoid the risk of
entering highly collinear metrics into the same model at an early stage. Note that this approach is similar
to only entering predictors with a significant zero-order correlation into a linear regression model, but
with the added benefit of taking the repeated measures approach of multiple segments into account.
The results from these analyses are summarized in Table 2. As is evident from the table, only two
metrics were significantly related, to VAS-ratings in the single metric models. Out of the HRV metrics, the
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LF/HF ratio was a significant predictor (χ2(1) = 4.98, p = .026, b = 0.26) while pupil coherence was the
only significant eye-tracking metric (χ2(1) = 4.10, p = .043, b = 4.31). Combining these two metrics in a
final model revealed that both parameters remained significant.

We note that an LF/HF ratio could not be calculated for all segments for all participants. To verify that
there is no systematic difference, with respect to VAS ratings, between segments where a LF/HF ratio
could be computed and those where the ratio could not be computed, we ran a linear-mixed model with
VAS ratings as outcome, segment category (Baseline / Ride) and missing LF/HF ratio (Yes / No) as a
fixed-effects and random intercepts for subjects. This model revealed no effect of missing LF/HF ratio
(χ2(1) = 0.32, p = .57).
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Table 2
Single metric and combined linear mixed-effects models of HRV and Eye-

tracking metrics predicting VAS. Statistical results are from likelihood ratio tests
comparing each model with and without the metric of interest. The table reports
unstandardized coefficients (b), chi-square values (χ²), degrees of freedom (df),
and p-values. Metrics that were significant in single-metric models (p < .05) were
included in a final combined model, in which both remained significant predictors

of VAS.

    Metric b χ2 df p

Single metric models          

  HRV metrics        

    Mean HR -0.0001 0.0005 1 .99

    Mean RR 0.00024 0.032 1 .86

    SDNN -0.00005 0.0001 1 .99

    RMSSD 0.0014 0.13 1 .72

    pNN50 -0.003 0.027 1 .88

    LF/HF 0.26 4.98 1 .026*

  Eye-tracking metrics        

    Blinks duration 0.86 0.25 1 .62

    Blinks rate 0.018 0.394 1 .53

    Mean pupil size 0.38 0.19 1 .66

    Std. pupil size -6.49 2.43 1 .12

    Pupil coherence 4.31 4.10 1 .043*

Combined model          

    LF/HF 0.26 5.69+ 1 .017*

    Pupil coherence 5.53 5.58+ 1 .018*

* p < .05

+ Compared to a reduced model with the other metric included.

Discussion
The present study aimed to evaluate HRV and eye-tracking metrics as physiological markers of SS, using
a VAS to concurrently assess symptom intensity. Our results demonstrated that the VAS is a valid and
sensitive tool for monitoring SS onset and progression, with VAS ratings correlating strongly with the
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post-exposure Questionnaire (SSQ) scores, including its subscales for nausea, disorientation, and
oculomotor discomfort. These findings are in line with previous work suggesting that VAS ratings
provide a more temporally precise, intuitive alternative to the SSQ for capturing dynamic changes in SS
symptoms (Garrido et al., 2022; Gavgani et al., 2017; Nalivaiko et al., 2015).

Consistent with our hypotheses, our physiological data for both HRV and eye-tracking were associated
with self-reported SS levels. Specifically, for HRV metrics, the LF/HF ratio, reflecting sympatho-vagal
balance, was positively correlated with VAS ratings during the roller coaster simulator rides. This aligns
with previous findings that associated increased LF/HF ratios with elevated sympathetic arousal or
parasympathetic withdrawal in response to SS-inducing stimuli (Malińska et al., 2015; Stauffert et al.,
2020). While other time-domain HRV measures such as RMSSD and SDNN were not significantly related
to VAS ratings, the selective sensitivity of LF/HF may suggest that acute changes in autonomic
modulation, rather than general variability, are more relevant to identify concurrent SS occurrence.

As for eye-tracking metrics, pupil coherence emerged as the strongest predictor of VAS ratings. While
still a relatively new metric in SS research, this novel finding suggests that coherence in pupil dynamics,
possibly reflecting autonomic regulation or cognitive-emotional integration (Kourtesis et al., 2024; Park
et al., 2021), may provide a sensitive marker of simulator-induced discomfort. Interestingly, traditional
metrics such as blink rate or average pupil diameter did not show significant relationships with SS,
though consistent with some prior work indicating that pupil variability may better reflect complex
interactions between sensory conflict and autonomic output (Al-Ashwal et al., 2024; Lopes et al., 2020).
However, albeit interesting this finding should be interpreted with caution, as pupil coherence is a derived
signal-level metric and may be influenced by general pupil size dynamics or measurement noise.
Furthermore, similar to Park et al. (Park et al., 2021), we found a reduction in pupil coherence after
exposure to a SS inducing VR experience. However, they also documented a negative correlation
between SSQ-scores and pupil coherence, in contrast to the positive relation we found in this study.
Notably, Park et al. (Park et al., 2021) exposed participants to a combination of 2D and a 3D settings. In
our study, we used a continuous, fully immersive roller coaster designed to provoke SS, which may
explain the discrepancy between results. Thus, our findings may not necessarily contradict theirs but
rather reflect task-specific differences in how pupil coherence relates to perceived discomfort. Taken
these findings together the role of pupil coherence as a predictor of self-reported sickness-levels
deserves further investigation.

Together, our results support a multi-system response to SS involving autonomic imbalance and
oculomotor strain, in line with both the sensory conflict and oculomotor theories of SS (Palmisano et al.,
2020; Reason & Brand, 1975). In the combined model, including both LF/HF ratio and pupil coherence,
our results showed that both metrics remained as significant predictors of VAS ratings, even when
accounting for the other metric, reinforcing the value of integrating complementary physiological signals
to capture different aspects of cybersickness.
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This study also demonstrated the practical advantage of using VAS over SSQ in high-temporal-resolution
SS research. The VAS was sensitive enough to detect discomfort changes ride-by-ride, enabling precise
alignment with physiological fluctuations. In contrast, the SSQ, while validated and useful for pre/post
comparisons, it may miss transient symptom variations or onset dynamics in short-duration exposures.

A few limitations should be acknowledged. First, not all subjects completed all five roller coaster
simulation rides, and in some segments the LF/HF ratio could not be calculated due to extremely low HF
power. However, statistical analysis confirmed no systematic differences in VAS ratings between
included and excluded segments. Second, while eye-tracking and HRV were effective predictors,
additional physiological measures such as electrodermal activity or EEG may further improve
classification accuracy and provide deeper insight into SS mechanisms (Baldini et al., 2024; Yang et al.,
2023).

Conclusion
This study provides compelling evidence that both HRV (specifically the LF/HF ratio) and eye-tracking
(pupil coherence) can serve as physiological markers of SS, when aligned with concurrent VAS symptom
ratings. These findings support the use of the VAS as a dynamic and sensitive alternative to traditional
questionnaires like the SSQ for capturing SS onset and severity. By integrating autonomic and
oculomotor data with subjective reports, this approach enables a richer understanding of the
physiological underpinnings of SS and may inform the design of adaptive systems and interventions to
reduce SS in VR and immersive environments.
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Figures

Figure 1

Scatterplots with linear regression lines (±95% CI) illustrating the association between subjects’ VAS ratings
from their final VR ride and post-exposure Simulator Sickness Questionnaire (SSQ) scores. Panels show
correlations for:(A) Total SSQ score, (B) Nausea subscale, (C) Disorientation subscale, and (D) Oculomotor
subscale. Each plot includes Pearson’s r, confidence intervals, p-values, and log-transformed Bayes factors
(log₁₀[BF₀₁]), indicating significant positive correlations across all SSQ components, demonstrating strong
agreement between VAS ratings and established measures of simulator sickness. Marginal histograms
display the distributions of VAS and SSQ scores.
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Figure 2

Subjects’ VAS ratings as a function of segments. Boxplots show individual data points of participants’
Visual Analogue Scale (VAS) ratings (0–10) across segments: baseline and five successive roller coaster
rides. Individual observations are positionally adjusted along the x-axis to prevent overplotting. Boxes
represent the interquartile range (IQR); horizontal lines within each box indicate the median; whiskers
extend to 1.5 × IQR. Red points indicate group means. A Welch’s ANOVA revealed a significant main
effect of segment, FWelch(5, 49.33) = 29.98, p = 7.38e–14, ω² = 0.72, 95% CI [0.60, 1.00], indicating a
large effect size. Games–Howell post hoc comparisons (Holm-adjusted) showed significantly higher
VAS ratings in all ride segments compared to baseline (p < .05), while no significant differences were
observed between the ride segments.
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