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Abstract—Cybersickness remains a major barrier to the
widespread adoption of virtual reality (VR) technologies, motivat-
ing researchers to investigate its causes and mitigation strategies
through comparative human-subjects studies. These experiments
may employ either within- or between-subjects designs. Although
within-subjects designs require fewer participants and potentially
offer higher statistical power, researchers need to wash out
carryover effects of cybersickness symptoms before each session
to avoid confounding the results. Prior studies have employed
washout periods of varying lengths; some required testing condi-
tions on different days , while others allowed only short breaks of
less than 15 minutes. Although shorter washout periods are more
convenient for experimenters, their impact on study outcomes has
not been systematically investigated. In this work, we conducted
a meta-analysis to evaluate the effects of study design and
washout period length on cybersickness self-reports measured
with the Simulator Sickness Questionnaire (SSQ). We found that
short washout periods reduce statistical power compared to long
washout periods or between-subjects designs. Based on these
findings, we provide guidelines to help researchers design more
reliable cybersickness studies and improve the generalizability of
their results.

Index Terms—Virtual reality, cybersickness, research methods,
meta-analysis

I. INTRODUCTION

omparative experiments are essential for evaluating new
Ccybersickness mitigation techniques in Virtual Reality
(VR), but they are more challenging to conduct than many
other Human-Computer Interaction (HCI) studies because
of carryover effects across conditions. Carryover effects are
the lingering influence of a previous treatment, condition,
or stimulus on a subject’s response to a subsequent, dif-
ferent treatment [1]. When comparing different conditions,
researchers can choose either a within-subjects or a between-
subjects design. Between-subjects experiments avoid com-
pounding negative symptoms between conditions, but require
larger sample sizes to distinguish statistical effects. In contrast,
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within-subjects designs require fewer participants. Addition-
ally, this approach can potentially offer superior statistical
power, because participants experience all conditions, thereby
avoiding the confounding influence of individual differences
that might otherwise obscure the effects of interest.

However, carryover effects across conditions are a critical
issue in within-subjects designs, particularly when studying
cybersickness, because symptoms can potentially persist for
hours [2]. Researchers can counterbalance conditions, where
they alternate the order of conditions to mitigate the impact of
carryover effects on experimental outcomes. This is a common
method to control for potentially confounding factors, such as
learning effects over time. Counterbalancing increases design
complexity and may introduce residual variability due to
sequence-related interactions that are not fully eliminated. To
reduce carryover effects, researchers can incorporate washout
periods. Washout periods are intervals between conditions
during which participants are allowed to return to their base-
line state after the first intervention before proceeding to the
next. Some researchers have used a longer washout period
(time outside of VR elapsed between conditions), and tested
conditions on different days in within-subjects designs to avoid
carryover effects (e.g., [3]-[7]), which requires participants
to visit the lab multiple times. Others have opted for shorter
washout periods (typically less than 20 minutes) to complete
all conditions in a single visit (e.g., [8]-[13]).

Currently, published guidelines for cybersickness research
are limited, and best practices are not well understood, re-
sulting in wide variation in research practices. In particular,
the impact of carryover effects in within-subjects designs
has not yet been systematically studied. However, carryover
effects can still influence experimental outcomes even after
counterbalancing, for example, by reducing statistical power
or introducing bias due to nonlinear effects. In this paper, we
provide quantitative evidence, based on a meta-analysis of the
Simulator Sickness Questionnaire (SSQ) scores reported in 55
cybersickness experiments, to reveal the impact of these design
choices on study outcomes and enable researchers to make
informed decisions that balance scientific rigor with resource
constraints.

The Simulator Sickness Questionnaire [14] is a widely
used tool to assess various simulator sickness symptoms.
It includes 16 items spread across three subscales: Nausea
(N), Oculomotor Discomfort (O), and Disorientation (D). The
Total Severity (TS) score is calculated as a weighted sum
of the subscales. Although single-value scales for sickness,
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rapid feedback to gauge a participant’s overall well-being,
the SSQ is more comprehensive and is the most widely
used tool in cybersickness research to assess participants’
cybersickness. When we use the SSQ in our analysis, we
restrict our evaluation to the Total Severity score rather than
breaking it down by subscale, as was originally intended by
the SSQ’s authors [14].

A. Contribution

In this work, we focus on quantifying the impact of carry-
over effects on the statistical power of analyses based on SSQ
scores, as it directly influences the likelihood of detecting a
true effect. We first model how carryover effects influence
the standard deviation and effect size. Then, through a meta-
analysis, we estimate the effect sizes associated with dif-
ferent experimental designs: between-subjects design, within-
subjects design with a long washout period (conditions tested
on different days) , and within-subjects design with a short
washout period (multiple conditions on the same day).

Specifically, we proposed the following hypotheses. H1 is
formulated based on the existing literature on adaptation to
cybersickness [16]-[19], while H2 is based on the carryover
effect. Both effects could introduce heterogeneity to the results
and decrease the overall effect size. Finally, we are interested
in H3 because it was previously reported by Peck et al. [20].

o« H1: The effect size of the increase in cybersickness
following VR exposure is larger in studies using between-
subjects designs than in studies using within-subjects
designs with a long washout period.

o H2: The effect size of the increase in cybersickness
following VR exposure is larger in studies using between-
subjects designs than in studies using within-subjects
designs with a short washout period.

o H3: The effect size of the increase in cybersickness
following VR exposure decreases as the proportion of
female participants increases in a given study.

We found that short within-subjects designs exhibit a posi-
tive carryover effect, where prior exposure increases symptoms
in subsequent conditions, while long within-subjects designs
exhibit a negative carryover effect, where symptoms decrease.
Based on the magnitude of carryover effects observed in the
meta-analysis, we conducted a power analysis to estimate
differences in statistical power across experimental designs.
Our analysis shows that using a short within-subjects design
results in lower statistical power compared to long within-
subjects and between-subjects designs, assuming the same
number of participants per condition. To our knowledge, this
is the first quantitative evidence demonstrating that short
washout periods compromise the power of within-subjects
cybersickness studies. Our findings provide researchers with
clearer expectations for study outcomes and help inform
design choices in future cybersickness research.

II. ISSUES WITH CYBERSICKNESS RESEARCH

Zielasko et al. used hypothetical scenarios to discuss the
potential impact of first- or higher-degree carryover effects

on cybersickness studies in a position paper [21]. The authors
argue that standard counterbalancing is often insufficient when
dealing with the lingering and unpredictable carryover ef-
fects inherent to cybersickness research. Case studies demon-
strate how these effects can lead to erroneous conclusions,
particularly when symptoms like headaches are delayed or
recovery patterns vary significantly between individuals. To
overcome this issue, the paper recommends adopting more
rigorous protocols, such as using between-subjects designs,
increasing sample sizes, or allowing a 24-48 hour washout
period between conditions. The potential outcomes depicted
in this paper motivated this work. However, they neither pro-
vided data to support their scenarios nor offered quantitative
guidelines.

A. Previous Reviews on Cybersickness

Over the past few years, several literature reviews have
addressed cybersickness. Biswas et al. reviewed 223 papers
on the causes, measurement, and mitigation of cybersickness
and proposed a mitigation guideline [22]. A systematic review
and meta-analysis of 96 papers examined cybersickness in
walking-based locomotion and found overall low SSQ scores
for isometric walking, but higher scores for redirected walking
[23]. In 2023, a position paper analyzed 61 papers on VR
locomotion research from IEEE VR, ISMAR, and VRST,
identifying a potential replication crisis in the field [24].
Another review examined current research on cybersickness
reduction based on 88 papers [9]. Tian et al. presented a
review of contributing factors, measurement techniques, user
profiles, and mitigation strategies [25]. In cybersickness re-
search, Hirzle et al. identified the SSQ as the most widely used
measure of general discomfort in VR and critically examined
its role as the predominant tool for assessing cybersickness
[26]. A meta-analysis of 22 human-subject studies published
at IEEE VR found that the proportion of female participants
significantly influences SSQ outcomes [20]. Rebenitsch and
Owen reviewed research methods, theoretical frameworks, and
established findings associated with cybersickness [27]. A sur-
vey by Duzmanska et al. investigated the temporal trajectory
of symptom development, adaptation, and carryover, finding
that symptoms can persist for up to four hours [2]. However,
this work did not provide quantitative data on statistical power.

Several other meta-analyses have highlighted key factors
contributing to cybersickness in VR. A review of 26 studies
found that age, cognitive and physical abilities, and task com-
plexity influenced symptom severity, with video content and
controller-based locomotion exacerbating symptoms compared
to exergames and gaze-directed methods [28]. Another review
reported racial differences in cybersickness, with Black partic-
ipants experiencing fewer symptoms than White participants;
however, their study was limited by narrow demographics
and participant exclusions [29]. Saredakis et al. found that
gaming content and controller-based locomotion led to higher
SSQ scores, while scenic content and older users showed
reduced symptoms [30]. Finally, a meta-analysis identified
motion sickness susceptibility as the strongest predictor of
VR sickness, with moderate effects from sex and neurological
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disorders, and weaker influences from real-world and techno-
logical experience [31].

Gaps in Literature: None of the previous surveys and meta-
analyses assessed the effect of experiment design on the
potential cybersickness outcome. In this paper, we focused
on the impact of study design on the statistical power of
cybersickness-related human-subject studies. We also expect
the effect size of pre- and post-SSQ scores from papers
included in our meta-analysis to be higher than Peck et al.’s
[20] and van Gemert et al’s [23] because we focused on
studies that are designed to induce cybersickness with virtual
locomotion.

B. Cybersickness Adaptation Effects

Adaptation is the most significant order effect observed
in cybersickness studies, characterized by a reduction in cy-
bersickness symptoms in trials that occur in later sessions
compared to earlier sessions [32]. Almost all published studies
have used counterbalancing to address this issue. However,
even though this can minimize the effect on the mean differ-
ence, counterbalancing may increase the dispersion of cyber-
sickness symptom distribution and reduce statistical power.

a) Studies Observing Adaptation: Multiple highly cited
early works on cybersickness mitigation that used within-
subjects designs had their results significantly affected by
adaptation. Fernandes and Feiner’s work on dynamic field-of-
view restrictors is one of the most influential in cybersickness
mitigation. However, they found that participants who used the
FOV restrictor first were less affected by the no-restrictor con-
dition [3]. Similarly, Cao et al. adopted a similar experimental
design to evaluate the mitigation effect of rest frames [4]. They
also found a significant interaction effect between order and
condition, which the authors suggest occurred because users
adapted to the VE after initially experiencing it with a rest
frame. Liu et al. also attributed some of their non-significant
results to order effects after analyzing their data at the order-
group level [33]. All three papers mentioned above reported
significant results using between-subjects data from different
order groups. Another study on rotation gain in redirected
walking observed more sickness in first-time users of CAVE
systems [34].

b) Studies Investigating Adaptation: Other researchers
have designed studies that specifically focused on the adap-
tation effect. Early studies found that the number of VR
exposures is a more important factor than the time interval
between them [35]. Adhanom et al. used repeated exposures
with gradually increasing optical flow in an abstract virtual
environment to allow participants to adapt, and found that the
adaptation transferred when users were exposed to a realistic
virtual environment [16]. Doty et al. exposed participants to
FOV restriction conditions to induce adaptation and found
that the effect successfully transferred to a no-FOV-restriction
condition [17]. Another study also found the adaptation effect
generalizes across different VR experiences [19]. Researchers
have also investigated users’ behavioral, cognitive, and phys-
iological adaptation to cybersickness [36].

These findings suggest that adaptation is an important factor
affecting the results of within-subjects cybersickness studies.

We hypothesize that even without carryover effects, within-
subject designs with long washout periods can still observe
reduced effect sizes due to order effects.

C. Cybersickness Carryover Effects

Most researchers acknowledge the presence of carryover
effects in experimental studies. However, their approaches to
addressing this issue vary. To minimize these effects, many opt
for between-subjects designs or schedule different conditions
on separate days. In contrast, some researchers consider it
acceptable to test all conditions within a single day, despite
the potential for carryover.

The duration of recovery and the methods used to determine
whether participants are fully recovered vary across studies.
Ang and Quarles allowed participants to take a 1-minute break
after each trial, which they extended by 1 minute at a time until
participants reported a Fast Motion Sickness (FMS) scale of
1 (on a scale of 10 instead of 20 [15]) [10]. Other researchers
chose to allow participants to rest for 5 minutes (e.g., [8], [37],
[38]) or 10 minutes (e.g., [6], [11], [13]).

Some researchers set specific criteria that participants had
to meet before proceeding to the next condition after resting.
For example, some studies used SSQ score thresholds: one
allowed participants to continue after their SSQ scores dropped
below 10 [8], while another required a score of O before
continuing [12]. Others allowed participants to proceed based
on subjective reports of feeling fine [39] or based on heart rate
data [40]. In some cases, breaks were optional, offered “in case
of fatigue” [41]. To the best of our knowledge, only one paper
conducted two similar studies using both short (Experiment 1)
and long washout periods (Experiment 2) [6].

Short washout periods have been called into question by
prior literature [21] and publicly discussed at forums such as
the IEEE VR Workshop on Immersive Sickness Prevention
[42]. However, to the best of our knowledge, there is currently
no quantitative evidence demonstrating the impact of this
design choice.

III. MATHEMATICAL MODELING AND ESTIMATION OF
CARRYOVER EFFECTS

In this section, we mathematically model how carryover
effects affect cybersickness experiment results regarding the
mean difference across conditions, the effect sizes at the condi-
tion level, and the methodology for using observed condition-
level results to estimate the proportion of effects carried over
from previous exposure. We are interested in estimating the
proportion of the carryover effect for two reasons. First, we
would like to show that, based on results from accumulated lit-
erature, there is evidence showing that within-subjects designs
cannot fully eliminate carryover effects. Second, and more
importantly, we aim to provide a foundation for subsequent
sections where we conduct a power analysis to quantify how
carryover effects compromise experiment outcomes. We con-
sider a within-subjects study with two conditions in which we
ensured homogeneity in all variables, including participants,
except the stimulus between conditions. We also assume the
experiment design counterbalanced the order of conditions,
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where, in the first session, half of the participants receive
condition 1 while the other half receive condition 2.

A. Modeling the Impact on Mean Difference

In this section, we review how a positive carryover effect
decreases the mean difference while a negative one increases
it. The results of this section are important for understanding
why a positive carryover effect reduces statistical power,
which is discussed later in Section VI-B3. Consider a basic
within-subjects design with two conditions, control (C) and
experimental (E). We denote the average true effect of the
two conditions as Mc and Mg. The true mean difference is
then Mc_g = Mc — Mg. We define k as the proportion of
the first condition’s effect that carries over into the second
condition. Because the conditions are counterbalanced, the
observed means of conditions C and E are shifted because
half of the participants experience condition C before E, and
vice versa. The observed means, M’C and Mg, are calculated
as:

k
Mg =Mc+ Mg

. (1)
My = Mg + 5MC

As Equation 2 shows, when k is positive, the observed mean
difference M’CiE is smaller than the true mean difference
Mc_g. Conversely, when k < 0, the observed mean difference
is inflated.

M¢_p =M — Mg

k k
— (MCJr EME)*(MEJFEMC) 2)
k
=(1-37)Mc-g

B. Modeling the Impact on Standard Deviation

In this subsection, we model how carryover effects increase
the standard deviation (SD) of the result distribution for one
of the two conditions in the experiment.

By definition, with n data points, the standard deviation is:

1

SD =
n—1

Y (i —M)? 3)
i=1

We consider the result of a continuous measure of our
condition following a normal distribution (M,SD). Due to
counterbalancing, researchers must divide participants into
two order groups: Group A experiences our condition first,
while Group B experiences it second. Carryover effects add
an increment proportional to the other condition’s effect to our
condition in Group B. To model the standard deviation of our
condition’s results under the influence of carryover, we follow
these steps:

o Calculate the SD of Group A.

o Calculate the SD of Group B to account for carryover
effects.

o Combine the SDs of Groups A and B.

1) Group A’s SD: Since Group A contains half of the total
participants and is not affected by carryover effects, its SD is:

1 n/2
SDy ;= ] Y (xi—M)

2 i=1

2 n/2
= xi—M
"—2;(' ) @
2 (n—1)SD?
T n-—2 2
n—1_ ,
=——SD

n—2

2) Group B’s SD: Because Group B’s SD is affected by
effects carried over from the other condition (the mean of
which we define as M,), its SD is derived from the sum of
two variables: the true value of our condition without carryover
(SD = SDyq1¢) and the carryover effect itself (SD = k- SDjq ).
We use k to represent the proportion of the first condition’s
effect that carries over into the second condition. Due to the
nature of carryover, especially when the washout period is
short, the carryover effect is expected to be proportional to and
strongly correlated with the effect of the previous condition.

Equation 5 shows the standard deviation of the sum of two
variables (X and Y). The variable p represents the correlation
coefficient between the first session’s effect and the carryover
effect. Because the carryover effect is assumed to be strongly
correlated with the previous exposure, we set p = 1. Despite
being ideal, this choice is conservative as it does not further
introduce variations from the carryover effect.

SDx 1y = \/ SD% + SD3 +2pSDx SDy 5

Since the observed results for Group B represent the sum of
the true effect and the carryover effect, the SD for Group B
is:

SDcarry_half = \/ SDﬁal f + szD%al f +2p kSD}Zzal f

= \/k2+2pk+1~SDha[f

3) Combining the SDs of Groups A and B: We can merge
the mean and standard deviation from two groups with n; and
ny data points together using equations 7 and 8 and get the
combined descriptive statistics M, and SD,.

(6)

M M
M, — niMy +naMp )
n+ny
and
SD. — (I’ll — I)SD%-F (n2 — 1)SD% nlnz(Ml —Mz)z
¢ n+n—1 (n|+n2)(n1+n2—1)

®)

When we merge the data from the first and second session

together (n; = n, = n/2), the mean and SD of the combined

final results are M. and SD., which explains why within-

subjects designs can increase the standard deviation of the
experiment outcome.

1
M. =M+ iMe 9
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SD. — (% 1)<SDﬁalf+SDcarry half) %Mez
¢ n—1 n(n—1)
_ =242k DDy a2 g
2(n—1) 4(n—1)

_ (k2+2pk+2)SD2+ nM?
2 4(n—1)

C. Estimating the Proportion of the Carryover Effect

Based on equation 10, we can further derive the estimation
of k because we are interested in knowing how much cyber-
sickness is carried-over to the second session. Note, when n

H H n—=1
is relatively large, /%= =~ 1.

M, = i\/‘“”n_l) [SDg —(1+pk+ ;kz)SDz}

1
~ iz\/SDg — (1 +pk+ 2k2) SD?

However, a paper only reports the combined result SD,
without the true SD that is unaffected by carryover, and
the standard deviations reported by different studies are not
directly comparable. As a result, we have to find another
representation of k to estimate it.

On the other hand, effect sizes are comparable across
studies, even with different sample sizes or designs, and are
widely used in meta-analyses. Cohen’s d is a type of effect
size defined by equation 12, where My;rr and SDgy;rr can
be considered as the delta-SSQ score distributions and r is
a constant that we will talk more about later in Section IV-E.
Because r will eventually cancel out in the calculation of
power, we use r = 0.5 here to simplify calculation.

1)

_ Mgy

2(1—r

12)

Given the definition of effect size in equation 12 with r =
0.5, we can have SD = M/d. Then the representation of M,
in equation 11 can be turned into:

M2 M?
M, =+2 1 k k2
e \/dc ( + pk+ ) d2

2
M2
) (1 +pk+ k2>

(M+ M,
- iz\/ 42 ra

c

13)

Divide both sides by M., replace M, /M with k (see definition
of k in Section III-A), and square both sides, we have Equa-
tion 14. Here, d. is the estimated effect size with carryover ef-
fect (within-subjects studies) and d is the estimated effect size
without carryover effects (between-subjects studies), which we

will get from the meta-regression. We used ¢; = 1/d> and
¢z = 1/d? to simplify the notation.

(G+3)° 2\ 1
AR 1 p 1 14
=4 L (14)
a(mti+i)- cz(k2+k+2ﬂ
N [ 1 1 C1 )
—4_(01—02)162"‘(01—1702)]("'(4—2)}

We can see that equation 14 is a quadratic formula, which
can be written as:

1 1 g o 1
(CI_CZ)kz+(C1_pC2)k+<4—2_4> =0

Once we multiply both sides with —k?, the equation becomes:

15)

1
~(1—c1+2c2)k* +

4( (ngfcl)k+(C2*C1) =0 (16)

Solving this quadratic equation yields two mathematical
roots. As is standard when modeling physiological phenom-
ena, we must identify the physically meaningful solution by
evaluating these roots against established boundary conditions
for cybersickness progression.

—(p6'2—6‘1):|:\/(pC2—61)2—4-%(1—6‘1+2C2)(6‘2—6‘1)

2-1(1—c1+2cz)
(c1 —pc2) :t\/ +(3=2p)cic+c1—c2

i(l*Cl +262)

a7

The solution in Equation 17 shows the proportion of carry-
over effect compared to the magnitude of M, the cybersickness
level induced in the current condition. Theoretically, M, should
be correlated to the average induced cybersickness induced
in the other condition, M,;.; however, M and M., tend
to be approximately similar magnitude, and much higher
than the carryover effect. Further, in the estimation of d,
the difference between M and M., is averaged out as we
include the data from both conditions in this meta-analysis.
Recall that ¢; = 1/d? and ¢, = 1/d?, where d. and d are the
estimated effect sizes of within-subjects and between-subjects
studies, respectively. Based on the literature search described
in Section IV, we will estimate d. (separately for long and
short washout periods) and d in Section V to calculate the
values of k for both washout durations.

IV. METHOD
A. Preliminaries

To investigate H1, H2, and H3 and estimate the magnitude
of the carryover effect, we conducted a meta-analysis and a
meta-regression to evaluate the impact of washout periods on
the effect size of SSQ outcomes. Additionally, we included
the proportion of female participants as a moderator, as
prior research suggests that a higher proportion of female
participants is associated with smaller SSQ effect sizes [20].
We followed the PRISMA guidelines [43] when conducting
the literature survey.
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The Year of Publication for the Included Papers
(2016-2024)
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Fig. 1. The number of included papers published in each year, categorized

into three categories: within-subjects with short washout periods, within-
subjects with long washout periods, and between-subjects designs. Long
washout periods were defined as testing different conditions on separate days,
whereas short washout periods were defined as testing multiple conditions
within the same day.
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Fig. 2. The PRISMA flow diagram illustrates the process of identifying,

screening, and selecting studies eligible for inclusion in our meta-analysis.

B. Literature Search

a) Year Range: The final literature search was conducted
on December 4, 2024. We included studies published between
2016 and 2024, as 2016 marks the beginning of the consumer
VR era. Notably, a paper by Fernandes and Feiner on cy-
bersickness was published that year at IEEE 3DUI [3]. This
work has been highly influential, widely cited not only for
its findings on FOV restrictors and cybersickness mitigation,
but also for its experimental design and the introduction of
a novel symptom measurement method known as the relative
discomfort score.

b) Keywords: We used the search terms: (“VR” OR
“Virtual Reality”) AND “*sickness,” following the keyword
strategy adopted by Biswas et al. in their recent review
of cybersickness literature [22]. This approach reduces the
risk of omitting relevant studies, as many papers refer to
cybersickness as “visually induced motion sickness,” “VR
sickness,” or “simulator sickness.” However, this broad search
also yields results that are not directly relevant. We manu-
ally screened all papers matching these keywords using the
inclusion criteria listed in Section IV-C, specifically criterion
4, to ensure the exclusion of unrelated papers. We directly
searched TEEE Xplore! and ACM Digital Library?, as they
publish many of the leading journals (e.g., IEEE TVCG, ACM
TOG, ACM TAP) and conferences (e.g., IEEE VR, ISMAR;
ACM CHI, VRST, SIGGRAPH, SAP) in the VR field. In
line with the recommendations by Field and Gillett [44], we
also manually searched additional journals outside IEEE and
ACM. Specifically, we reviewed Frontiers in Virtual Reality3
and Springer Virtual Reality®, as both journals have a strong
focus on VR and frequently publish studies on cybersickness.

C. Inclusion Criteria

We included reports from studies based on the following
criteria:

1) Must be a full paper. No posters, extended abstracts,
workshop papers, or short papers that are 3 pages or
less.

2) Presented results of a human-subject study.

3) Used the head-mounted display (HMD) in their study.

4) Focus on the cause, mitigation, or measurement of
cybersickness induced by visual stimulus.

5) Correctly calculated SSQ total scores (see [45] for
details).

6) Reported required information for the analysis, including
the mean and standard deviation of the delta- or post-
SSQ for each condition and the sex distribution of
participants.

7) The average SSQ score of the experiment is above 10.

Although there is no single number that can serve to char-
acterize the overall incidence of sickness using the SSQ,
Stanney et al. categorized symptoms induced by simulated
experiences with average SSQ scores below 10 as minimal
or negligible symptoms based on 9,000 samples collected
from military flight trainers on different simulators [46]. As
a result, we excluded studies reporting an average SSQ score
below 10, as a typical cybersickness study should induce more
than minimal symptoms to allow for meaningful comparisons
and avoid floor effects. If a paper studied physically induced
motion sickness, we excluded it since we focus our analysis
on visually induced cybersickness. Among all the samples we
collected, we excluded conditions (4 in total) that did not use
HMDs and kept the data from conditions that used HMDs.

Uhttps://ieeexplore.ieee.org

Zhttps://dl.acm.org/
3https://www.frontiersin.org/journals/virtual-reality
“https://link.springer.com/journal/10055
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Figure 2 shows the detailed selection process for the identi-
fied papers. We utilized a two-round selection process during
screening. In the first pass, we identified and excluded all
entries that were not full-length papers. Four co-authors (TN,
VC, CHP, IBA) individually screened all search results to flag
posters, extended abstracts, workshop papers, or short papers
based on the first inclusion criterion. Each reviewer’s results
were double-checked by another reviewer. Next, six co-authors
(TN, VC, CHP, DZh, HT, IBA) read the full text of the
remaining papers and selected those that met the remaining
inclusion criteria. At this stage, we excluded one paper that
was indexed but not published by ACM DL, as its full-text
PDF file could not be retrieved online. Again, each reviewer’s
results were cross-checked by another reviewer.

We include 50 papers that meet our inclusion criteria, which
include 11 papers from Springer Virtual Reality, 9 papers from
TVCG (including special issues), 6 papers from CHI, 6 papers
from Frontiers in VR, 3 papers from IEEE VR, 1 paper each
from 3DUI, ISMAR, SUI, TAP, and ToG, and 8 papers from
other venues. A total of 55 independent human-subject studies
were reported in these papers that met our inclusion criteria.

D. Categorization of Experiments

We categorized the experiments into three groups: between-
subjects, within-subjects (long), and within-subjects (short),
and listed them in Table I.

1) Between-Subjects: The between-subjects category in-
cludes studies that explicitly used a between-subjects design.
It also includes studies with only one experimental condition,
like those focused on building datasets for cybersickness
measurement, since each participant experienced only a single
VR session.

2) Within-Subjects: The remaining studies employed a
within-subjects design and were further divided based on the
length of their washout period.

a) Short Washout Periods: We define “short” washout
periods as those that allow the entire experimental session
for a single participant to be completed within a single lab
visit. Theoretically, such a washout period could vary from
zero to several hours. However, to the best of our knowledge,
experiments rarely report using washout periods longer than
20 minutes for single-visit sessions. As shown in Table I,
in all included experiments that fell into this category and
reported their washout periods, the durations were less than
or equal to 15 minutes. Even though there is some uncertainty
regarding the exact length of the washout periods, as a few
experiments extended resting time if participants did not meet
certain criteria (e.g., reporting an FMS score of 1 or an
SSQ score of 0) or did not report the exact duration, the
general trend suggests it is very rare for researchers to design
experiments with washout periods that average significantly
over 15 minutes. Nevertheless, there are large variations in the
length of washout periods across the included experiments.
The washout periods of included experiments range from
completely optional to 1, 5, or 10-15 minutes, which may
have varying impacts on experiment outcomes. We discuss
these variations further in Section VIIIL.

b) Long Washout Periods: In contrast, we define “long”
washout periods as those that require participants to expe-
rience conditions on different days, allowing them at least
one night to recover from previous cybersickness symptoms.
It is worth noting that six out of 13 experiments reported
that different conditions were tested on different days; this
implies that, despite being significantly longer than the short
washout periods mentioned above, some washout periods may
have been less than 24 hours. Four experiments reported that
conditions were separated by at least 24 hours, and three other
experiments required participants to revisit the lab after 5-
10 days. However, long washout periods do not necessarily
eliminate carryover effects, as participants may adapt to VR
over time [16], [17].

Although many of the reviewed studies employed mixed de-
signs, often treating cybersickness as a within-subjects factor
and other variables (e.g., sex) as between-subjects factors, we
focus exclusively on the design relevant to the cybersickness
factor in this analysis.

E. Effect Size Calculation

a) Standard Approach: For our meta-analysis, we chose
to investigate the SSQ outcome—the most commonly used
cybersickness measure. We focused on the effect size (Cohen’s
d) of SSQ increase in each condition of every experiment.
Cohen’s d is calculated using the distribution from pre- and
post-exposure using equation 18. Cohen’s d serves as the stan-
dardized mean change, which is the foundational and validated
metric for quantifying within-group temporal shifts in meta-
analyses [87]. By calculating this metric for every condition,
we were able to standardize the impact of experiment design
across studies, allowing us to accurately estimate how different
washout periods influence carryover.

_ Mpost - Mpre
="y 18
2(1-r)
where
SDaiff = \/SD%)re + SD%)()SZ — 278D preSD post (19)

SDyiry is the standardized mean difference (SMD). The factor
r is the pre-post test correlation value (Pearson correlation
coefficient).

b) Limitations: The correlation factor r is difficult to
determine directly. Ideally, with sufficient data, it can be
estimated using Equation 20:

e Y.(Pre; — Mpye ) (Post; — M pog )
\/Z(Pre,- — Mo )? Y. (Post; — Moy )

However, this value is rarely reported in the existing literature.
Peck et al. [20] claimed to estimate r as 0.90, citing the test-
retest reliability of the SSQ based on a paper by Golding
[88]. In reality, Golding reported the test-retest reliability of
the Motion Sickness Susceptibility Questionnaire (MSSQ) —
not the Simulator Sickness Questionnaire (SSQ). Importantly,
the MSSQ does not measure cybersickness symptoms; rather,
as Golding described, it is designed to “predict individual
differences in motion sickness caused by a variety of stimuli.”

(20)
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TABLE I
THIS TABLE PRESENTS KEY INFORMATION FOR EACH INDEPENDENT EXPERIMENT INCLUDED IN OUR META-ANALYSIS, INCLUDING THE EXPERIMENTAL
DESIGN, THE NUMBER OF CELLS, THE DURATION OF VR EXPOSURE, WASHOUT PERIODS, AGGREGATED EFFECT SIZES, VARIANCES, SAMPLE SIZES, THE
PROPORTION OF FEMALE PARTICIPANTS, AND THE TYPE OF SSQ DATA USED IN THE ANALYSIS. NOTE THAT THE ONLY ELIGIBLE DATA POINT REPORTED
IN [47] WAS IDENTIFIED AS AN OUTLIER AND EXCLUDED FROM THE FINAL ANALYSIS.

Duration

Number  (* may be Proportion SSQ

Experiment Design Washout Period Effect Size  Variance = Sample Size  of Female (Delta- or
of Cells  shorter due to Partici .
, articipants  post-SSQ
cybersickness)
[48] Between 2 Unspecified N/A 0.964 0.03 47 43% Post
[49] Between 1 Unspecified N/A 1.065 0.06 26 54% Post
[50] Between 3 130 seconds  N/A 1.088 0.031 54 57% Post
[51] Between 2 10 min N/A 1.312 0.047 40 63% Post
[52] Between 1 30 min N/A 1.042 0.057 27 41% Post
[8] Between 2 45 min N/A 1.727 0.066 40 50% Delta
[53] Between 8 9 min N/A 0.826 0.006 240 58% Delta
[54] Exp 1 Between 2 10 min N/A 1.525 0.08 30 50% Post
[54] Exp 2 Between 2 10 min N/A 1.259 0.08 24 50% Post
[55] Between 1 15 min N/A 2.125 0.142 23 9% Post
[56] Between 1 14 min* N/A 1.402 0.066 30 50% Delta
[57] Between 3 15 min N/A 1.003 0.01 153 35% Delta
[58] Between 1 7.5 hours N/A 1.314 0.085 22 55% Post
[16] Between 1 20 min N/A 1.387 0.103 19 42% Delta
[59] Between 2 25 min N/A 1.486 0.14 16 25% Post
[60] Between 4 30 min* N/A 1.478 0.027 81 53% Delta
[61] Between 1 18 min N/A 1.871 0.11 25 48% Post
[62] Between 1 40 min N/A 1.566 0.07 32 449% Post
[63] Between 4 40 min* N/A 2.728 0.114 44 39% Delta
[64] Between 2 27 min N/A 0.957 0.011 129 50% Post
[65] Between 1 14 min* N/A 1.166 0.042 40 53% Post
[66] Between 1 56 min N/A 1.419 0.067 30 50% Post
[67] Between 1 15 min N/A 1.241 0.049 36 44% Post
[17] Between 2 20 min* N/A 1.323 0.018 103 43% Post
[68] Between 4 20 min* N/A 1.297 0.009 201 41% Post
[69] Between 2 10-25 min N/A 0.856 0.033 41 20% Delta
[3] Within (Long) 2 21 min Different days 1.712 0.053 24 33% Delta
[70] Exp 1 Within (Long) 2 50 min 5-10 days 1.142 0.055 30 50% Post
[70] Exp 2 Within (Long) 2 35 min 5-10 days 1.233 0.059 30 27% Post
[71] Within (Long) 2 Unspecified > 24 hours 0.892 0.032 22 50% Post
[72] Within (Long) 4 10 min > 24 hours 1.551 0.019 30 0% Post
[73] Within (Long) 3 9 min About 24 hours 0.707 0.03 14 50% Post
[74] Within (Long) 2 Unspecified > 24 hours 0.924 0.025 28 50% Post
[75] Within (Long) 3 20 min Different days 1.467 0.035 20 50% Post
[47] Within (Long) 2 15 min Different days 2.94 0.111 48 50% Delta
[76] Within (Long) 5 15 min Different days 0.779 0.015 19 42% Delta
[77] Within (Long) 2 Unspecified About a week 0.86 0.022 31 48% Post
[78] Exp 1 Within (Long) 3 20 min Different days 0.585 0.02 20 50% Delta
[78] Exp 2 Within (Long) 3 20 min Different days 0.989 0.025 20 50% Delta
[79] Within (Short) 2 5 min* > 1 min 0.707 0.052 12 33% Post
[13] Within (Short) 2 25 min 10 min 0.578 0.022 28 50% Delta
[41] Within (Short) 7 < 3 min (Optional) 0.886 0.007 28 36% Post
[80] Within (Short) 4 3 min 5 min 0.531 0.01 30 23% Delta
[37] Within (Short) 2 < 10 min 5 min 1.043 0.035 22 45% Post
[38] Within (Short) 3 146 seconds > 5 min 0.862 0.019 24 63% Post
(Until rested and
[40] Within (Short) 2 7-8 min heart rate at 0.803 0.041 16 38% Post
resting level)
- . > 1 min and
[10] Within (Short) 3 5 min until EMS=1 0.964 0.013 38 45% Delta
[81] Within (Short) 3 3-5 min Unspecified 1.209 0.024 24 29% Post
[82] Within (Short) 2 15 min 10-15 min 1.121 0.029 28 32% Post
[12] Exp 2A Within (Short) 5 3 min 5 min 0.79 0.024 11 0% Delta
[12] Exp 3 Within (Short) 3 223 seconds  (Until SSQ=0) 0.892 0.009 51 35% Delta
[83] Within (Short) 2 < 7 min Unspecified 1.069 0.049 16 0% Delta
[84] Within (Short) 2 412 seconds 15 min 1.033 0.024 32 47% Post
- . > 5 min and
[85] Within (Short) 4 5 min until FMS=1) 1.009 0.007 54 37% Delta
[86] Within (Short) 2 35 min Unspecified 1.232 0.028 32 53% Post

Thus, its test-retest reliability reflects the stability of individual pre- and post-exposure symptom scores measured by the SSQ.
susceptibility to motion sickness, not the correlation between Because estimating r requires both pre- and post-SSQ
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TABLE I

THIS TABLE PROVIDES FURTHER DETAILS ON THE YEAR OF PUBLICATION, INDEPENDENT VARIABLES, AND RELATED DEPENDENT VARIABLES FOR EACH
INCLUDED EXPERIMENT. THE NAMES OF THE INDEPENDENT VARIABLES WERE DIRECTLY COPIED FROM THE RESULTS REPORTED IN EACH PAPER.

Experiment Year Independent Variables Dependent Variables
Bessa et al. [48] 2016  360Video; 3D-360Video SSQ
Schmitz et al. [49] 2018 N/A SSQ
Tyrrell et al. [50] 2018  Neck pain; Vestibular; Control SSQ; Simulator sickness visual analogue scale
Mittelstaedt et al. 2019 [51] 2019  Bike/HMD; Gamepad/HMD SSQ
Szpak et al. [52] 2019  N/A SSQ
Nie et al. [8] 2020  blur disabled; blur enabled SSQ
visual-only w/o head bobbing; visual-only with head
bobbing; audio; 2-sided tapping; 2-sided vibration e N
Peng et al. [53] 2020 synchronized; 2-sided vibration random; backside S5Q; Discomfort score
vibration synchronized; backside vibration random;
Yildirim [54] Exp 1 2020  Rift; Vive SSQ
Yildirim [54] Exp 2 2020  Rift; Vive SSQ
Islam et al. [55] 2020 N/A SSQ; Fast Motion Sickness Scores
Teixeira et al. 2022 [56] 2022 N/A SSQ; Fast Motion Sickness Scores; Vection
Strength
Sepich et al. [57] 2022  No-Task; 0-Back; 2-Back SSQ
Chen and Weng [58] 2022 N/A SSQ
Adhanom et al. 2022 [16] 2022 N/A SSQ; Discomfort score
Cortes et al. [59] 2023  VRS; NoVRS SSQ; 10-point scales on six symptoms
Venkatakrishnan et al. 2023 [60] 2023 ND; AD; VD; CD SSQ; 10-point scale on comfort
Achanccaray et al. [61] 2023  N/A SSQ
Thorp et al. [62] 2024 IVR SSQ
Venkatakrishnan et al. 2024 [63] 2024  SIL-Low; SIL-High; STD-1-back; STD-2-back SSQ; 10-point scale on comfort
Mittelstaedt et al. 2024 [64] 2024  Static; Dynamic SSQ; three items asking for sickness symptoms
Teixeira et al. 2024 [65] 2024  N/A SSQ; Vection Strength
Palmisano et al. [66] 2024  N/A SSQ; Fast Motion Sickness Scores
Setu et al. [67] 2024 N/A SSQ; Fast Motion Sickness Scores
Doty et al. [17] 2024  Day 1; Full FOV SSQ; Discomfort score
Kelly et al. [68] 2024  None; FOV; Snap; Both SSQ; Discomfort score
Nisiotis et al. [69] 2024  Normal; Time Dilation SSQ
Fernandes and Feiner [3] 2016  No restriction; Restriction SSQ; Discomfort score
Benz et al. [70] Exp 1 2019 HMD SSQ
Benz et al. [70] Exp 2 2019 HMD SSQ
Adhanom et al. 2020 [71] 2020 FX; FV SSQ; Discomfort score
Wibirama et al. [72] 2020  FPS player; FPS spectator; racing player; racing spectator ~ SSQ
Ranasinghe et al. [73] 2020  No-OlIf; High-Olf; Mde-Olf SSQ; Fast Motion Sickness Scores
Adhanom et al. 2021 [74] 2021 RN; RY SSQ
Vlahovic et al. 2021 [75] 2021 BS; OU; SS SSQ
Park et al. [47] 2022 HMD SSQ
Pohlmann et al. [76] 2023 CI1-NR; C2-A; C3-V; C4-AV; C5-NC SSQ; Misery Scale
Weser et al. [77] 2023  Walking-2; Manual wheeling SSQ
Vlahovic et al. 2024 [78] Exp 1 2024 BS; OU; SS SSQ; CSQ; VRSQ
Vlahovic et al. 2024 [78] Exp 2 2024  FN; DB; SPT SSQ; CSQ; VRSQ
Hu et al. [79] 2019 P; O SSQ
Al Zayer et al. [13] 2019 RN; RY SSQ; Discomfort score
forward-jumping; teleportation; scaled-1.4; scaled-1.8;
el et ol (A =020 scaled-2.2; scaled-2.6; scaled-3.0 550
Tian et al. [80] 2020 SB; SV; DB; DV SSQ
Adhikari et al. [37] 2021  Gamepad; HJ SSQ; Fast Motion Sickness Scores (0-100)
Nguyen-Vo et al. [38] 2021  NaviBoard; Walking; Controller SSQ
Xu et al. [40] 2021  Young Adults VR-Cer; Young Adults VR-Unc SSQ
Ang and Quarles 2022 [10] 2022  Flat; Regular Bump; Perlin Noise SSQ; Fast Motion Sickness Scores (0-10)
Matviienko et al. [81] 2022  Straight road; Turns; Slopes SSQ; Fast Motion Sickness Scores
Paroz and Potter [82] Exp 1 2022  Control; Air flow SSQ
Lin et al. [12] Exp 2A 2023  30; 60; 90; 120; 180 SSQ
Lin et al. [12] Exp 3 2023  TP; JS; Ours SSQ; Fast Motion Sickness Scores
Al-Ashwal et al. [83] 2024  Clear; Stormy SSQ
Mayor et al. [84] 2024  FNW; MTRW SSQ
Ang and Quarles 2024 [85] 2024  Control; FOV; Flat; Smooth SSQ; Fast Motion Sickness Scores (0-10)
Gabes et al. [86] 2024  Active; Passive SSQ

scores, Peck et al. were only able to include 22 studies out
of the 407 they sampled. This is unsurprising, given that
when Kennedy et al. introduced the SSQ, they stated that
is intended only for applications
to postexposure symptoms” [14]. Although many studies do

“the SSQ scoring system ...

collect pre- and post-exposure SSQ scores, it is not always the
case. We estimate r directly using Equation 20 and data from
prior studies available to us. Based on the data from a previous
experiment [5], we estimated » = 0.5. While this value may
vary across studies, it is important to note that r affects all
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effect sizes uniformly, as shown in Equation 18, and therefore
does not influence the relative differences between studies.

¢) Solution: Fortunately, for delta-SSQ scores (pre-post
difference), we can calculate Cohen’s d directly using equation
12 because both M, and SD,,. in equation 18 are O in this
case [87].

In our search results, we found that only a subset of studies
reported delta-SSQ scores, while the rest reported only post-
SSQ scores. We carefully considered whether it would be
appropriate to treat post-SSQ scores as delta-SSQ scores.

When Kennedy et al. introduced the SSQ, they found
minimal variance in pre-exposure SSQ scores among 1,119
healthy U.S. Air Force pilots [14]. Based on this finding,
they suggested that the mean and standard deviation of pre-
exposure SSQ scores could reasonably be assumed to be zero.
However, recent works have questioned the validity of this
assumption when generalizing beyond the pilot population.
For instance, Brown et al. [89] argued that the zero-baseline
assumption may not hold for the general population, leading
to increased interest in reporting delta-SSQ scores. Nonethe-
less, many researchers have continued to follow the original
recommendation, resulting in a mix of reporting practices.

This inconsistency poses a challenge for meta-analysis, as
it is generally advised not to combine post-intervention scores
and change scores (delta) when calculating standardized mean
differences (SMD) [90]. However, a previous empirical study
analyzing 21 meta-analyses in osteoarthritis research found no
meaningful difference between using post-intervention values
and change scores [91]. Based on such evidence, Higgins et
al. recommended that both types of data may be combined in
a single analysis under certain conditions [92].

Following this guidance, we included studies that reported
either delta-SSQ or post-SSQ scores (see Section IV-C). When
both delta-SSQ and post-SSQ were available, we used delta-
SSQ. In cases where only pre- and post-SSQ scores were
reported (and not delta-SSQ), we did not compute delta-
SSQ ourselves using Equation 18, due to the uncertainty
surrounding the correlation factor r discussed earlier. Instead,
we used only the post-SSQ scores in such cases.

F. Data Collection

1) Unit of Analysis: The unit of analysis refers to the
fundamental entity from which data is collected and analyzed.
In this meta-analysis, we defined the unit of analysis at the
condition level. For each condition within a study, we extracted
a single effect size from the reported results.

As noted by Li et al., the reporting of crossover trials
(i.e., within-subjects designs) varies greatly, and essential
details for performing paired analyses are often missing in
published studies [93]. As a result, researchers frequently
treat crossover trials as if they were parallel-group trials (i.e.,
between-subjects designs), assuming independence between
groups [94]. While this approach introduces a unit-of-analysis
error, it is generally considered conservative, as it tends to
underweight the influence of crossover trials. Thus, although
not ideal, this type of error is viewed as less serious than other
unit-of-analysis violations [92].

2) Data Collection and Extraction: As mentioned in Sec-
tion IV-E, we extracted the means and standard deviations of
the delta or post-SSQ scores for each condition across the 55
experiments included in Section IV-C for our meta-analysis.
In cases where authors reported data for the same condition
split into subgroups, such as by presentation order (e.g., [3])
or participant classification (e.g., sick vs. not sick in [37]), we
recombined the data using Equations 7 and 8, following the
method outlined by Higgins et al. [92].

One experiment only reported the Cohen’s d between pre-
and post-SSQ scores [47]. In cases involving between-subjects
designs where sex-specific data was unavailable at the condi-
tion level, we assumed an even distribution of male and female
participants across conditions. For example, if a between-
subjects experiment reported that 60% of the participants
were female but did not specify the sex distribution for each
condition, we assumed that all conditions shared the same
distribution of 60%. While this assumption introduces a lim-
itation, we consider it a necessary and practical compromise
to enable data synthesis.

3) Descriptive Statistics: The sample-size-weighted aver-
age SSQ scores for between-subjects, within-subjects (long),
and within-subjects (short) conditions are 36.12, 32.88, and
24.26, respectively.

V. RESULTS

The complete dataset collected in Section IV-F and the
corresponding analysis code are available in our GitHub
repository>.

A. Basic Meta-Analysis

We first estimated the overall effect size for the entire
population. To get a thorough presentation on outliers, we
used the influence function in the R package metafor
[95] to calculate and plot the influence diagnostics. Upon
careful review of the externally standardized residuals, DF-
FITS values, Cook’s distances, covariance ratios, and a few
other diagnostics, all metrics revealed the same outlier. As a
result, we excluded it from the analysis. After we removed this
outlier, the estimated average effect size was d = 1.06 (95%
CI 1.00—1.12, p < .001), indicating a large effect size and a
significant increase in the SSQ score after VR exposure from
cybersickness studies.

B. Assessing Statistical Heterogeneity

The heterogeneity analyses showed significant variability in
effect sizes among all experiments. The test for heterogeneity
was significant (Q(133) =297.52,p < .001). The I? statistic
was 51.41% > 50%, indicating that our data is heterogeneous,
and a random effect model of meta-analysis should be used.

Shttps://github.com/nietongyu/CybersicknessGuideline
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Bubble Plot of the Meta-Regression Results
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Fig. 3. In this bubble plot, we present results of the meta-regression. Each circle represents the effect size in SSQ score change for one condition in an

independent study. The sizes of circles are proportional to the inverse of variances (1/Variance). We found a significant difference among different study
designs. Between-subjects designs resulted in significantly higher effect size compared to within-subjects designs with both long and short washout periods.
Within-subjects designs with long washout periods resulted in significantly higher effect size compared with within-subjects designs with short washout

periods.

C. Moderator Analyses

1) Full Analysis: We conducted a meta-regression to test
if three different study designs: between, within (long), and
within (short), can significantly affect study’s effect size. We
also included the proportion of female participants as a factor
because a previous meta-analysis has found it significantly im-
pact experiments’ effect size of SSQ changes [20]. The test of
moderators of the meta-regression indicated that study design
had a significant impact on the observed effect size (QM(3) =
24.95, p < .001). Model results showed that between-subjects
design studies have significantly higher effect size (1.42,95%
CI 1.20 — 1.63,p < .001) than within (long)’s (1.22,95%
CI 0.85—1.59,p = .01) and within (short)’s (1.06,95% CI
0.71 —1.42, p < .001) effect size. As a result, H1 and H2 are
supported. We also observed a significant association between
the proportion of female participants and effect size (slope:
—0.45,95% CI —0.87 — —0.04, p = .03). This result supports
H3.

2) Analysis with Only Delta-SSQs: In addition, to enhance
the generalizability of our approach and validate the practice
of treating post-SSQ scores as equivalent to delta-SSQ scores,
we conducted a separate analysis on the delta-SSQ data
alone. This subset consists of only eight between-subjects
experiments, four within (long) experiments, and seven within
(short) experiments, containing 25, 13, and 23 condition-
level data points correspondingly. On the subset alone, the
test of moderators of the meta-regression again indicated
that study design had a significant impact on the observed
effect size (OM(3) = 9.12,p = .03. Model results showed
that between-subjects design studies have significantly higher

effect size (1.28,95% CI 0.88 — 1.68,p < .001) than within
(short)’s (0.90,95% CI1 0.23 —1.57, p = .006). While the within
(long)’s effect size is also smaller than the between-subjects
effect size, the difference is not significant (1.01,95% CI
0.33—1.69, p=.07). As a result, only H2 was supported while
H1 was not. However, considering the very limited number of
within (long) experiments reporting delta-SSQ and the p-value
being only slightly above .05, we believe the conclusion drawn
regarding H1 using the full dataset remain valid.

We did not observe any significant association between
the proportion of female participants and effect size (slope:
—0.19,95% CI —0.95 —0.57,p = .62). This result did not
support H3.

VI. THE IMPACT OF CARRYOVER EFFECTS
A. Symptoms Carried to the Second Condition

Recall the results we get in Section III, Equation 17.
Using the estimated effect size we have in Section V-C,
we can estimate the proportion (k = M, /M) of cybersickness
symptoms carried over from a previous experimental session
to the subsequent one.

1) Conservative Estimation of Effect Size Differences:
Since the equations we derived in Section III are based on
a study with two conditions, while a large proportion of
within-subjects studies in our dataset have more than two
conditions, the effect size change we observed in Section
V-C is larger than the change for the studies with only two
conditions. However, the estimation of carryover effects de-
pends on different assumptions for three condition designs. We
consider two extreme conditions: the upper bound condition
where the means of three order sessions are M, M + M,, and
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M +2M,; and the lower bound condition where the means are
M, M+M,, and M + M,. The upper bound case assumes the
impact of the first session is fully there at the third session
while the lower bound case assumes the impact of the first
session is fully washed out. Realistically, the impact should
be somewhat in the middle between these two cases. Using
Equation 8, we can derive the combined standard deviation
SD, for both cases.

2nM?
SD¢ up =41 /8SD? 4+ ——¢—_ 21
c_up + 3(}1 _ 1) 21
SD _ [spr g 2nMe (22)
c_bottom — 9(1/1 — 1)

Given the above results, we estimate that studies with
three conditions have roughly twice the impact of carryover
effects on standard deviation per condition than studies with
two conditions. We confirmed this estimate through a simple
simulation. The simulation code is available in our GitHub
repository. As a result, we adjusted our estimations accord-
ingly by weighing experiments with two conditions as 1x2
(two conditions) and those with more than two conditions
as 2xj (j is the number of conditions). We adjusted the
estimations using Equation 23.

2 Rexp

dad j= dhetween - max (dbetween - dlnng)
2 Reopa=2 + ‘Z_%] *Neond=j 2
Jj=1

Nexp

= dbetween - max (dbelween - dlong)
Neond=2 + 23] *Neond=j
j:
(23)
In Section V-C, the meta-regression’s result shows

dperween = 1.42, djong = 1.22, and dypor = 1.06. Based on
Table I, the experiments with long washout periods include
seven studies with two conditions, four with three conditions,
and one each with four and five conditions. Consequently,
we estimate the effect size for the two-condition studies as
follows:

13

dlong_adj = dperween — 278 * (dbetween - dlong) =1.33 (24)

For short washout periods, the dataset includes eight exper-

iments with two conditions, four with three conditions, two
with four conditions, and one experiment each with five and
seven conditions.

16
dshort_adj = dbetween - % * (dbetween - dshort) =1.28 (25)

2) Long Washout Period’s Carryover Effects: Based on the
effect size for two-condition studies we estimated above, we
have:

1
Cl_long = S =0.57
long_ad j
1 26)
C) = 7 =0.50

between

If we plug them into Equation 17, we can get an estimation
of the carryover effect that each participant experiences after
the first condition.

27

M, 4
Kiong = ;[g —0.56 or —0.36

Recall from Equation 17 that M, is directly proportional
to M. Both solutions theoretically account for the observed
effect size differences. However, to select the valid solution,
we evaluate them against established boundaries of cyber-
sickness adaptation. A value of kj,,, = 0.56 implies a 56%
increase in cybersickness symptoms after a long washout
period. Extensive quantitative results from multi-day VR ex-
posure consistently reports an adaptation effect (symptom
reduction) of approximately -30% [16]-[19], [96], [97]. To
the best of our knowledge, the only documented instance of
positive adaptation is the Climb 2 condition in Kelly et al.
[19]. However, Climb 2 involves primarily vertical locomotion
with minimal continuous optical flow, a distinctly different
profile from the standard locomotion interfaces evaluated here.
Therefore, we reject the extraneous root kj,,g = 0.56 because
it violates the established bounds of multi-day adaptation,
leaving k;on, = —0.36 as the unique, physiologically plausible
solution. As a result, the estimated carryover effect is around
—36% of the cybersickness level induced in the first session.

This negative carryover effect is congruent with previous ob-
servations on adaptation to cybersickness, where participants’
average SSQ total scores reduced 25.5% from Day 1 to Day 2
(SSQ-TS:47.41 to 35.31) in a controlled study [17]. Palmisano
and Constable found that the disorientation subscore of the
SSQ decreased from 52 to 28 between Day 1 and Day 2 [98].
The average SSQ total scores were also reduced by 35% from
Day 1 to Day 2 (SSQ-TS: 28.82 to 18.89, extracted using
PlotDigitizer from Figure 2 in the paper). This result confirmed
the validity of our approach despite our rough estimation.

3) Short Washout Period’s Carryover Effects: Similar to
the previous section, we can estimate how much cybersickness
is carried over to the second condition after a short washout
period. Using the meta-regression results, we have:

1

Cl_short = —p5
short_ad j

=0.61 (28)

Plugging ¢ g0y and c¢p into Equation 17, we can get an
estimation of the symptoms that get carried over to the second
condition.

M,
Kghort = —=19" — 0.79 or —0.43

29
i (29)

Similarly, evaluating the short-term carryover yields two
mathematical roots. A solution of kg,, = —0.43 indicates

that a short break not only clears initial symptoms but also
generates a 43% reduction in subsequent cybersickness sus-
ceptibility. Through a systematic literature review, Rebenitsch
and Owen concluded that resolving cybersickness symptoms
requires significant time, often spanning hours [27]. Further-
more, Zielasko et al. monitored participants for 90 minutes
after VR exposure and mapped the gradual decay of cyber-
sickness symptoms [99]. Achieving a -43% adaptation effect
almost immediately post-exposure contradicts these known
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symptom decay curves. Therefore, we treat kg,,, = —0.43
as an extraneous root representing an unlikely physiological
recovery rate. As a result, the estimated carryover effect
suggests that 79% of the cybersickness symptoms induced
in the first session are carried over to the following session,
indicating a short break (< 15 minutes) is not enough to wash
out cybersickness symptoms.

This result is also congruent with previous findings. Schmitz
et al. administered SSQ directly after (SSQ_POST1) and 10
minutes after (SSQ_POST2) VR exposure and found that
SSQ_POST2 is 60% of the SSQ_POST1 (48.92 to 29.53) [49].
Mittelstaedt et al. found that participants’ SSQ scores remained
73% (Bike/HMD, 54.0 to 39.5) and 70% (Gamepad/HMD,
52.6 to 37.0) of their original score at the end of VR exposure
after performing some tasks for at most 25 minutes [51].
Overall, these results serve as evidence that our calculation
on the carryover effect is accurate.

4) Estimations Using Delta-SSQ Data: We also performed
the same estimation for kj,,, and kg, using the delta-
SSQ results from Section V-C2. The resulting estimates are
kiong = —0.39 and kg0 = 0.85, which are consistent with
the estimates produced using the full dataset. This consistency
confirms the validity of our earlier assumption of treating post-
SSQ scores as equivalent to delta-SSQ scores.

B. Impact on Experiment Design and Statistical Power

1) Sample Size Comparison: The Pitman Asymptotic Rel-
ative Efficiency (ARE) represents the ratio of sample sizes per
condition required to achieve the same power under a within-
and a between-subjects design [100].

Mw _ Ow
np 62
_ 2(1—}’)62 (30)
402
- 1—r
2

Here, n,, and n; are the number of participants for within-
and between-subjects design, o,, and O} are the asymptotic
variances for each design, and r is the Intraclass Correlation
Coefficient (ICC) [101]. We used multiple within-subjects
studies’ results and determined that the SSQ’s ICC is r =0.5.
Without any carryover effect, we can see that a within-subjects
design requires only one fourth of participants per condition
compared with between-subjects’. For an experiment with two
conditions, if a within-subjects study needs n participants, a
between-subjects study needs 8n participants in total to achieve
the same power. However, as we will show in Section VI-B2
below, with the carryover effect of short washout periods, this
superiority is hard to achieve.

2) With Carryover Effects: We parameterize the outcome
means of a within-subject study with two conditions (E and C)
below in a way similar to a previous work [101]. Mlc and MIE
are the means of the first experiment session while Mjs are the

means of the second experiment session, with the superscript
denoting the order of conditions applied.

M{ =p
Mf=p+6
MSC =u+%

s €2y
M5C = p+%+ 2
M5E =p+%+6
MSE =pu+t4+0-4

Suppose the alternative hypothesis is that 6 > 0. Variables
A = MZEC —MZCC and A; = MEE —MZCE are the expected
carryover effects under the two order groups. Using results
from sections VI-A2 and VI-A3, we expect:

do = = 6(M./M) (32)

This is because we expect the symptoms carried over from
the first condition to the second condition are proportional to
the symptoms induced in the first condition. As a result, the
difference between the carryover effect in the orders that start
with E and those that start with C is proportional to Mf -
MIC = 0. For example, for the order effect of cybersickness,
we have 4p = A; = —0.366. And for the carryover effect, we
have Ayp = A; = 0.796.

Shi and Ye derived the Pitman ARE between within- and
between-subject designs with order/carryover effects taken into
consideration [101]:

iy @%.(1_/10-1-/11)2
26al),‘

I (33)
np Gb

a) Effect of Short Washout Period: If we plug in all the
data we have, the Pitman ARE for short washout period is:
iy  1-05 (1 (0.79+0.79)6 ) -
B T 20

n 2 (34)

=4.73

This result shows that, given the carryover effect we obtained
and cross-checked, 4.73x more participants per condition are
needed when using a short washout period to achieve the same
power compared to using between-subjects design, which is
close to the total number of participants needed by a between-
subjects design.

b) Effect of Long Washout Period: In their work on
carryover effects, Shi and Ye argue that a negative carryover
effect (A0 = A; = —0.36 < 0) can result in a bloated type
I error rate (Pg, in Equation 35), making the statistical test
invalid [101]. However, this conclusion may not generalize to
our case because of two of its assumptions. First, the negative
carryover effect is indeed proportional to the symptoms de-
veloped in previous exposure. To the best of our knowledge,
there is no empirical evidence supporting this assumption for
cybersickness adaptation [17]. Second, this impact on type I
error rate only happens when there is a difference between
the two conditions, in which case the estimated difference is
bloated. Howeyver, if there is no actual difference between the
conditions, the impact on type I error rate is minimal. In the
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Fig. 4.

Simulated statistical power of within-subjects designs across varying carryover magnitudes and intraclass correlation coefficients (ICCs). The y-axis

represents statistical power. The x-axis indicates the magnitude of carryover effect, which ranges from 0.4 to 0.9 for short washout periods and -0.5 to -0.1
for long washout periods. Each solid colored line corresponds to a specific ICC value ranging from 0.3 to 0.8, illustrating how higher correlations generally
preserve statistical power. Figures (a, c, e, g) were created using the effect sizes without conserved estimation, which were reported in Section V-C Due to the
impact of nested carryover effects, these results are more suitable for reference when creating experiments with more than two conditions. Figures (b, d, f, h)
were created using the effect sizes with conserved estimation reported in Section VI-A1, which are more suitable for reference when designing experiments
with only two conditions. The horizontal dashed gray line in each panel represents the baseline statistical power of an equivalent between-subjects design.
The intersection points where the solid lines fall below this dashed threshold indicate the exact carryover magnitudes at which a within-subjects design loses

its statistical advantage over a between-subjects design.

future, further research is needed to quantify the impact of a
negative carryover effect on type I error rate.

%+ll>

o

Py (Ter > 21-a) = P (_Zl—oc —n-

3) Analytical Power Estimation : One of the primary goals
of this paper is to demonstrate the differences in statistical
power between within-subjects (long), within-subjects (short),

and between-subjects designs. We can now achieve this by
utilizing the results from Section VI-A.

a) Basics: In a basic within-subjects design with two
conditions, control (C) and experimental (E), and proper
counterbalancing, the statistical power is determined by the
effect size, sample size, and significance level [102]. Since
the significance level is typically set to oo = .05, for a given
number of participants, an experiment’s power is primarily
affected by the effect size between conditions, often calculated
as Cohen’s d (see Equation 12). Based on Equation 12, we
know that d o< Md,-ff/SDd,-ff. In Section III-A, we demon-
strated the impact of the carryover effect magnitude, k, on
Myiry. Conversely, SDy;rp for within-subjects studies is influ-
enced by both the condition-level pre-post standard deviations
and the Intraclass Correlation Coefficient (icc), as shown in
Equation 36. For within-subjects studies, a higher icc results
in smaller within-subjects variance, thereby increasing power

compared to an equivalent between-subjects study with the
same number of participants per condition.

SDaifs = \/SD% + SDIZ5 —2-icc-SD¢ - SDg (36)

To account for the uncertainty in our estimations of the
carryover magnitude (k) and the icc, we evaluated various
combinations of these parameters to provide a comprehensive
view. This allows readers to make informed judgments based
on their own experience and historical data. The power anal-
ysis was implemented in R using power.t.test; the code
is available in our GitHub repository.

b) Setup: We conducted an analytical power estimation
to evaluate the comparative statistical power between inde-
pendent and paired study designs under varying levels of data
contamination. In this estimation, we defined a sample size of
30 and assumed two conditions: a control condition C with
a mean SSQ of 50, and an experimental condition £ with a
mean SSQ of 30. We calculated the standard deviation for both
conditions using Equation 12 with the estimated condition-
level effect sizes in Section VI-A to reflect the impact of
carryover effects.

c) Simulation Method: For the between-subjects estima-
tions, we calculated the statistical power for an independent
samples z-test using the standard deviations of the two groups.
For the within-subjects estimations, we calculated statistical
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power based on the mean difference, My;rr, using Equation 2
and the standard deviation of the difference scores, SDy;rs,
using Equation 36. The mean difference between conditions
is directly affected by carryover effects. Rather than adding
an effect to a generated dataset, our method accounts for
these effects by systematically updating the expected mean
difference, as shown in Section III-A. Specifically, we reduced
the mean difference by a factor proportional to the carryover
magnitude (k), as calculated using Equation 2.

Due to individual differences, the carryover magnitude k
may vary across the populations from which researchers recruit
participants. Moreover, while the intraclass correlation coeffi-
cients (ICC) of the SSQ are centered around 0.5, they also
show variation across experiments, likely due to individual
differences in cybersickness susceptibility. To help researchers
make informed decisions when they can estimate these param-
eters from past experiments or pilot testing, or when future
research provides more empirical estimates for both k and
ICC, we applied this calculation across a sequence of possible
carryover magnitudes (k € [0.4,0.9] for short washout period
and k € [—0.05,—0.5] for long washout period) alongside a
range of intraclass correlation coefficients (icc € [0.3,0.8]).
This allowed us to map the exact thresholds where the power
of a paired design drops below that of an independent design,
while accounting for the uncertainties within our estimations.

d) Results: Figure 4 shows the results of our power
analyses for different combinations of carryover effects and
ICC. The simulated power analysis revealed that within-
subjects designs are highly vulnerable to positive carryover
effects, which heavily penalize the expected mean difference
in within (short) experiments for both of our estimations from
full data (Figure 4a, b) and delta-only data (Figure 4e, f). As
the carryover magnitude increased from 0.4 to 0.9, statistical
power for the within (short) design degraded rapidly. Crucially,
the within-subjects design only outperformed the between-
subjects baseline (represented by the dashed horizontal line)
under highly optimal conditions. Based on our estimations, the
power of the between-subjects design was 0.77 for the full
dataset and 0.68 for the delta-only subset. Specifically, when
carryover was minimal (¢ <0.45) and the intraclass correlation
was exceptionally high (r = 0.8). For any ICC < 0.7, or
at carryover magnitudes exceeding 0.5, the between-subjects
design consistently yielded superior statistical power.

In contrast, within (long) experiments (Figure 4c, d, g,
h) demonstrated significant robustness. Because the simu-
lated carryover effects in these sequences were negative (¢ €
[-0.5,—0.1]), they increased the expected mean difference
rather than diminishing it. Consequently, the within-subjects
design maintained high power. Across almost the entire range
of negative carryover magnitudes and ICC combinations, the
paired design outperformed the independent baseline. The only
exception was observed at the weakest correlation (/CC = 0.3)
combined with the smallest negative carryover magnitude (¢ =
—0.1), where power dropped marginally below the between-
subjects threshold.

Across all modeled scenarios, higher ICC values systemat-
ically buffered the within-subjects design against power loss.
This highlights that tightly correlated paired data is essential

to justify a within-subjects approach when order effects are
present. Furthermore, while utilizing delta-only estimations
(Figure 4e—h) rather than full data estimations (Figure 4a—d)
resulted in a universal, absolute reduction in overall statisti-
cal power, the relative behavioral trends remained identical.
Finally, the specific tipping points at which the independent
design became more statistically powerful than the paired
design were structurally preserved regardless of whether the
normal or conservative effect size estimates were applied.

VII. GENERAL DISCUSSION
A. Within-Subjects Designs

Contrary to the common assumption that within-subjects
designs universally enhance statistical power by accounting for
inter-individual variability, our findings suggest that this is not
always the case within the context of cybersickness research.

1) Short Washout Period: Our results showed that a < 15
minute washout period can result in approximately 79% of the
symptoms from the first session carrying over to the second
session. Under this level of carryover, our power analysis
demonstrated that within-subject designs with short washout
periods can significantly reduce statistical power due to inter-
ference effects between conditions, making them undesirable
for researchers.

A within-subject design with a short washout period can be
an efficient approach when researchers have high confidence
in their results. This method significantly shortens the exper-
iment duration and reduces the number of participant visits,
which may increase recruitment and lower dropout rates. If
researchers find a significant difference between conditions
using this design, the use of such a design is not necessarily
a reason to reject the paper, since the results are conservative.
However, other potential issues, such as non-linear symptom
development as discussed in [21], may still be confounding
factors if confirmed. In general, unless researchers are very
confident in the experiment’s outcome, they should use caution
when testing all conditions on the same day.

2) Long Washout Period: A promising compromise is the
use of within-subject designs with sufficiently long washout
periods to mitigate carryover effects. These designs pre-
serve the advantage of controlling for individual variability
while minimizing condition-to-condition contamination. As
expected, our meta-analysis showed that such designs offered
the highest statistical power, combining the strengths of both
within- and between-subject approaches.

However, this design also involves trade-offs. It typically
requires more time and effort per participant and remains
vulnerable to residual order effects, which must be carefully
counterbalanced. Notably, counterbalancing does not fully
eliminate these effects, and their presence can still undermine
result reliability if not properly modeled. One study explored
cybersickness abatement from repeated exposures using the
classic FOV restriction method and full FOV, and found that
repeated exposure to the FOV restrictor led to lower cyber-
sickness scores later when the same participant was exposed
to the full FOV [17], indicating that even long washout
periods can still expose participants to adaptation effects.
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Nevertheless, when a long washout period is included, this
design consistently outperforms both short-washout within-
subject designs and between-subject designs in terms of power.

One potential concern is that symptom adaptation may
exaggerate differences between conditions if the degree of
adaptation is proportional to the severity of symptoms expe-
rienced in the first condition. Researchers should weigh the
added effort of using washout periods longer than 24 hours
against these risks when choosing a study design.

B. Between-Subjects Designs

A between-subjects design offers several advantages for
research studies. It generally has higher power than a within-
subjects design with a short washout period, as it avoids
carryover effects. Furthermore, because each participant is
exposed to only one condition, they are less likely to infer
the hypothesis of the study, which could potentially reduce
bias. This design also facilitates participant recruitment, as
the shorter time commitment per individual can lower dropout
rates and, in some cases, reduce the overall experiment dura-
tion compared to a within-subjects design. While between-
subjects designs may introduce greater inter-participant vari-
ability, this diversity can enhance the representativeness of the
sample. However, a key drawback is the need for a larger
sample size to ensure reliable results.

C. Which Method to Choose?

When selecting a study design for cybersickness research,
prioritizing the avoidance of carryover effects is crucial.

o If the study design is simple and participant availability
is limited, a within-subject design with a longer washout
period is recommended to minimize carryover effects.

« If a large participant pool is available and/or experiment
time is limited, a between-subject design is preferable to
ensure sufficient statistical power and avoid order effects.

o For complex study designs (i.e. > 3 conditions), a
between-subject design is ideal to prevent participant
fatigue and dropouts. This is especially important in
cybersickness research, where severe symptoms in one
session may lead to dropouts, wasting study time.

o A within-subject design with a short washout period
should only be considered as a last resort—when both
participant availability and experiment time are limited,
and there is strong confidence in the study results.

A position paper has also provided valuable guidelines on
design choices for cybersickness experiments [21]. A more
advanced, empirically validated cybersickness experiment pro-
tocol with shorter VR exposure is also desired to minimize
carryover effects if it can be developed, even though attempts
like this are sparse (like [6]) and have not been widely used.

D. Effects of Sex

There is a wide body of research exploring the effects of
sex on cybersickness, although findings across studies remain
mixed. One recent analysis finds additional heterogeneity
introduced into experimental outcomes [103], and some works

find that women tend to experience more cybersickness than
men [104], [105], while others have found no significant
difference [106]-[108]. One study found incidence higher for
women, while the severity of the sickness remains similar
[109]. Another tied visually induced motion sickness much
more closely to motion sickness susceptibility rather than sex
[110]. Nevertheless, the effect of sex is generally considered
small: studies with sufficient statistical power tend to detect
an effect, whereas underpowered studies often do not [103].

In Section V-C, we observed an effect similar to that
reported by Peck et al. [20] using the full dataset and a
slightly different methodological approach. However, within
the delta-SSQ subset, although the trend still suggests that a
higher proportion of female participants reduces effect sizes,
the effect was non-significant. We attribute this partially to
the fact that the delta-SSQ subset contains less than half
the number of experiments compared to the full dataset. Our
results suggest that a link between participant sex distribution
and observed cybersickness outcomes may exist. Therefore,
researchers should not overlook sex balance in study samples,
as ensuring diversity is crucial to the validity and generaliz-
ability of their findings.

E. Data Reporting

It is strongly recommended to collect both pre- and post-
SSQ scores [45]. While some participants may be symptom-
free before the experiment, the pre-SSQ remains essential
for establishing a baseline and prescreening participants to
ensure the study’s validity [89]. This is particularly important
in within-subject designs with short washout periods. Some
researchers use the post-SSQ from the previous session as
the pre-SSQ for the next; however, since symptoms may
naturally subside during rest, these scores no longer accurately
reflect the participant’s state at the beginning of the next
session. Therefore, a new pre-SSQ measurement should be
administered to ensure accurate and reliable results. In the
future, researchers should report SSQ scores accurately, along
with sex distribution, to enable a clearer understanding of
carryover effects through aggregated data.

VIII. LIMITATIONS

There are several limitations to this meta-analysis and the
accompanying power analysis. First, the short washout periods
we sampled range from O to 15 minutes, which introduces a
few primary limitations. On one hand, there is a substantial
gap between a 15-minute washout period and the practice
of separating experimental conditions across different days.
The carryover effects for durations within this gap remain
underexplored due to limited data, making it difficult to
draw conclusions regarding short washout periods longer than
15 minutes. The generalizability of our findings to washout
periods exceeding 15 minutes should be reevaluated as more
data becomes available, ideally from at least eight to ten
experiments. If future research demonstrates that a washout
period of Tusnour > 15 minutes can offer comparable sta-
tistical power to a within-subjects (long) design, researchers
might consider adopting it, provided the longer duration is
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acceptable. However, if the 7,410 required to achieve power
similar to a Tyusnour > 24-hour design is prohibitively long
(e.g., > 30 minutes), researchers must weigh the extra re-
sources required, such as increased participant compensation,
against the potential benefits. On the other hand, there is
significant variation in washout periods across experiments
that test multiple sessions on the same day. In some cases, the
washout period varies within a single experiment due to design
constraints, such as conditions being met before a break can
officially end. This variability introduces additional noise and
limits the accuracy of our results. Additionally, we could not
specify how different durations of short washout periods affect
experiment outcomes due to limited sample sizes and missing
information in many studies. Our current conclusions are based
on the 16 experiments as a collective group. Therefore, results
may worsen when using a very short washout period, such as
one minute.

Second, we assumed that cybersickness symptoms develop
and accumulate linearly. While this assumption simplifies the
analysis, we acknowledge that symptom development may fol-
low a non-linear trajectory and grow faster when participants
are already sick [21]. Nonetheless, this linearity assumption is
conservative and unlikely to significantly distort our results.

Third, we hypothesized that carryover effects are propor-
tional to the symptoms induced by prior exposure. While this
may be a reasonable assumption for positive carryover effects,
its applicability to the negative carryover effects (adaptation)
remains uncertain [17].

Finally, although we discussed how experimental design in-
fluences effect sizes, other factors also clearly affect outcomes,
such as experiment duration and the method used to induce
cybersickness. We assumed these factors were distributed
evenly across the three experimental designs, though this
may not always hold true. Additionally, such factors are not
consistently reported in the literature or are difficult to quantify
and incorporate into our model. As noted in Section IV-F3,
the weighted average SSQ scores for within-subject designs
with short washout periods were lower than those of the
other two designs, suggesting that researchers may favor this
approach when the stimulus is relatively mild. However, based
on our observations, stronger stimuli also tend to increase
data dispersion due to individual differences. This is evident
in Figure 3, where studies with larger effect sizes also show
greater variance, as indicated by smaller bubble sizes, and are
thus weighted less in the analysis.

Given these limitations, we acknowledge the potential for
confounding effects. Further investigation will be possible if
more detailed data become available in future studies.

IX. CONCLUSION

Cybersickness remains a significant challenge for VR re-
searchers, and experimental design choices can affect the
validity and reliability of their findings. This meta-analysis
demonstrates that short washout periods in within-subject
studies can significantly compromise statistical power due to
carryover effects, while long washout periods and between-
subject designs are more reliable. We estimate that short breaks

leave up to 79% of symptoms unresolved, while long breaks
result in an adaptation effect of approximately —36%. Based
on these findings, we recommend avoiding short washout
periods when possible. Researchers should favor long washout
periods or between-subject designs to increase their chances of
detecting a true effect. Ensuring sex balance and consistently
reporting both pre- and post-SSQ scores will further strengthen
the validity and reproducibility of future studies.
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