
Vol.:(0123456789)1 3

Virtual Reality 
https://doi.org/10.1007/s10055-023-00804-0

ORIGINAL ARTICLE

MAC: multimodal, attention‑based cybersickness prediction modeling 
in virtual reality

Dayoung Jeong1 · Seungwon Paik2 · YoungTae Noh3 · Kyungsik Han4 

Received: 7 March 2022 / Accepted: 4 May 2023 
© The Author(s), under exclusive licence to Springer-Verlag London Ltd., part of Springer Nature 2023

Abstract
Cybersickness is one of the greatest barriers to the adoption of virtual reality. A growing body of research has focused on 
identifying the characteristics of cybersickness and finding ways to mitigate it through the utilization of data from VR con-
tent, physiological signals, and body movement, along with artificial intelligence techniques. In this work, we extend prior 
research on cybersickness prediction by considering the role of different data modalities. We propose a novel deep learning 
model named multimodal, attention-based cybersickness (MAC), which learns temporal sequences and characteristics of 
video flows, eye movement, head movement, and electrodermal activity. Based on data collected from 27 participants, we 
demonstrate the effectiveness of MAC, showing an F1-score of 0.87. Our experimental results further show not only the 
influences of gender and prior VR experience but also the effectiveness of the attention mechanism on model performance, 
emphasizing the importance of considering the characteristics of data types and users in cybersickness modeling.

Keywords  Virtual reality · Cybersickness · Deep learning · User characteristics

1  Introduction

Cybersickness is one of the key problems that must be solved 
through technological advancements in virtual reality (VR) 
in order to provide a good user experience and a safe virtual 
environment (Davis et al. 2014; Keshavarz et al. 2015; Rebe-
nitsch and Owen 2016; Weech et al. 2019). Cybersickness 
has symptoms similar to motion sickness that may cause 

eye fatigue, nausea, and disorientation. Most users experi-
encing cybersickness find it difficult to continue using VR, 
and in some cases, dizziness may persist even after VR use 
is halted.

Much research has been conducted to determine the 
characteristics of cybersickness and find ways to mitigate 
it. Some research has focused on identifying the relation-
ship between visual features (e.g., speed of content, color 
changes, visual objects, field of view, and latency) that can 
be extracted from VR content and the levels of cybersick-
ness, as measured by questionnaires, such as the Simula-
tor Sickness Questionnaire (SSQ) (Kennedy et al. 1993) 
and the Fast Motion Sickness Scale (FMS) (Keshavarz and 
Hecht 2011). Other research has collected information, such 
as heart rate (HR), breathing rate (BR), skin temperature 
(SKT), electrodermal activity (EDA), electrocardiogram 
(ECG), and electroencephalography (EEG), using various 
physiological sensor equipment, to investigate those fac-
tors’ relationships with cybersickness (Draper et al. 2001; 
Groth et al. 2021; Dennison et al. 2016). Recently, a grow-
ing body of research has employed machine or deep learn-
ing (Jeong et al. 2019; Wang et al. 2019; Islam et al. 2020; 
Kim et al. 2018, 2019, 2020; Bos et al. 2008; Balasubra-
manian and Soundararajan 2019), aiming to build a model 
that learns the characteristics of VR content or sensor data 
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when cybersickness occurs. Research has also proposed a 
time series-based model that learns the temporal changes of 
data (Jin et al. 2018; Wang et al. 2019; Lee et al. 2019; Islam 
et al. 2020). Although some of the learning components in 
modeling (e.g., datasets, feature types, time window sizes, 
and cybersickness levels) were slightly different between 
experiments, such research has demonstrated the possibil-
ity of predicting cybersickness (Jeong et al. 2019; Kim et al. 
2018, 2019; Martin et al. 2020; Islam et al. 2020, 2021).

The objective of our research was to expand the present 
understanding of cybersickness by developing cybersick-
ness prediction model. Through a literature review, we 
ascertained that various data modalities had not yet been 
fully explored in cybersickness modeling, leaving the role of 
each data modality unknown. This represented an important 
research gap since, for a model with multiple modalities, it is 
important to consider the different influences of each modal-
ity on cybersickness. Each modality needs to be prioritized 
to a different degree depending on its relationship with other 
modalities and time. We also found that, although the level 
of cybersickness often varies across individuals, research is 
somewhat lacking on how we should understand user charac-
teristics in cybersickness modeling, along with a discussion 
of the application directions of cybersickness models.

In this paper, we propose a multimodal, attention-based 
cybersickness (MAC) prediction model that learns the tem-
poral sequence of the data collected by four different types of 
data modalities (i.e., video flow, eye movement, head move-
ment, and electrodermal activity) and weights a dynamic 
representation of features to capture the context of the inputs 
(You et al. 2016). To that end, MAC employs two attention 
subnetworks—individual convolutional and bidirectional 
long short-term memory (BiLSTM)—that separately char-
acterize individual data modalities and temporal sequences. 
The term “attention” in MAC (which is an artificial neural 
network) refers to mechanisms designed to mimic cognitive 
attention. In humans, attention is limited and, therefore, dis-
tributed to necessary tasks and multimodal sensory signals 
as required (Lindsay 2020). The attention mechanism in our 
current machine learning model reflects the contribution of 
information from each modality (relative to the others) to the 
experience of cybersickness as an attention weight. This is a 
novel development since an attention mechanism for cyber-
sickness prediction has not been applied in prior research. 
The model is intended to be applied to predict a possible 
occurrence of cybersickness so that the VR system can 
take proactive action to limit or prevent cybersickness. To 
develop the model, we collected datasets (i.e., multimodal 
data and a level of cybersickness) through a user study with 
27 participants in which they watched the 360-degree VR 
videos.

The experimental results show that MAC yielded the 
best performance (an F1-score of 0.87) compared with other 

widely used algorithms for sensor data (e.g., support vec-
tor machine (SVM), convolutional neural network (CNN), 
BiLSTM, and CNN-BiLSTM). Among the modalities, eye 
movement received the highest attention weight. Addition-
ally, when the participant was male or had prior VR experi-
ence, the model achieved F1-scores of 0.91 and 0.83, respec-
tively. These results highlight the importance of considering 
user characteristics in cybersickness prediction.

In summary, this paper makes the following contributions.

•	 We present a novel deep learning model named multi-
modal, attention-based cybersickness (MAC) that not 
only accounts for various sensor data modalities but also 
prioritizes the importance of data modalities through 
an attention mechanism. The application of attention 
for cybersickness prediction has not previously been 
researched.

•	 We demonstrate the effectiveness of MAC and articulate 
the role of data modalities in cybersickness prediction via 
an in-depth comparative analysis.

•	 We show the influence of demographic characteristics on 
cybersickness prediction and the different application of 
attention on each data modality. We discuss approaches 
to model improvement and application.

2 � Related work

Many studies have been conducted on cybersickness in 
order to improve the user experience of VR. Researchers 
are using various methods to identify ways to understand 
cybersickness, such as the collection and analysis of sensor 
data, the investigation of visual factors, and the development 
of prediction models based on machine/deep learning. In 
this section, we first introduce cybersickness theories and 
explain the theoretical rationale of utilizing body signals 
to understand cybersickness. Then, we present two primary 
directions of data-driven research on cybersickness, as sum-
marized in Table 1. Considering those directions, we pro-
pose a novel cybersickness prediction model that not only 
accounts for various sensor data modalities but also prior-
itizes the importance of data modalities through an atten-
tion mechanism. We demonstrate the effectiveness of our 
approach through an in-depth comparative analysis.

2.1 � Summary of cybersickness theories

The perception of self-motion involves the integration of 
multisensory information; however, there are cases in which 
the sensory feedback received from these different sources 
is conflicting. Motion sickness is a common consequence of 
sensory mismatch and has been explained by several sen-
sory conflict theories (e.g., sensory rearrangement theory, 



Virtual Reality	

1 3

Ta
bl

e 
1  

S
um

m
ar

y 
of

 c
yb

er
si

ck
ne

ss
 p

re
di

ct
io

n 
m

od
el

in
g 

re
se

ar
ch

“V
R

 e
xp

os
ur

e”
 re

fe
rs

 to
 th

e 
ty

pe
 o

f V
R

 c
on

te
nt

 (A
ct

iv
e 

m
ea

ns
 p

ar
tic

ip
an

ts
 m

ov
e 

th
e 

vi
rtu

al
 e

nv
iro

nm
en

t, 
an

d 
Pa

ss
iv

e 
m

ea
ns

 p
ar

tic
ip

an
ts

 w
at

ch
 V

R
 v

id
eo

s 
at

 a
 fi

xe
d 

po
si

tio
n)

. “
Se

ns
or

 d
at

a”
 

re
fe

rs
 to

 th
e 

m
od

al
ity

 u
se

d 
in

 th
e 

stu
dy

V,
 V

R
 v

id
eo

 c
on

te
nt

; E
, E

ye
 m

ov
em

en
t; 

H
, H

ea
d 

m
ov

em
en

t; 
P,

 P
hy

si
ol

og
ic

al
 d

at
a.

 N
ot

e 
th

at
 fo

ur
 ty

pe
s 

of
 m

od
al

iti
es

 a
re

 n
ot

 e
xc

lu
si

ve
 b

ut
 a

re
 id

en
tifi

ed
 b

as
ed

 o
n 

ou
r l

ite
ra

tu
re

 re
vi

ew
. “

Pr
e-

di
ct

ed
” 

m
ea

ns
 ta

rg
et

 (d
ep

en
de

nt
) v

ar
ia

bl
e;

 C
S:

 c
yb

er
si

ck
ne

ss

Li
te

ra
tu

re
V

R
 e

xp
os

ur
e

Se
ns

or
 d

at
a

# 
of

 P
ar

tic
ip

an
ts

M
od

el
Pr

ed
ic

te
d

Pe
rfo

rm
an

ce

D
en

ni
so

n 
et

 a
l. 

(2
01

6)
A

ct
iv

e
E/

H
/P

20
Re

gr
es

si
on

SS
Q

 sc
or

e
0.

29
 (a

dj
us

te
d 
R
2
 sc

or
e)

Je
on

g 
et

 a
l. 

(2
01

7)
Pa

ss
iv

e
V

28
V

is
ua

l c
om

fo
rt 

as
se

sm
en

t
C

om
fo

rt 
sc

or
e

0.
90

 (P
LC

C
)

K
im

 e
t a

l. 
(2

01
7)

Pa
ss

iv
e

V
15

C
on

vo
lu

tio
na

l a
ut

oe
n-

co
de

r
SS

Q
 sc

or
e

0.
92

 (P
LC

C
)

Jin
 e

t a
l. 

(2
01

8)
A

ct
iv

e
V

/H
24

LS
TM

SS
Q

 sc
or

e
0.

86
 (R

2
 sc

or
e)

Pa
dm

an
ab

an
 e

t a
l. 

(2
01

8)
Pa

ss
iv

e
V

96
D

ec
is

io
n 

Tr
ee

SS
Q

 sc
or

e
12

.0
0 

(R
M

S)
Le

e 
et

 a
l. 

(2
01

9)
Pa

ss
iv

e
V

N
o 

in
fo

3D
-C

N
N

D
eg

re
e 

of
 m

ot
io

n 
si

ck
-

ne
ss

8.
49

 (R
M

SE
)

Je
on

g 
et

 a
l. 

(2
01

9)
Pa

ss
iv

e
P

25
C

N
N

/D
N

N
C

S 
le

ve
l (

2 
cl

as
se

s)
0.

98
(C

N
N

)/0
.9

8(
D

N
N

) 
(A

cc
ur

ac
y)

B
al

as
ub

ra
m

an
ia

n 
an

d 
So

un
da

ra
ra

ja
n 

(2
01

9)
Pa

ss
iv

e
V

43
R

id
ge

 R
eg

re
ss

io
n

D
is

co
m

fo
rt 

sc
or

e
4.

37
 (R

M
SE

)

K
im

 e
t a

l. 
(2

01
8)

A
ct

iv
e

V
20

D
ee

p 
ge

ne
ra

tiv
e

SS
Q

 sc
or

e
0.

88
 (P

LC
C

)
Le

e 
et

 a
l. 

(2
01

9)
Pa

ss
iv

e
V

/P
20

Fu
lly

 c
on

ne
ct

ed
 la

ye
rs

SS
Q

 sc
or

e
0.

83
 (P

LC
C

)
K

im
 e

t a
l. 

(2
01

9)
Pa

ss
iv

e
V

/P
20

2
C

N
N

-R
N

N
C

S 
le

ve
l (

5 
cl

as
se

s)
0.

89
 (A

cc
ur

ac
y)

M
ar

tin
 e

t a
l. 

(2
02

0)
A

ct
iv

e
P

10
3

R
an

do
m

 F
or

es
t

C
S 

le
ve

l (
3 

cl
as

se
s)

0.
87

 (A
cc

ur
ac

y)
Is

la
m

 e
t a

l. 
(2

02
0)

Pa
ss

iv
e

P
31

C
N

N
-L

ST
M

C
S 

le
ve

l (
3 

cl
as

se
s)

0.
98

 (A
cc

ur
ac

y)
K

im
 e

t a
l. 

(2
02

0)
Pa

ss
iv

e
V

15
4

C
N

N
V

IM
S 

sc
or

e 
(5

 c
la

ss
es

)
0.

86
 (P

LC
C

)
Pa

lm
is

an
o 

et
 a

l. 
(2

02
0)

Pa
ss

iv
e

H
26

D
iff

er
en

ce
s i

n 
vi

rtu
al

 
an

d 
ph

ys
ic

al
 h

ea
d 

po
se

 
(D

V
P)

C
S 

le
ve

l
0.

00
01

 (p
-v

al
ue

) (
si

g.
 

re
la

tio
ns

hi
p 

w
ith

 c
yb

er
-

si
ck

ne
ss

)
Is

la
m

 e
t a

l. 
(2

02
1)

A
ct

iv
e

V
/E

/H
26

C
N

N
-L

ST
M

C
S 

le
ve

l (
4 

cl
as

se
s)

0.
87

 (A
cc

ur
ac

y)
C

ha
ng

 e
t a

l. 
(2

02
1)

Pa
ss

iv
e

E
26

Re
gr

es
si

on
SS

Q
 sc

or
e

0.
34

 (T
ot

al
 v

ar
ia

nc
e)

Is
la

m
 e

t a
l. 

(2
02

1)
Pa

ss
iv

e
P

23
D

N
N

C
S 

le
ve

l (
11

 c
la

ss
es

)
2.

47
 (R

M
SE

)
O

h 
an

d 
K

im
 (2

02
1)

Pa
ss

iv
e

P
20

D
ee

p 
en

se
m

bl
e

C
S 

le
ve

l (
3 

cl
as

se
s)

0.
96

 (A
cc

ur
ac

y)
K

un
du

 e
t a

l. 
(2

02
2)

Pa
ss

iv
e

P
31

Ex
pl

ai
na

bl
e 

bo
os

tin
g 

m
ac

hi
ne

C
S 

le
ve

l (
2 

cl
as

se
s)

0.
99

 (A
cc

ur
ac

y)

Q
u 

et
 a

l. 
(2

02
2)

A
ct

iv
e

P
9

LS
TM

-A
tte

nt
io

n
C

S 
le

ve
l (

2 
cl

as
se

s)
0.

96
 (A

cc
ur

ac
y)



	 Virtual Reality

1 3

subjective vertical conflict theory, and vection conflict 
theory). Cybersickness is considered a subtype of motion 
sickness (as they share similar symptoms, such as nausea, 
sweating, dizziness, and fatigue), and theories of motion 
sickness have been applied to understand cybersickness 
characteristics.

Sensory conflict theory is the most widely accepted the-
ory of motion sickness and cybersickness (Reason and Brand 
1975). This theory is based on the premise that discrepan-
cies between the senses that provide information about the 
body’s orientation and motion movement cause a perceptual 
conflict that the body cannot handle. The disconnect often 
occurs between the eyes and the vestibular system, which 
controls the functioning of the inner ear, overall balance, and 
the person’s orientation in a physical space. Beyond that, in 
this section, we present several other key theories of motion 
sickness/cybersickness.

Sensory rearrangement theory by (Reason 1978) sug-
gests that motion sickness is caused by sensory conflict 
(e.g., when the person’s visual information is inconsist-
ent with their available inner ear stimulation). This theory 
argues that sensory conflict only triggers cybersickness 
when it results in a neural mismatch (e.g., when the per-
son’s currently sensed motion is different from what they 
were expecting based on past experience). Sensory rear-
rangement theory was subsequently modeled by Oman 
(1982). The subjective vertical conflict (SV-conflict) 
theory by Bles et al. (1998) is a later variant of Reason’s 
sensory rearrangement theory, stating that only neural mis-
matches that involve the subjective vertical will trigger 
motion sickness. Hence, according to SV-conflict theory, 
cybersickness should only be caused by conflicts between 
the currently “sensed vertical” (based on integrated infor-
mation from the sensory organs) and the “expected ver-
tical” (estimated based on prior experience and expec-
tations). Meanwhile, another conflict theory is vection 
conflict theory (Hettinger et al. 1990), which proposes that 
sensory conflict only triggers motion sickness when the 
motion stimulation generates vection (an illusion of self-
motion). The DVP (i.e., differences in one’s virtual and 
physical head pose) hypothesis is the most recent variant 
of these sensory conflict theories (Palmisano et al. 2020). 
It attempts to predict cybersickness based on the amount 
of sensory conflict presented to the observer’s sense 
organs. Unlike the other sensory conflict theories, the DVP 
hypothesis does not attempt to model the subsequent neu-
ral mismatches generated by these sensory input conflicts.

However, it should be noted that there are other explana-
tions for motion sickness beyond sensory conflict, posing 
that sensory conflict is hypothetical rather than a fact. Ric-
cio and Stoffregen (1991), who disagree entirely with the 
concept of sensory conflict, instead argue that motion sick-
ness is caused by postural instability. Similarly, Ebenholtz 

et al. (1994), Ebenholtz (1992) stated that motion sickness 
is caused by excessive eye muscle traction, not by sensory 
conflict. Another account of motion sickness is that it is an 
automatic response to perceived poisoning, and therefore the 
symptoms of this sickness are actually the result of defensive 
hypothermia (Nalivaiko et al. 2014; Treisman 1977).

As these theories suggest, it appears that several factors 
influence motion sickness and cybersickness. Many stud-
ies have investigated the effect of sensory conflict between 
visual, vestibular, and body cues on the perceived timing of 
visual motion and the relationship between sensory conflict 
and sensory reweighting, to study specific characteristics of 
cybersickness and find ways to reduce cybersickness.

In that spirit, we aimed to build a cybersickness predic-
tion model that could reflect multisensory characteristics 
based on the body signals that occur when experiencing VR 
content and potentially cause cybersickness. Body signals 
when experiencing VR can be recorded using a standard VR 
head mounted display (HMD) or additional sensor devices 
attached to the body (e.g., an Empatica E4 wristband, as 
used in our study). Many off-the-shelf sensor data collection 
devices can be used in VR; thus, we reviewed the types of 
sensor data used in previous studies to investigate cybersick-
ness, which provided a basis for our selection of sensor data.

2.2 � Correlation between cybersickness and sensor 
data

Researchers have evaluated a user’s state by identifying 
the relationship between cybersickness and data collected 
during the VR experience, such as VR video content, eye 
movement, head movement, and physiological data (Denni-
son et al. 2016). One such evaluation approach is to identify 
the relationship between cybersickness caused by watching 
a video screen and sensor data collected through the HMD. 
For example, Groth et al. (2021) identified the user’s eye 
gaze using an eye tracker built into the HMD, minimized 
the movement of the field of view (FOV) and reduced cyber-
sickness by applying visual techniques, such as blurring or 
opaque occlusion around the user’s FOV. Bala et al. (2018) 
suggested that an independent background and restricted 
FOV in VR content are technical factors that reduce sickness 
and showed the relationship between head movement and 
FOV size. Jeong et al. (2019) discussed common patterns 
that cause cybersickness based on a characteristic analysis of 
videos. Chang et al. (2021) reported that the cybersickness 
level can vary depending on the characteristics of VR con-
tent and observed a unique eye movement associated with 
cybersickness. Similarly, Lopes et al. (2020) investigated 
the relationship of pupil position and eye blinking patterns 
with cybersickness. In their evaluation of two groups of 
participants, they suggested that the group with high sick-
ness had a higher blink frequency per minute than the group 
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without sickness. Nalivaiko et al. (2014) focused on sweat-
ing as one of the symptoms of motion sickness. EDA is a 
sensitive approach to quantitatively evaluate sweating, and 
the researchers showed that EDA data can be used to detect 
motion sickness, which manifests as the EDA data value 
increases. Palmisano et al. (2022) suggested that DVP is a 
major cause of cybersickness. To test that, 22 participants 
rotated their heads (roll, pitch, and yaw) while viewing a 
virtual room with a display delay deliberately set by the 
researcher. When the DVP data collected were compared 
with the participants’ cybersickness levels, the levels were 
found to have increased continuously according to the ampli-
tude and variability of the DVP. Taking a similar approach, 
Kim et al. (2020) discussed head orientation in relation 
to cybersickness, based on a study with 30 participants. 
They observed that when the difference in head orientation 
between the virtual environment and the real physical envi-
ronment was large, posture became unstable and cybersick-
ness was amplified, which the researchers proposed to reflect 
both sensory conflict and postural instability theories.

Similarly, studies have shown the correlation between 
cybersickness and physiological data, such as EDA, ECG, 
HR, and BR (Jeong et al. 2019; Lee et al. 2019; Kim et al. 
2019; Martin et al. 2020; Islam et al. 2020; Dennison et al. 
2016). For example, Bosser et al. (2006) showed a high cor-
relation between vasovagal syncope (a condition that leads 
to fainting) and motion sickness. Islam et al. (2020) found 
a significant relationship between the FMS score and the 
change in the mean percentage of physiological data. Jeong 
et al. (2019) highlighted that EEG also pertains to cogni-
tive activity, and its spectrogram was used as a data feature 
to classify cybersickness. Dennison et al. (2016) examined 
whether changes in physiological signals caused by HMD 
use could be applied to predict cybersickness, finding that a 
combination of neurophysiological and non-physiological 
measures could be effective in that regard. McHugh et al. 
(2019) suggested that real-time recording using a physical 
dial, a Surface Dial device by Microsoft, can provide more 
accurate cybersickness levels. Jung et al. (2021) hypoth-
esized that cybersickness could be reduced by delivering 
motion on real ground, similar to that in VR driving simu-
lations. HR and EDA were collected from 22 participants 
using E4 wristband and pupil diameter was recorded using 
HTC VIVE Pro Eye; only EDA was found to be associated 
with cybersickness. Magaki and Vallance (2020) confirmed 
that physiological signals can be used to detect cybersick-
ness when performing tasks in VR. After measuring several 
types of signals (e.g., EDA, SKT, HR, blood volume pulse 
(BVP), and accelerometer) from 16 participants using E4 
wristband, peak EDA and skin conductance response (SCR) 
were found to be indicators of cybersickness. Gavgani et al. 
(2017) collected physiological signals (HR, BR, and EDA) 
from 14 participants who had performed 15 min of VR 

rollercoaster riding per day for three days. They confirmed 
that each signal was correlated with cybersickness and that 
the gradual change in EDA could objectively quantify the 
sickness.

Based on the insights/findings of prior studies on the rela-
tionship between sensor data modalities and cybersickness, 
we decided to use four types of data modalities (i.e., video, 
eye movement, head movement, and electrodermal activ-
ity) and investigate their association with and influence on 
cybersickness.

2.3 � Cybersickness prediction

As an extension of the research in the previous section 
(Sect. 2.2), a growing body of research has proposed cyber-
sickness prediction models using machine learning or deep 
learning. Through such a model, it is expected that a possible 
occurrence of cybersickness can be predicted in advance 
and that the VR system can then take proactive measures to 
prevent cybersickness. For example, Islam et al. (2020) pro-
posed a CNN-LSTM model using physiological data (HR, 
EDA, and BR) and achieved a mean accuracy of 0.98 (three 
levels of cybersickness). Jeong et al. (2019) extracted cyber-
sickness-related features through EEG analysis and dem-
onstrated the effectiveness of a CNN/deep neural network 
(DNN) model with an accuracy of 0.98/0.98 (two levels). 
Martin et al. (2020) built a machine learning model based 
on BVP and EDA collected during a 30 min VR experience, 
showing it to have an accuracy of 0.85 (three levels). Islam 
et al. (2021) presented Cybersense, a framework that collects 
physiological signals and transmits information after a DNN 
model predicts the cybersickness level ranging between 
0 and 10. The DNN model was trained on physiological 
signals collected from 23 participants, and the root mean 
square error (RMSE) was 2.47. Oh and Kim (2021) inves-
tigated whether physiological signals (heart rate variability 
(HRV) and BR) could be used to classify cybersickness. 
The authors proposed a deep ensemble model that stacks 
SVM, k-Nearest Neighbors, Random Forest, and AdaBoost 
and classifies cybersickness into three levels (neutral, non-
cybersickness, and cybersickness). The authors collected 
data from 20 participants, and the ensemble model showed 
an accuracy of 0.96. Kundu et al. (2022) predicted cyber-
sickness (two levels) using a dataset of physiological signals 
(HR, BR, EDA, and HRV). One of the machine learning 
models, the Explainable Boosting Machine (EBM), showed 
an accuracy of 0.99. Qu et al. (2022) predicted cybersickness 
(two levels) using a dataset of physiological signals (HR, 
BR, EDA, and HRV), finding that the EBM again showed 
an accuracy of 0.99.

Similar to the research on modeling cybersickness using 
physiological sensor data, some studies have applied fea-
tures extracted from VR videos. For instance, Kim et al. 
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(2018) proposed VRSA Net, a cybersickness prediction 
model trained on motion patterns for 360-degree VR vid-
eos similar to everyday life with non-exceptional motions 
(e.g., normal walking) and exceptional motions (e.g., rac-
ing and roller coaster ride). Their model achieved an accu-
racy of 0.88. Jeong et al. (2017) proposed a deep learning 
model utilizing the features of left view, right view, sali-
ency absolute disparity, and saliency absolute differential 
disparity of VR video. Their proposed model showed a high 
Pearson’s linear correlation coefficient (PLCC) of 0.90 with 
visual discomfort in stereoscopic viewing. Balasubramanian 
and Soundararajan (2019) built a database of 100 videos 
and 4000 responses to use for the automatic assessment of 
cybersickness. A regression model was proposed based on 
features related to camera movements (e.g., shake, depth, 
and velocity) and the participants’ response scores, with the 
highest correlation (0.84 coefficient) was shown in the case 
of ridge regression. Kim et al. (2017) used a convolutional 
auto-encoder and decoder for the exceptional motion that 
induces cybersickness, which showed a PLCC of 0.92. More 
recently, Kim et al. (2020) proposed a model called Deep-
VIMSP, which they developed by combining the VR video 
features extracted from temporal and spatial sequences using 
CNN with a neurological mechanism, achieving an accuracy 
of 0.86 (five levels of cybersickness). Lee et al. (2019) devel-
oped a three-dimensional (3D) CNN prediction model using 
optical flow, disparity, and saliency of the video, showing 
both cybersickness and a PLCC of 0.84. Finally, Padmana-
ban et al. (2018) used single frames, disparities, and optical 
flow of VR videos to predict the degree of sickness induced 
by VR content. Sensor data were collected and the SSQ was 
completed by 96 participants. The Decision Tree regressor 
showed an RMSE of 12.00.

Taking another approach, some studies have utilized data 
from multiple modalities to model cybersickness. Jin et al. 
(2018) collected video and head movement, using those 
to measure the level of cybersickness, and thus built three 
machine learning models (CNN, Long-Short Term Memory 
Recurrent Neural Networks (LSTM-RNN), and Support 
Vector Regression (SVR)) and compared their performance. 
They found that the LSTM-RNN model performed best with 
an R2 of 0.86. Lee et al. (2019) presented a deep learning 
framework of a ConvLSTM structure, to be used for individ-
ual cybersickness prediction using visual and physiological 
features (e.g., EEG, ECG, and EDA). The model result was 
a PLCC of 0.85 when both kinds of features were applied, 
showing a high association with cybersickness. Islam et al. 
(2021) developed a cybersickness prediction model based 
on a 3D-CNN and CNN-LSTM using eye movement, head 
movement, video, optical flow, and disparity data. When 
testing their model, they found that using only video, optical 
flow, and disparity achieved an accuracy of 0.57, while using 
eye and head movements achieved the best performance with 

an accuracy of 0.87 (for four levels of cybersickness). In 
another study, Dennison et al. (2016) recorded eye and head 
movements and physiological signals from 20 participants, 
linking those to the difference in the level of cybersickness 
between the experience through the display and that through 
the HMD. When wearing the HMD, the regression model 
that predicted SSQ scores showed an adjusted R2 score of 
0.29. Kim et al. (2019) estimated the cognitive state from 
VR content using EEG data that represented information 
about brain activity. The authors collected EEG data and VR 
content from 202 participants and predicted cybersickness 
in five classes (extreme, strong, neutral, mild, and comfort-
able). The model showed an accuracy of 0.89. Palmisano 
et al. (2020) attempted to objectively estimate/quantify the 
DVP during HMD VR exposure by using time series data. 
To do so, they predicted levels of cybersickness by correlat-
ing the DVP with head frequency conditions. Chang et al. 
(2021) proposed a regression model to predict subjective 
cybersickness levels based on eye movement. The total vari-
ance of the regression model in predicting SSQ scores (rang-
ing between 0 and 3) was 0.34.

Recently, a technical approach that is increasingly being 
used in deep learning is attention. In neuroscience and psy-
chology, attention is an approach to understanding how 
limited resources are focused. Attention can be distributed 
across modalities to perform tasks that require the integra-
tion of multiple sensory signals (Lindsay 2020). An atten-
tion mechanism in an artificial neural network effectively 
represents variables’ relative importance, as indicated by the 
iterative reweighting of vectors of the input data during the 
training of the neural network model, dynamically highlight-
ing different components of a pre-processed input as they 
are needed for output generation. Bahdanau et al. (2014) 
first proposed an attention mechanism for artificial neural 
networks. They claimed that information about each data 
element can be reflected in the dataset as a whole and that 
data can be selectively retrieved to generate an output. Deep 
learning models that do not use an attention mechanism also 
learn the relationship between sensors according to the target 
variable. However, when inputs of variable length, size, and 
structure become long, large, or complicated, there can be 
a loss of information as the information is aggregated into 
a fixed-size vector. Applying an attention mechanism to a 
deep learning model allows it to focus on which data are 
important while minimizing information loss with limited 
resources.

Notably, attention in machine learning does not always 
adhere to biological attention; however, attention mecha-
nisms hold the potential to improve the training perfor-
mance of neural networks on various tasks with multimodal 
inputs. Nonetheless, in our literature review, we noted that 
the cybersickness prediction models presented in prior stud-
ies did not fully exploit the potential advantages of attention 
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mechanisms. Most prior studies used traditional machine 
learning algorithms such as Random Forest and SVM, and 
some recent studies applied deep learning algorithms such 
as CNN and LSTM. While the proposed model structures 
were reasonable, there are opportunities to advance those 
and thereby achieve better performance.

In summary, many researchers believe cybersickness is 
caused by sensory conflict (Reason and Brand 1975; Reason 
1978; Bles et al. 1998; Hettinger et al. 1990; Palmisano et al. 
2020), which occurs when multiple sensory signals collide, 
or when the input signal does not match the information 
learned pre-attentively. As we explained in Sect. 2.1, while 
we also noted the evidence for other theories (e.g., pos-
tural instability as a necessary precursor to motion sickness 
(Riccio and Stoffregen 1991), we chiefly elected to base the 
development of our model on sensory conflict theory. After 
exposure to sensory conflict, the neural memory reweights 
the information about cybersickness. In similar way, data 
weights are repeatedly updated as a model is trained, and 
when an attention mechanism is applied to a deep learning 
network, that reweighting can be flexibly trained by assign-
ing attention weights. Hence, we approach deep learning 
based on a grounding in cybersickness theories, which we 
applied to develop a cybersickness prediction model with an 
attention mechanism.

3 � Study procedure

The overall procedure of our study is illustrated in Fig. 1. 
Our study was reviewed and approved by the inter-
nal institutional review board at the authors’ university 
(IRB#202105-HS-001).

3.1 � 360‑degree VR video selection

We used 360-degree VR videos in the experiment to pro-
vide participants with an immersive experience (Anwar et al. 
2020; Shahid Anwar et al. 2020). We prepared 10 topics of 
videos (i.e., cycling, driving, flat rides, flying, motorbikes, 
planes, roller coasters, sailing, space, and water slides) to 
consider visual factors from various content and to train the 
model accordingly. Each video topic has two videos, result-
ing in a total of 20 videos for the experiment. The video 

Fig. 1   The overall research procedure. We selected two videos for 
each of 10 video topics. Participants watched a total of 20 videos 
during the experiment. Video screen (viewed by a user through the 

HMD), eye movement, head movement, and electrodermal activity 
were collected. We verified our model for cybersickness prediction

Table 2   Summary of 27 participants’ demographic information

VR experience is about whether a participant experienced VR before. 
MSSQ is an abbreviation of Motion Sickness Susceptibility Question-
naire (Golding 1998) that measures the degree of motion sickness 
that a participant feels in his/her daily life

Age Gender VR experience MSSQ

26.2 ±3.3 Male 16 Yes 19 10.0 ± 8.8
Female 11 No 8
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content was set to 4K resolution and 30 frames per second 
(FPS) .1

3.2 � Data collection and feature extraction

The HTC VIVE Pro Eye 2 was used to collect the video 
flow, eye movement, and head movement. The Empatica E4 
wristband 3 was used to collect electrodermal activity. It 
received regulatory compliance from Europe, the USA, and 
Japan and has been used as a valid sensing device.4 Research 
in cybersickness has also started to use the E4 wristband and 
proved the association between the sensor signals from it and 
cybersickness (Jung et al. 2021; Magaki and Vallance 2020). 
We ran the VR videos on a Unity 3D over a Windows 10 PC 
with Intel Core i7 and GeForce RTX 2070.

We recruited 27 participants via university bulletin boards 
and word-of-mouth (Table 2). The experiment consisted of 

two phases: (1) survey answering and (2) VR video watch-
ing. Before starting the experiment, we explained the goal 
and procedure of our study to each participant. We explained 
that they could opt-out of the study anytime. We then 
obtained informed consent from each participant.

First, each participant was asked to answer demographic 
questions (age, gender, and prior VR experience) and to 
complete the MSSQ before starting the experiment. The 
average MSSQ score of the participants was 10.01 (SD = 
8.82), which is found to be similar to that mentioned in pre-
vious studies (Golding 1998; Bala et al. 2018). The par-
ticipants were instructed to describe their condition when 
they experienced severe cybersickness and were assured that 
they could halt their participation at any time. We gave the 
participants enough time to become familiar with the HMD 
and the E4 wristband.

Second, the participants were asked to sit on a chair and 
to watch the VR video in their comfortable positions (Fig. 2) 
(Litleskare and Calogiuri 2019). The video-watching phase 
consisted of four sessions. Five VR videos were played dur-
ing each session (Fig. 3). We provided the participants with 
a break by referring to the designs of previous studies. For 
example, Kim et al. (2019) included 14 videos (30 s each) 
in one session and provided a 3-min break for each session. 
Jeong et al. (2019) watched six videos of about 1–5 min, 
with a 3-min break between each video. Thus, to minimize 
the effect of their experience in the previous video before 
watching the next video, the participants were given a 15-s 
break at the end of each video and a 7-min break at the end 
of each session. The participants were offered additional 
time to rest between videos and sessions. For each VR video, 
the VR screen viewed by the participants was recorded at 
30FPS through Unity.

The participants who completed the experiment received 
a $10 gift card for their time and participation. The par-
ticipants may have had different degrees of inherent motion 
sickness; thus, the level of cybersickness that each par-
ticipant experienced while watching the videos during the 
experiment might also have varied. Thus, we asked the par-
ticipants to indicate their level of cybersickness via the FMS 
after watching each VR video. The collected raw FMS data 
was in the form of imbalanced data. When building a predic-
tion model using imbalanced data, problems such as overfit-
ting are likely to occur. Thus, the FMS data was processed 
to solve this problem. We followed the same method in prior 
research (Islam et al. 2020, 2021) to label the level of cyber-
sickness based on the FMS data from all participants. In 
our data, the first quartile of FMS distribution ( Q1 ) was 1.0, 
the second quartile ( Q2 ) was 4.0, and the third quartile ( Q3 ) 
was 7.0. As a result, the quartile converted FMS data con-
sisted of reasonably balanced data with 7,335, 5,850, 5,265, 
and 5,850 samples for each class. The data was labeled as 
follows:

Fig. 2   Study participation and types of data collection

Fig. 3   The data collection procedure. During the video-watching 
phase, the participants were asked to watch videos and answer the 
FMS. We ran four sessions to give the participants enough time to 
rest before watching the next video. The study took approximately 
46 min on average

1  The videos are available at http://​tiny.​cc/​q04luz.
2  https://​www.​vive.​com/​us/​produ​ct/​vive-​pro-​eye/​overv​iew/.
3  https://​www.​empat​ica.​com/​resea​rch/​e4/.
4  https://​www.​empat​ica.​com/​en-​int/​resea​rch/​e4/.

http://tiny.cc/q04luz
https://www.vive.com/us/product/vive-pro-eye/overview/
https://www.empatica.com/research/e4/
https://www.empatica.com/en-int/research/e4/
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For feature extraction, we resized each image frame to 
3 × 512 × 512 and applied a Gaussian filter for noise removal 
(Cai et al. 2017; Lee et al. 2009). The eye movement data 
consisted of 25 features, including gaze direction (x, y, z) 
for both eyes as well as gaze direction (x, y, z), gaze origin 
(x, y, z), pupil diameter, pupil position (x, y), number of 
blinks and eye openness for each eye (left and right). The 
head movement data consist of six features, including posi-
tion (x, y, z) and rotation data (roll, pitch, and yaw). We 
considered a single electrodermal activity feature as a phys-
iological datum that is frequently applied in VR research 
(Martin et al. 2020; Islam et al. 2020; Dennison et al. 2016), 
as highlighted in Table 1.

3.3 � Model development

MAC, which employs various sensor signals and the atten-
tion mechanism for cybersickness prediction, was con-
structed grounded in theoretical perspectives, as explained in 
Sect. 2. MAC was built to learn repetitive sensory conflict by 
reweighting the relationship with various sensor data types 
through an attention mechanism. MAC consists of three 
key components as follows: (1) an attention-based indi-
vidual convolutional subnetwork that considers the relative 
importance of each data modality to fuse modality-specific 

(1)

Cybersickness level =

⎧
⎪⎨⎪⎩

None if, 0 ≤ FMS ≤ Q1

Low if, Q1 < FMS ≤ Q2

Moderate if, Q2 < FMS ≤ Q3

High if, Q3 < FMS ≤ 20

features, (2) an attention-based BiLSTM subnetwork that 
extracts the importance of timestep and fuses the hidden 
state of the BiLSTM, and (3) an output layer that uses a soft-
max function to obtain the probabilities for activity recogni-
tion. Figure 4 illustrates the detailed architecture of MAC.

3.3.1 � Attention‑based individual convolutional 
subnetwork

Attention-based individual convolutional subnetwork con-
sists of a convolutional network and an attention network. 
The convolutional network was used to extract features from 
each data modality and consisted of two stacked convolu-
tional layers and pooling layers. A batch normalization layer 
was applied at each layer to reduce internal covariate shift. 
The frequency representation of the ith sensor at time t, xti 
was passed to the convolutional network. Then, a feature 
vector vti was generated and used as the input to the atten-
tion network.

We employed an attention network to prioritize the 
importance of data modalities. The network takes the feature 
vectors of data modality [vt1, vt2, ..., vti] as input and generates 
an attention weight for each modality. The hidden repre-
sentation of vti was computed to get �ti with a sensor-level 
context vector w1.

Then a normalized weight �ti was computed through a soft-
max function.

(2)�ti = tanh(W1vti + b1)

Fig. 4   The architecture of a multimodal, attention-based cybersickness (MAC) prediction model. The model consists of an attention-based indi-
vidual convolution subnetwork, an attention-based BiLSTM subnetwork, and an output layer
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where W1, b1,w1 are parameters of the attention network. 
They are randomly initialized and jointly learned through 
the training phase. Then the vectors of all data modalities 
are fused by using their attention scores as weights in order 
to make a uniform feature representation vector qt.

3.3.2 � Attention‑based BiLSTM subnetwork

The output [ q1, q2, ..., qN ] is passed to a stacked LSTM struc-
ture (Greff et al. 2016). LSTM is a RNN architecture that 
remembers values over arbitrary intervals and deals with the 
vanishing gradient problem that can be encountered when 
training traditional RNNs.

where ft is a forget gate, it is an input gate, and ot is an out-
put gate. Ct is a cell state. A hidden state ht is generated at 
each timestep. Standard RNN (including LSTM) uses the 
last timestep as a single representation for the whole input 
sequence. This generally leads to less consideration of the 
front part of the sequence for classification. Because the 
hidden state at each timestep may show a different level of 
impact on classification (in our case, occurrence of cyber-
sickness), we applied the attention mechanism again to cal-
culate the weighted average sum of all hidden states.

Given all hidden states H = [h1, h2, ..., hN] ( ht refers to a 
hidden state at timestep t), the attention for LSTM can be 
formalized as follows:

(3)�ti =
exp((�ti)

Tw1)∑
i exp((�ti)

Tw1)

(4)qt =
∑
i

�tivti

(5)ft = �(Wf ⋅ [ht−1, qt] + bf )

(6)it = �(Wi ⋅ [ht−1, qt] + bi)

(7)C̃t = tanh(WC ⋅ [ht−1, qt] + bC)

(8)Ct = ft ∗ Ct−1 + it ∗ C̃t

(9)ot = �(Wo[ht−1, qt] + bo)

(10)ht = ot ∗ tanh(Ct)

(11)�t = tanh(W2ht + b2)

(12)�t =
exp((�t)

Tw2)∑
t exp((�t)

Tw2)

where w2 is a time-level context vector, �t is a normalized 
weight through a softmax function, and � is the uniform 
representation of the whole sequence computed based on 
the sum of all hidden states. Each hidden state is updated 
by its attention weights. W2, b2,w2 are the parameters of the 
attention-based BiLSTM subnetwork which are randomly 
initialized and jointly learned during the training phase. We 
constructed a BiLSTM model that better learns the temporal 
characteristics of the data. BiLSTM has been found to be 
more efficient than unidirectional LSTM because it consid-
ers both past and future data through an interactive network 
(Huang et al. 2015).

3.3.3 � Output layer

The output of attention-based BiLSTM subnetwork is calcu-
lated through an output layer using a fully connected layer 
and a softmax function to predict cybersickness.

where A is the set of all data modalities. � is transformed 
to the probability of each modality, and the prediction 
result is determined by searching modality with maximum 
probability.

3.4 � Experiment setup

We implemented our model in Pytorch and trained it on a 
server with GeForce RTX 2070.

First, we extracted visual features for each image 
frame (30FPS) through a ResNet18 (He et al. 2016), a 
CNN that is 18 layers deep and has been widely used and 
demonstrated its effectiveness. The data consists of a set 
S of four data modalities in the form of time series data 
St = {Vt,Et,Ht,Pt} , where V, E, H, and P refer to video, 
eye movement, head movement, and electrodermal activ-
ity, respectively. Each item in St is divided into a set of r 
time windows Wa

t
= {wa

t1
,wa

t2
, ...,wa

tr
} of a fixed length of 

Tw seconds (we set r = 30 and Tw = 1 ). St is then split into 
the training set, the validation set, and the test set with the 
ratio of 7:1:2 by chronological order.

Second, for model training, we used cross entropy 
for loss function and Adam for optimizer. The model 
was trained up to 500 epochs, and an early stop strategy 
was used with 20 times of patience to avoid overfitting. 
The best parameters of the model was selected through 
parameter tuning with the validation set (as a result, batch 
size = 64 and learning rate = 0.001). We used accuracy, 

(13)� =
∑
t

�tht

(14)prediction = argmax
a∈A

(softmax(W3 ⋅ � + b3))
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precision, recall, and F1-score as the metrics for the per-
formance of the model on the testing dataset. We used 
5-fold cross validation.

We compared our model with the following algorithms.

•	 SVM (Cortes and Vapnik 1995): One of the traditional 
machine learning algorithms that has been used exten-
sively for learning characteristics of sensor data, and 
demonstrated its effectiveness (Jahangiri and Rakha 
2015).

•	 CNN (Schmidhuber 2015): A single CNN model with 
two convolutional layers, a pooling layer, and a fully 
connected layer. CNN has been widely used over sensor 
data (Um et al. 2017; Uddin and Hassan 2018).

•	 BiLSTM (Huang et al. 2015): A LSTM model that con-
sists of forward and backward layers, which has shown 
its effectiveness compared with a single LSTM model.

•	 CNN-BiLSTM: Each data modality was processed with 
CNN and is passed to a BiLSTM layer, which has used 
in many studies that dealt with sensor data (Jeong et al. 
2020).

We also considered two variants of our model by attention 
to see the impact of the attention in different conditions.

•	 A-INV: This model removes the attention layer in the 
BiLSTM subnetwork and instead uses the last hidden 
layer of BiLSTM (same as CNN-Attention-BiLSTM).

•	 A-BiLSTM: This model removes the attention layer 
in the individual subnetwork and instead uses naïve 
concatenation to fuse feature vectors of different data 
modalities (same as CNN-BiLSTM-Attention).

Table 3   The performance of 
models by model architecture. 
MAC achieved the highest 
performance, especially 
demonstrating the effectiveness 
of the attention mechanism in 
learning cybersickness

Bold values indicate the model architecture with the highest performance

Model architecture Accuracy Precision Recall F1-score

SVM 0.67 0.67 0.67 0.67
CNN 0.59 0.68 0.63 0.63
BiLSTM 0.71 0.75 0.74 0.74
CNN-BiLSTM 0.75 0.75 0.74 0.74
A-INV (CNN-Attention-BiLSTM) 0.83 0.83 0.84 0.84
A-BiLSTM (CNN-BiLSTM-Attention) 0.82 0.80 0.82 0.81
MAC (CNN-Attention-BiLSTM-Attention) 0.87 0.88 0.89 0.87

Table 4   The performance of the models by data modality (MAC was 
used). As a result, the model that uses all the modalities shows the 
highest performance

Bold values indicate the highest performance achieved when applying 
all modalities

Data modality Accuracy Precision Recall F1-score

Video view 0.30 0.10 0.25 0.14
Eye movement 0.63 0.64 0.66 0.64
Head movement 0.51 0.46 0.46 0.45
Electrodermal activity 0.39 0.33 0.41 0.35
All modalities 0.87 0.88 0.89 0.87

Fig. 5   The attention weight of MAC. The values refer to the percent-
age of the weights

Table 5   The performance of models by user characteristics

Factor Accuracy Precision Recall F1-score

Gender
 Male 0.88 0.90 0.93 0.91
 Female 0.87 0.85 0.87 0.86

Prior VR experience
 Yes 0.86 0.86 0.83 0.83
 No 0.80 0.77 0.72 0.74

MSSQ
 High 0.83 0.72 0.85 0.83
 Low 0.85 0.83 0.83 0.83
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4 � Results

4.1 � Performance of models by architecture

Table 3 shows the performance of the models considered 
in the experiment. MAC yielded the highest performance 
among the models (an F1-score of 0.87). In particular, 
adding the attention layers played an important role in 
improving the model performance. More specifically, com-
pared with the performance of CNN-BiLSTM, the perfor-
mance of A-INV and that of A-BiLSTM increased by 10% 
and 7% (F1-scores), respectively. Interestingly, A-INV and 
MAC differed by 3% (F1-score), indicating that the atten-
tion layer in the individual convolutional subnetwork had 
a greater role in improving model performance. Overall, 
these results confirmed the effectiveness of prioritizing 
data modalities and learning their temporal characteristics 
on learning cybersickness.

4.2 � Performance of models by modality

Table 4 shows the performance of MAC with different 
data modalities. When a single modality was applied to 
model training, the performance of the model that used 
eye movement was the highest (an F1-score of 0.64). The 
models that utilized head movement and electrodermal 
activity achieved F1-scores of 0.45 and 0.35, respectively. 
Additionally, the model that employed all the modali-
ties yielded the highest performance (an F1-score of 
0.87). Lastly, we analyzed the attention weights by the 
data modality to evaluate the impact of each modality on 
learning cybersickness. Figure 5 illustrates the results. 
The eye movement was the highest for the ratio of 44%. 
The head movement and electrodermal activity accounted 
for 36% and 16%, respectively. We also noted that the 
attention weight on the video modality was the lowest. 
These results indicate that, while each modality yielded 
a different influence on cybersickness, close attention 
should be paid to eye movement.

4.3 � Performance of models by user characteristics

Table 5 shows the performance of MAC with different user 
characteristics. Previous studies have reported an association 
between demographic factors and cybersickness (e.g., older 
users and women tend to be more susceptible to cybersick-
ness) (Davis et al. 2014; Weech et al. 2019; MacArthur et al. 
2011). Based on this finding, we examined whether a group 
of users with similar demographic characteristics affects the 
performance of the model. We classified the participants into 
two groups for each demographic attribute (gender, prior VR 

experience, and MSSQ score). We obtained two groups of 
participants by gender (male: 16 and female: 11); two groups 
by prior VR experience (yes: 19 and no: 8); and two groups 
by MSSQ scores (low: 17 and high: 10, based on the median 
value). We did not consider age because most participants 
are in their 20s (mean: 26.2).

As a result, we found that the F1-score of the model using 
only male participants’ data was 0.91, which is about 5% 
higher than that using only female participants’ data. In 
terms of VR experience, the F1-score of the model using 
only the data of participants who previously had VR experi-
ence was 0.83, which is 9% higher than that using only the 
data of participants without prior VR experience. The low 
group and high group of MSSQ yielded the same perfor-
mance (F1-score of 0.83).

5 � Discussion

In this work, we showed the possibility of predicting cyber-
sickness reasonably well through the development of a deep 
learning model. We demonstrated that the consideration of 
(1) data from multiple modalities that may have a different 
association with cybersickness, (2) the attention mecha-
nism that assigns different weights to each data modality, 
and (3) the BiLSTM method that learns temporal sequences 
of the data, is effective in characterizing one’s degree of 
cybersickness.

5.1 � Improvement of cybersickness modeling

Although the role of the attention mechanism was proved 
to be useful to improve model performance, we observed a 
slightly smaller influence of the attention placed in the BiL-
STM subnetwork than that in the individual convolutional 
subnetwork. Assigning different weights on the modalities 
was highly effective to learn a degree of cybersickness. 
Since such an important role of attention has been proved 
in our study, we can consider ways to improve the model 
by applying more advanced approaches. For example, the 
fast Fourier transform (Alsheikh et al. 2016) (presenting the 
changes in the energy content of a signal) applied to each 
data modality may improve characterization of the data and 
produce a better representation of data through attention. 
Video image data can also be better vectorized to improve 
its association with cybersickness using other state-of-the-
art techniques, such as the vision transformer (Dosovitskiy 
et al. 2020), which has shown impressive results compared 
to state-of-the-art convolutional networks while requiring 
substantially fewer computational resources to train.
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5.2 � Consideration of user characteristics 
in modeling

One of the findings was the influence of demographic factors 
on cybersickness.

First, after the study, we checked the level of cybersick-
ness (since each participant watched 20 videos, we averaged 
the level of cybersickness for each participant) according to 
gender. For men, none, low, moderate, and high were dis-
tributed at 29%, 21%, 22%, and 28%, respectively, and for 
women, 34%, 26%, 22%, and 18% were distributed, respec-
tively. Although the percentage of women who answered 
that their cybersickness level was slightly higher (10%) than 
that of men, it can be considered that cybersickness levels 
are reasonably well distributed for both men and women. In 
this sense, it is somewhat difficult to conclude that women 
are more sensitive to cybersickness than men.

Second, regarding the distribution of cybersickness level 
according to prior VR experience, the participants who had 
VR experience showed distributions of none, low, moderate, 
and high as 24%, 20%, 25%, and 31%, respectively. For those 
who had no VR experience, the distributions of cybersick-
ness were 48%, 31%, 14%, and 8%, respectively. From these 
results, we can see that the responses of 80% of participants 
without VR experience were distributed in a low level of 
cybersickness. From the perspective of model performance, 
the uniformity of the distribution of data was somewhat 
lower in the case of no VR experience, but the fact that 
it performed more than 80% indicates that the model had 
learned those data reasonably well.

Lastly, before beginning the VR experience, we asked 
the participants to answer a MSSQ. Based on the MSSQ 
responses, we divided the participants into either a low or a 
high group. For the low group, the percentages of the cyber-
sickness levels of none, low, moderate, and high were 35%, 
26%, 21%, and 18%, respectively. Those for the high group 
were 24%, 19%, 23%, and 34%, respectively. More than 
60% of the participants in the low group showed none or 
low cybersickness levels. More than 55% of the participants 
in the high group showed moderate or high cybersickness 
levels. These results show that people who tend to be less 
vulnerable to motion sickness are less likely to be affected 
by cybersickness, and the opposite also holds.

Especially the influence of gender, although many studies 
have demonstrated that women are more sensitive to cyber-
sickness (Davis et al. 2014; Weech et al. 2019; MacArthur 
et al. 2011; Munafo et al. 2017), it should also be noted 
that other studies have questioned the validity of women’s 
self-reporting. For example, Jokerst et al. (1999) recorded 
gastric myoelectric activity to quantitatively measure nau-
sea but did not find significant differences by gender. Stan-
ney et al. (2003) demonstrated that overall women reported 
higher levels of cybersickness than men but did not actually 

show more nausea than men. These studies indicate that 
the relationship between gender and cybersickness is not 
always the same across studies but could vary depending on 
the condition/environment of the study and the participants 
(Sharples et al. 2008).

Considering these three results with Table 5, one interest-
ing implication is that the distribution of cybersickness lev-
els influences the model performance of cybersickness. The 
model with the data of male participants and that with the 
data of participants who had VR experience showed a bet-
ter performance of cybersickness prediction than the model 
with the opposite conditions.

In addition, it is worth noting that there are research find-
ings that cybersickness decreases as the user’s VR expe-
rience increases. For example, Hill and Howarth (2000) 
confirmed that cybersickness was remarkably low on the 
fifth day when watching VR content for about 20 min every 
day for five days. Howarth and Hodder (2008) measured the 
cybersickness level before and after a VR racing game for 
seven days and measured the level of malaise (i.e., a general 
feeling of being ill or having no energy) at 1-min intervals. 
All participants reported that the levels of cybersickness and 
malaise decreased over time. The characteristics of users 
who have repeated VR experiences are called habituation. 
In addition, as explained in other responses, considering 
habituation in VR may change the findings or insights of our 
study. Hence, in a later study, we will check the correlation 
between cybersickness symptoms and sensor data expressed 
in users with characteristics of habituation.

Lastly, one possible application of our study results is to 
prepare and use the model that could be more effective to 
certain groups of users. For example, for users who are male 
or have VR experience, it may be more effective to use a 
model trained on data generated from a specific group with 
same demographic factors (i.e., specialized model) than the 
one trained on data from all users (i.e., population model). 
On the other hand, for female or user without VR experi-
ence, it may be effective to use a population model. Further-
more, we observed high performance in both the population 
model and the specialized model. Both ways of model devel-
opment can be proceeded by continuously retraining each 
model, which is expected to lead a more effective detection 
of cybersickness in various user conditions and contexts.

These findings show the relationship between demo-
graphic factors and cybersickness. However, we acknowl-
edge that our study participants may not represent all VR 
users. Thus, our study findings, insights, and speculations 
need to be further examined and verified through an addi-
tional study with more participants, which will be done in 
our future work.
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5.3 � Application of the model

It is also important to study the utilization of the cybersick-
ness prediction model. Since our study showed the possibil-
ity of building a model with reasonably high performance 
by comprehensively considering user demographics and the 
multi-modalities that pertain to cybersickness, we expect 
that our model can be used in various VR scenarios. For 
example, previous research has verified the effect of reduc-
ing cybersickness by blurring peripheral vision (Groth et al. 
2021). When cybersickness is predicted through our model, 
the VR system can adjust the peripheral vision of the VR 
content. This technology has the advantage of preventing 
cybersickness before it worsens. It can be expected that users 
will not be interrupted by cybersickness or may be more 
immersed in the content, thus enhancing the overall user 
experience. We can then measure one’s perceived effective-
ness of the model from the standpoint of model applicabil-
ity. We expect that there will be more techniques to miti-
gate cybersickness and support the user experience, and the 
application of our model is expected to be expanded.

We are aware that the preparation of the sensor data and a 
level of cybersickness is needed to build a prediction model. 
One can consider collecting the data from scratch, but this 
would require a great amount of time and effort. Another 
consideration can be a reuse of existing models (e.g., our 
model) through transfer learning (Pan and Yang 2009), a 
method in which a model developed for a task is reused as 
the starting point for a model on a second task. Based on 
this idea, a new dataset can be first collected and used as a 
training data for the population model. Then we can obtain 
and use the model that is more tailored to the corresponding 
VR context. Researchers or practitioners who are interested 
in developing a learning model but do not have enough sam-
ples to train the model could use our model as a pre-trained 
model and apply their relatively smaller samples to make the 
model better represent their own samples. Additionally, our 
model was built with data collected from a passive virtual 
environment, similar to the method used in previous stud-
ies. However, since VR gameplay takes place in an active 
virtual environment (e.g., controller-based teleportation and 
walking-in-place locomotion), we believe that it is necessary 
to experiment with model application in other types of vir-
tual environments. In terms of the utilization of the model, 
we think that such a research direction should be considered.

Compared to previous cybersickness prediction models, 
MAC can learn the relative relevance of each modality to 
cybersickness and the sensory conflict between temporal 
data through the attention mechanism applied in the individ-
ual convolutional and the BiLSTM subnetworks. This learn-
ing process can be viewed as a form of iterative reweighting 
(Lindsay 2020). MAC also reweights the relationship with 

sensor data, reducing training loss, and learns the association 
between cybersickness and sensory conflict more accurately.

6 � Conclusion

In this work, we aimed to propose a way to predict cyber-
sickness through the utilization of multimodal data and deep 
learning. Our study demonstrated the effectiveness of MAC 
and highlighted the importance of the attention mechanism 
and the eye movement. We proposed that the model can 
be improved to be more robust and applicable to other VR 
systems or domains. We hope that our methodologies of the 
model and our study results provide useful insights to other 
researchers, developers, and practitioners who are interested 
in solving the problem of cybersickness and in providing 
better user experience in VR.
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