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A biologically inspired computational model relating vection and visually
induced motion sickness: individual differences and sensitivity analysis
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Abstract. This paper presents a biologically inspired computational model that
simulates the entire process from sensory stimuli to the occurrence of vection
induced motion sickness. The model consists of three modules: (i) a
visual-vestibular  integration network of vection perception, (i) a
supervised-learning adaptation network, and (iii) a symptoms dynamic network. In
this paper, we compare the predicted nausea ratings with published data and report
how the model parameters can be tuned to account for individual variations of
vection onset time, vection build-up time, level of saturated vection, and
eventually the simulated levels of nausea. This paper contains preliminary data
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Introduction

On average, about 30% of Chinese are
susceptible to motion sickness (So et al.,
1999). The neural mismatch theory predicts
that visual-vestibular integration, as the
central mechanism of vection perception, is
also essential for generating motion
sickness (MS) (Reason, 1978). This
predicted connection between vection and
MS has been supported by empirical data
(Hettinger et al., 1990). However, there
have been recent debates on the role of
vection in visually induced MS (VIMS)
generations. On one hand, vection has been
referred to as the sole cause of VIMS in
many studies involving optokinetic drums
(Hu et al., 1997, Hu & Stern, 1998, Stern et
al., 1990, So and Lo, 1999; So et al., 2001).
On the other hand, researchers have
proposed that vection is not the only factor

that can cause VIMS (Flanagan et al., 2002).
Furthermore, vection has been successfully
dissociated with changes of VIMS severity
levels when the field-of-view is restricted
(Webb & Griffin, 2003). The authors
propose that developing mathematical
models substantiate explain and simulate the
generation of vection induced motion
sickness could be a useful addition to the
recent healthy debate. In particular, if the
model’s structure is consistent with
biological fact on visual and vestibular
interactions. The authors humbly admit that
the development of mathematical models to
simulate VIMS is not new. Both Oman
(1982, 1990) and Bos and Bles (1998) have
reported  models  concerning = MS.
Unfortunately, the emphases of their model
were not on vection. In this paper, we
attempt to fill up this research gap by
constructing a computational model which
can reinforce the connection between



34

vection and MS. It has to be noted that it is
not the intention of the authors to argue that
vection is the only cause of MS, in fact, the
authors also develop a biologically inspired
model to explain OKN induced VIMS. The
objective of this study is to further the
understanding of the cause of VIMS
through model development. Currently, the
authors believe that  VIMS is
polysymptomic and are caused by
multi-factors associated with visual and
vestibular interactions. It is the conviction
that if vection is indeed not a cause of
VIMS, as the model becomes more and
more biologically accurate, it will
demonstrate the disassociation between
VIMS and vection.

Initially, we set the scope of the model
parameters to explain vection induced
motion sickness generated inside an
optokinetic drum rotating at constant
velocity. Theoretically, the model can be
generalized to other visual stimuli. Since
evidence exists that vection is not the sole
causal factor of VIMS, assumptions have
been made to isolate the effect of vection on
MS from the influence of other factors.
First, we assume that OKN is fully
suppressed by eye fixation to isolate effect
of vection from optokinetic nystagmus
(OKN). Second, we assume that head
movement is fully constrained by head
fixation and the rostrocaudual axis of head
is carefully aligned along the earth-vertical
axis to isolate effect of vection from
subjective-vertical conflict (SVC). Third,
we assume that head fixed human
participant can use external instruments to
stabilized his/her bodies, e.g., use hand
holders or sit in a chair, for the purpose to
isolate effect of vection from postural
instability (PI).

Model development

Neural basis roadmap of vection-induced
motion sickness. The neural basis of
vection induced motion sickness is
illustrated in Figure 1. A visual-vestibular
sensory convergence terminal, consisting of
brainstem, thalamus and human homologue

of parietal-insular vestibular cortex (PIVC),
converges signals about visual motions with
respect to the retina and vestibular signal
about head movement with respect to the
earth (Guldin & Grusser, 1998; Brandt,
1999). This convergence terminal will then
produce the perceived self-motion velocity

and pass the self-motion signals to
cerebellum via the brainstem. The
cerebellum, a specialized organ for

supervised learning to facilitate VIMS
protective adaptation, is capable of
generating corresponding sensory
prediction output and produce neural
mismatch signals as self-modification error
signals. This mismatch signals can trigger
the vestibulo-autonomic circuitry via the
vestibular nuclei and directly mediates
elicitation of VIMS symptoms such as
nausea (Doya, 1999; Balaban & Porter,
1998). In the light of Reason’s neural
mismatch model, we proposed that the
perceived self-motion velocity is the
sensory signal directly contributing to
vection induced motion sickness.
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Figurel. Neural basis of vection induced
MS inferred from neuroscience literatures
(adopted from Ji et al., 2008).

Conceptual model of vection induced
motion sickness. Base upon the neural basis
of vection induced MS, a three-module
architecture is proposed. As illustrated in
Figure2, Modulel M1) is a
visual-vestibular ~ sensory  integration
network converging visual signals with
vestibular signals.
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Figure 2. Three-module conceptual model of vection-induced motion sickness (adopted from Ji

et al., 2008).

Module2 (M2) is a supervised-learning
adaptation network simulating the function
of the cerebellum, It receives the perceived
self-motion velocity and generates the
optimal sensory prediction and neural
mismatch signals. Module3 (M3) is a
Stevens’ power law-based symptoms
dynamic network to estimate subjective
sickness severity levels.

Computational model of vection-induced
motion sickness: variable defintions. In
this computational model, sensory input
variables are: (i) rotating peripheral visual
motion velocity with respect to the earth ;s
(+ve means rotating to the left of the
viewer), (ii) vestibular signals representing
the head rotating velocity with respect to the
earth .. Other variables include: the
perceived  self-rotating velocity with
respected to the earth (o), the expected or
predicted  self-rotating  velocity  with
respected to the earth (o), and the neural
mismatch signal (o). The model output,
the estimated subjective nausea severity
levels (Opausea) 1S @ non-negative scalar.

M1. Telban and Cardullo (2001)’s visual
and vestibular interaction model has been
modified and adopted in M1. In the original
model proposed by Telban & Cardullo
(2001), there is a weighting function K for
the visual input and it’s value varies
between 0 and 1. This range of K forces the
perceived self-motion velocity to reach a
level of saturated vection given enough
exposure time. In real life, however, some
participants didn’t experience vection
saturation during exposure to rotating
optokinetic drum (Stern et al., 1990; Danieli
et al., 1996). Therefore, we modified the
function of K by adding a parameter ¢ to
account for this individual differences on
human vection perception as shown in
Equation 1:

K=(Dcos%a)e”+(b- (1

where ¢ is the newly added parameter and
has a value between 0 and 0.5. The
weighting K in our model varies in a range
from 0 to 2 ¢ . The yaw direction vestibular
indifference motion threshold & and the
perceived conflict measure o, is defined
according to Telban & Cardullo (2001)..
The output of M1 is the time series data of
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the perceived self-rotating velocity ®per
which serves as the input to M2, a
supervised learning adaptation network.

M2. This module consists of a
supervised-learning adaptive filter
composed of a least mean square (LMS)
adaptive linear neural network (ADALINE)
with a tapped unit delay line to facilitate the
predictive ability. First, the sampled input
signal ®p, is transformed into a
M-dimension input vector

U =[u,,u,,...,U, ]" using a sequence of
unit delay functions
( 52[1, D,...,.D""']" ) as shown in
Equation 2:

U= [N)a)per- ()
Referring to the cerebellar neural circuit
proposed by Doya, 1999, the mossy
fiber-granule  cells  input  network

cooperating with attached Golgi cells can
realize the delaying function in the tapped

unit delay line D . The prediction output of
this supervised-learning adaptive filter wex,
is a linear combination of the M components
of U weighted by a tunable weighting

vector W =[W,, W, ,...,W,, ]" plus a tunable

bias b as shown in Equation 3:
@, =UW +b. (3)

The prediction output signal e, is a
representation of Purkinje cell output
formed by gathering parallel fiber signals
u,,u,,...,u,, together through synaptic
connections with  different strengths
( W,W,,...,W, ). Consequentially the
neural mismatch signal . can be
calculated by Equation 4:

Dpis = a)per - a)cxp . (4)

The inferior olivary nucleus (ION) in the
brainstem can work as the comparator of the
input o, passed from the vestibular nuclei
and the Purkinje cell prediction output ®ex,
to compute the neural mismatch signal ©,y;.
®mis 18 then fed back to the computation loop
of prediction output e, in an iterative
manner to make ®y, adapting towards ®per
and eventually to equal to ®p. This

convergence of prediction output and input
is achieved by adjusting the components of

weighting vectorW =[W,,W, ,...,W,, ]" and
the bias b whose initial values are all zero
and step changes dW and db are

governed by LMS learning rule (Widrow &
Hoff, 1960) as shown in Equation5:

dw =lIre,; U
: )
db=Ira,;

where Ir is the learning rate of the LMS
adaptive filter. This adatptive network is
consistent with the cerebellar neural circuit
(Doya, 1999). Therefore the output of M2
Omis can serve as the input of M3, a
symptom dynamic network.

M3. Oman (1982)’s nausea path dynamic
model has been modified and adopted to
implement M3. It takes in the neural
mismatch or sensory conflict signal (p;s)
and output the estimated subjective nausea
severity levels (Opaysea)- It is worth to point
out that sensory conflict weighting in the
nausea path dynamic module in the original
Oman;s model is not adopted because the
input to M3 (o) is already a sensory signal
integrated from the weighted visual and
vestibular input. Therefore in our model the
M3 input o, is directly rectified by
Equation 6:

/e . (6)

where ¢ is a positive constant and @, is a

a)mis = |a)mis

the pre-processed neural mismatch signal.

.. is passed into two parallel, interacting

mis
pathways to estimate the fast response and
slow response of sickness response. Finally,
the Stevens’ power law equation is used to
transform the sickness response to rated

nausea levels.

Model simulation. Figure 3 shows a block
diagram of the biologically inspired
computational model of vection induced
MS. The model is implemented by the
Matlab-Simulink® software package and a
fourth-order variable-step Dromand -Prince
algorithm is used for the simulation (the
ode45 function in Simulink). The default
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values used are: ¢=0.35, M=5, Ir=2"%, ¢=60,
k=0.8, 1,=0.05, a=0.96, and b=0.65. These
values have been determined through a
process of trial and error and with references
to the literature where appropriate.

Compraing the predicted output with
published data. Time course data of mean
subjective  nausea  severity in the
“eye-fixation” condition reported by Stern
et al. (1990) is used as the benchmark of
model prediction. The two model inputs are
®yis= -60dps and o= 0dps. As illustrated
in Figure 4, the model predicted time course
of mean subjective nausea severity is
enclosed in the 95% confidence interval (CI)
envelop calculated from the empirical data.
Although the predicted results are closed to
the published empirical data, the authors
acknowledge that the comparison has some
shortcomings. First, nausea data were not
collected as ratio scale data in Stern’s study.
Second, the model should be validated
under more than one velocity condition.
Therefore, stimulations shown in this
section can at best be considered as a
demonstration of predictive ability of the
model. A review of literature indicates that
suitable ratio scale nausea data with VIMS
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studies cannot be found. Currently,
experiments are being conducted by the
authors and initial results should be
available for presentation at the symposium.
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Figure 4. Predicted and empirically reported
time courses data on mean subjective nausea
severity levels of the “eye-fixation”
condition in Stern et al. (1990). The distance
between a pair of triangles for each 2mins
represents size of the 95%CI calculated
from empirical data. The solid line is model
prediction. The square represents means of
empirically collected data (adopted from Ji
etal., 2008).
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Figure 3. Block diagram of the biologically inspired computational model of vection-induced

motion sickness (adopted from Ji et al., 2008)
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Individual differences and  model
sensitivity analysis

Large individual differences on vection
onset, vection build-up time, and vection
saturated level have been reported (Brandt et
al., 1973; Stern et al., 1990). Our model can
simulate individual difference on vection
onset by tuning parameter r, and &. 7 is

time constant of transfer function  which is

a high pass filter used to wash out the
high-frequency mismatch between visual
input and vestibular input over time. & is a
preset parameter in weighting logic function
K and defined to equal the mean yaw
direction vestibular indifference motion
threshold. Vection onset 1is positive
correlated with 7 and negatively correlated

with & It was reported that & varies in a
range of 0.84 to 4.63dps for different human
individuals (Benson et al., 1989). However,
model simulation shows that vection onset
change caused by this variation is less than
0.5 sec. Therefore, we simply use an
adjustable 7, to account for a hypothetical

variation of vection onset time from 3 to 5
sec in our model.

Likewise we can simulate individual
difference on vection build-up time by
tuning parameter 7, which is a time

(Figure 3)
accounting for the low pass frequency
response of vection. Simulated results

indicated that vection build-up time
increases with increasing 7, . Therefore, we

constant of transfer function Topto

can use an adjustable 7, to account for a

hypothetical variation of vection build-up
time from 7 to 10secs in our model.
Similarly, we can simulate individual
difference on vection saturated level by
tuning parameter ¢ in weighting logic
function K. Vection saturated level increases
linearly along with increase of ¢ .Therefore
we can use an adjustable ¢ to account for a
hypothetical variation of vection saturated
level from 36 to 48dps.

Our sensitivity analysis shows that, among
the three types of individual differences on
vection perception, only model simulated
variation of vection saturated level
contributes part of the variance of subjective
nausea severity reported empirically.
Results indicated that a 33% change of
model simulated vection saturated level
accounts for about 10% of the total variance.
This result is consistent with the moderate
correlation between vection and motion
sickness observed from empirical study
(Hettinger et al., 1990). Although model
simulated sickness is directly triggered by
the perceived self-motion velocity, the effect
of vection can be modulated by effects of
other individual differences, e.g., motion
sickness susceptibility (Reason and Brandt,
1975). Several model parameters can be
adjusted to account for this motion sickness
susceptibility variation, e.g., learning rate Ir
in M2, threshold Iy, gains and time constants
of fast and slow dynamic elements in M3.
The ability of this model to account for
individual differences is an important
contribution.

Conclusion

This paper presents a biological inspired
computational model simulating the process
of wvection induced motion sickness
elicitation. Model simulation produce
predicted rated nausea levels that are
comparable to those published in Stern et al.
(1990). In addition, the model has been
shown to be able to simulate individual
variations in VIMS responses as well. In
particular, the model can account for
individual differences in vection onset time,
vection build-up time, vection saturated
levels, and rated nausea levels. Among other
side-effects associated with a virtual reality
system (e.g., time delays: So and Griffin,
1991, 1992, 2000; So and Chung et al.,
1999), motion sickness has been the one that
has caused major concerns (Kiryu and So,
2007; Lo and So, 2001). The model reported
in this paper is an important step towards the
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development of a sickness-free virtual
reality simulation.
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