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Abstract 9 

Personalized computational models based on subjective vertical conflict theory have been widely 10 
studied to predict or quantify motion sickness, providing a foundation for mitigating associated 11 
discomfort symptoms. However, frequent queries of passenger status at short intervals (e.g., one 12 
minute) may exacerbate motion sickness symptoms while simultaneously increasing the computational 13 
burden of the model. The present study proposes an adaptive querying strategy for acquiring 14 
passengers' symptom progression in terms of the Motion Illness Symptoms Classification (MISC), 15 
enabling sequential identification of personalized model parameters and prediction of future MISC 16 
values. Specifically, a query is issued when the model-predicted MISC, taking prediction uncertainty 17 
into account, reaches the next MISC level, or when a five-minute interval of motion exposure has 18 
elapsed. The collected MISC is then used to update the model parameters for subsequent predictions. 19 
The proposed approach is validated using a dataset obtained from participants exposed to linear lateral 20 
motion in darkness. The results demonstrate that the proposed strategy can successfully capture motion 21 
sickness progression trends while substantially reducing both the frequency of queries and the 22 
associated computational workload compared with conventional querying at one- or two-minute 23 
intervals. 24 

1 Introduction 25 

Recent advances in technologies used in ground transportation, the increasing use of in-vehicle 26 
devices, and the rapid spread of immersive virtual reality environments have made motion 27 
environments more complex, thereby elevating the likelihood of motion sickness (Golding & Gresty, 28 
2005). For example, the emergence of automated driving systems has further increased this risk (Diels 29 
& Bos, 2016; Sivak & Schoettle, 2015; Wada, 2016), primarily as a result of (1) the shift from active 30 
driving to passive riding, i.e., the loss of vehicle control by occupants (Diels & Bos, 2016; Sivak & 31 
Schoettle, 2015), (2) changes in vehicle interior design such as seat orientation and layout (Diels & 32 
Bos, 2016), (3) alterations in vehicle motion characteristics (Wada, 2016; Yunus et al., 2025), and (4) 33 
the increased engagement in non-driving subtasks (Diels & Bos, 2016; Sivak & Schoettle, 2015).  In 34 
view of this situation, the development of effective countermeasures against motion sickness has 35 
become a critical issue, and prediction technologies are expected to play a central role in this effort. 36 
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Various approaches have been proposed to predict motion sickness, among which 37 
computational modeling has been particularly well studied in recent years. One line of research focuses 38 
on fitting models, such as Motion Sickness Dose Value (MSDV) (ISO2631-1, 1997), which describe 39 
the relationship between body motion (in vertical) and sickness incidence based on empirical 40 
exposure–response data such as McCauley et al. (1976). Notably, this model has been officially 41 
validated for motion sickness induced by vertical motion without visual stimulation, and thus its 42 
extension to other sensory conditions has been pursued (Bos et al., 2024). Another line of research 43 
aims to capture the underlying mechanisms that explain how motion sickness occurs. The pioneering 44 
work by Oman (1982, 1990) is based on neural mismatch theory (Reason, 1978), which postulates that 45 
motion sickness develops when the mismatch between the integrated patterns of the sensory signals 46 
and the expected ones generated from the central nervous system (CNS). Furthermore, the pioneering 47 
computational work for quantitatively predicting motion sickness incidence (MSI) (McCauley et al., 48 
1976), defined as the percentage of people who would vomit, was conducted by Bos & Bles (1998). 49 
This computational model is based on the subjective vertical conflict (SVC) or subjective vertical 50 
mismatch (SVM) theory (Bles et al., 1998), which postulates that motion sickness develops when there 51 
is a mismatch between the integrated sensed vertical direction derived from sensory signals and the 52 
expected vertical direction generated by the internal model thought to be built in the CNS. This SVC 53 
hypothesis can be regarded as a refined version of the neural mismatch theory. It should be noted that 54 
this pioneering model was the first to reproduce the phenomenon that MSI exhibits its peak around 0.2 55 
Hz as observed in  McCauley et al. (1976). Inspired by this original model (Bos & Bles, 1998) focused 56 
on vertical motion, various expanded versions of the SVC models have been developed, for example 57 
increasing the degrees of freedom of motion to account for otolith–canal interactions (Bos et al., 2002; 58 
Inoue et al., 2023; Kamiji et al., 2007; Wada et al., 2018; Wada & Bos, 2025). Furthermore, models 59 
incorporating visual information (Braccesi et al., 2011; Liu et al., 2024; Tamura et al., 2023; Wada et 60 
al., 2020) and addressing the effect of human motion predictability on motion sickness (Kuiper et al., 61 
2019) have also been proposed (Wada, 2021). More recently, SVC models have been expanded to 62 
predict the progression of motion sickness symptoms, rather than MSI, in response to increasing 63 
demands for practical applications. For example, models to predict the Motion Illness Symptoms 64 
Classification (originally called the MIsery Scale, MISC) (Bos et al., 2005), an 11-point subjective 65 
rating scale based on the progression of symptoms, have been developed (Inoue et al., 2024, 2025; 66 
Kotian et al., 2023, 2025; Yunus et al., 2022), inspired by a similar attempt with a model based on the 67 
neural mismatch theory (Irmak et al., 2022). Furthermore, Inoue et al. (2025) demonstrated that the 68 
symptom progression described by MISC for each individual can be predicted using model parameters 69 
identified from past observations of MISC and head motion. 70 

Although the aforementioned SVC models successfully predict the symptom progression of 71 
individuals, several issues remain when applying them to engineering applications. One of these issues 72 
concerns how to obtain motion sickness data. In the present study, we assume that symptom 73 
progression data, such as MISC, can be sequentially obtained and used for online model parameter 74 
identification to predict individual symptom progression, based on previous findings (Inoue et al., 75 
2025), which demonstrated that model accuracy improves as more data become available. In 76 
conventional studies investigating the characteristics of motion sickness, MISC scores were typically 77 
obtained at regular intervals, such as every minute (Irmak, Pool, et al., 2021; Kuiper et al., 2020; Sato 78 
et al., 2026). However, in future engineering applications, it may not always be feasible to collect such 79 
subjective ratings frequently. Repeated questioning could degrade the user experience, and it might 80 
even affect the subjective ratings themselves, potentially leading to either under- or overestimation of 81 
motion sickness. Therefore, we formulated the idea of reducing the sampling frequency of MISC 82 
measurements while preserving model accuracy. 83 
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The present study considers a situation in which the system occasionally queries users for their MISC 84 
ratings to sequentially identify model parameters and predict future symptom progression, given that 85 
head motion data are available. The purpose of the present study is to develop a method to determine 86 
the optimal timing for symptom queries, aiming to reduce their frequency while preserving model 87 
accuracy in such situations. Specifically, the method determines the timing for querying the MISC by 88 
predicting when MISC increases, accounting for the uncertainty in the model-predicted MISC. To 89 
validate the proposed method, we employ a dataset collected in experiments (Orita et al., 2025) in 90 
which participants were exposed to lateral motion under dark conditions without visual cues. 91 

2 Method 92 

2.1 Computational Model of Individual Symptom Progression of Motion Sickness 93 

The present study employs the computational model of  Inoue et al. (2025), which is based on the 94 
subjective vertical conflict (SVC) theory and represents the progression of motion sickness symptoms 95 
at the individual level (Fig. 1). The inputs to the model are the head angular velocity vector 3( )Rω96 

and the gravito-inertial acceleration (GIA) 3( )R  f g a , where g and a denote the gravitational and 97 
inertial acceleration vectors, respectively. The model output is the Motion Illness Symptoms 98 
Classification (MISC) score (Bos et al., 2005), which is a subjective measure of motion sickness 99 
symptom progression based on an 11-point scale. The model incorporates the dynamics of the otolith 100 
and semicircular canal sensory organs together with low-pass filtering to decompose f into the sensed 101 
vertical gravitational acceleration sv and the sensed inertial acceleration sa . This process is referred to 102 

as the generalized Mayne Equation (Bos & Bles, 2002). In addition, it is assumed that the human central 103 
nervous system (CNS) contains an internal model with identical dynamics, which is used to compute 104 
the expected gravitational acceleration ˆ

sv , the expected inertial acceleration ˆ
sa , as well as the expected 105 

angular velocity ˆ
sω . The mismatch between the sensed and expected vertical gravitational 106 

accelerations, referred to as the subjective vertical conflict (SVC), )ˆ(:  s sv v v , is then calculated. 107 

The component of the model that performs these computations is referred to as the SVC part (Fig.1). 108 
In the MISC output part of the model, the SVC v is converted into the MISC score. The dynamic 109 
relationship between the SVC and the MISC score is modeled using a combination of a Hill function, 110 

which is defined as 
2
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 with fast and slow pathways, which is referred to as OmanHLL 111 

in Inoue et al. (2024, 2025). It should be noted that Inoue et al. (2025) demonstrated that the observed 112 
progression of MISC scores at the individual level can be reproduced by tuning only the parameters 113 

1 2[ ]: , , , Tb K  θ in the MISC output part for each individual. For further details of the model structure 114 

and parameterization can be found in Inoue et al. (2025).  115 
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 116 

Figure 1. Computational model of motion sickness, consisting of the SVC part and the MISC 117 
output part. 118 

2.2 Proposed Adaptive Symptom-Querying Strategies for Prediction 119 

In this study, we consider a scenario in which online parameter identification of the 6DoF-SVC model 120 
is performed each time a participant’s MISC score is obtained, and the future MISC progression for 121 
the same individual is subsequently predicted. Under this setting, an algorithm that reduces the number 122 
of MISC queries is proposed while maintaining sufficient model prediction accuracy. 123 

First, the optimal parameters of the MISC output part are identified using the currently available 124 
observation data as follows: 125 

 * * * * *

1 2[ ] )arg min (T Jb K   
θ

θ θ ,                                            (1) 126 

where the cost function is defined as  
2

1

( ) : )(
N

mdl obj

k k
k

J MISC MISC


 θ θ . Here k

obsMISC and mdl

kMISC127 

denote observed MISC value at the k-th query and its corresponding model prediction, respectively, 128 
and N denotes the number of data points currently available. 129 

Second, parameter sets in the vicinity of the optimal parameter vector *θ  are sampled to quantify the 130 
uncertainty of the prediction. A second-order Taylor expansion of the cost function )(J θ  around the 131 

optimal parameter vector *θ yields  132 

              
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2
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2
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At the optimal parameter vector *θ , the following condition is necessarily satisfied: 134 
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*
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T

J


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θ
θ θ

θ
.                                                              135 
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Substituting this condition into (2) yields 136 

          
*

2

* * *1
.

2

T

T

J
J J



 
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θ θ
                                 (3) 137 

Based on the local curvature of the parameter space characterized by the Hessian matrix in (3), the 138 
MISC output part parameters  θ  sampled in the vicinity of the optimal parameter set  *θ  are 139 

assumed to lie within the following domain: 140 

     
*

2

4 * * 2 ,
T

T

J
S 



              θ θ

θ
θ θ θ θ θ

θ θ
                                   (4) 141 

where  denotes an acceptable tolerance.  142 

Computing the Hessian matrix  143 

 
*

2

4 4

ijT

J
H 




     

θ θ

θ
H

θ θ
                                                         144 

poses significant challenges, particularly in the case of high-dimensional cost functions. Therefore, 145 
to reduce the computational complexity associated with evaluating the Hessian, a simple 146 
approximation based on the Taylor expansion is employed as follows: 147 

 
2
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,

4
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i j

J J J JJ
H
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                                             (5) 148 

where   is the differential step size. The terms 1 2 3, ,ij ij ijJ J J and 4

ijJ  are defined as follows: 149 
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in which 4

i I  and 4

j I   denote the i-th and j-th standard basis vectors, respectively, i.e., vectors 154 

with a value of 1 at the i-th or j-th entry and 0 elsewhere. Accordingly, M parameter sets can be 155 
generated by sampling from the set defined by (4), yielding M corresponding predicted MISC values. 156 
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From this predicted MISC data, we can calculate the mean predicted MISC in the following 157 
formulation. 158 

    
1

1
MISC MISC ,

MP
P

l
l

t t
M 

                                                 (10) 159 

where  MISCP

l t  is the predicted MISC at the l-th sample among M total samples. In addition, the 160 

predicted uncertainty can be quantified from the standard deviation of the predicted MISC scores as 161 
follows: 162 

       2

1

1
SD MISC MISC

1

M P
P

l
l

t t t
M 

 
  .                                (11) 163 

Based on the formulations described above, we propose an algorithm that determines when symptom 164 
querying should be performed to update model parameters, while the model continuously predicts 165 
future MISC progression, as illustrated in Fig. 2. As the first criterion, MISC querying is performed at 166 
the time point when the model-predicted MISC, accounting for prediction uncertainty, is expected to 167 
exceed the previously observed MISC by one or more levels, that is, when condition (12) is satisfied. 168 

    MISC SD MISC 1,
P

obs

Nt t                                                 (12) 169 

where MISCobs

N  denotes the last observed MISC from the current collected data.  170 

Although this strategy effectively reduces unnecessary queries, it inherently relies too heavily on the 171 
model’s instantaneous accuracy, making the system vulnerable to prediction errors. To mitigate this, 172 
we introduce an additional timing-based rule, which queries the passenger's MISC after a 5-minute 173 
interval of motion exposure, as follows:  174 

 5min .,lastt t t                                                             (13) 175 

in which lastt  is the last time of querying MISC. Thus, the strategy queries the MISC score either when 176 

the condition in (12) is satisfied or when the 5-minute interval of motion exposure has elapsed. This 177 
hybrid mechanism ensures that the model can still query through (12), while the timing-based rule 178 
prevents indefinite inactivity caused by potential model inaccuracies.  179 

 180 
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Figure 2. Overview of the proposed strategy for adaptive symptom querying and personalized 181 
prediction of motion sickness progression.  182 

2.3 Experimental Dataset 183 

In this study, a subset of the dataset reported by (Orita et al., 2025) is used to evaluate the effectiveness 184 
of the proposed approach. In the experiment, participants’ body movements were restricted to the seat, 185 
resulting in negligible torso and head motion. Participants were seated in a car seat mounted on a linear 186 
motion platform that delivered sinusoidal lateral accelerations with a peak of 2 m/s² at 0.3 Hz and a 187 
maximum displacement of 3.47 m, alternating with a 1 s stop. The six cycles constituted a one-minute 188 
set, and a 5-second stop was inserted between consecutive sets. The maximum number of sets was 16, 189 
corresponding to a total motion exposure duration of up to 16 min. Motion sickness was assessed at 1-190 
min intervals during the 5-second stops using the MISC. The motion was terminated either after all 16 191 
sets were completed, when the MISC score reached 6, or upon participant request, followed by six 192 
additional post-exposure assessments. Fourteen participants (11 males, 3 females; mean age 24.9 ± 3.4 193 
years) took part in the experiment, and all provided written informed consent in the original study. The 194 
experiment was approved by the Ethics Review Committee of Nara Institute of Science and 195 
Technology. 196 

2.4 Model Parameters 197 

The SVC part utilizes the same parameters as those employed in the previous study  (Inoue et al., 2023, 198 
2025), which are summarized in Table 1. Meanwhile, a set of four parameters for the MISC output part 199 
is identified by the proposed method within the allowable ranges depicted in Table 2. In addition to 200 
these inequality constraints, the condition 1 2   is also imposed in the present study. Furthermore, 201 

the parameters for the sampling process are selected as 5  , 0.01  , and 100M  . Because 202 
Participants 1 and 10 reported zero MISC scores for the entire duration of the experiment; therefore, 203 
they were excluded from the analysis. 204 

 205 

Table 1. Parameters of the SVC part. 206 

Ka Kw Kwc Kac Kvc  [s] d [s] 

0.1 0.1 10.0 0.5 5.0 2.0 7.0 

 207 

Table 2. Allowable ranges for the parameters of the MISC output part. 208 

Parameters b [m/s2] K 1 [s] 2 [s] 

Range of parameter values [0.05, 50] [0, 10] [1, 2000] [1, 7200] 

 209 
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2.5 Comparative Methods and Data Analysis 210 

The present study compares the proposed method against three alternative strategies, focusing on the 211 
mean absolute error (MAE) between observed and predicted MISC values and the number of data 212 
points used. Specifically, the four methods considered for comparison are defined as follows: 213 

Proposed method: The adaptive querying strategy described in Section 2.2 was employed.  214 

1-min. interval method: Querying every 1 minute from the onset of motion exposure until the end of 215 
the experiment. 216 

2-min. interval method: Querying every 2 minutes from the onset of motion exposure until the end of 217 
the experiment.  218 

5-min. interval method: Querying every 5 minutes from the onset of motion exposure until the end of 219 
the experiment.  220 

For each method, parameter identification was sequentially performed when a new query was issued, 221 
using (1) with the previously observed MISC values. It should be noted that when the interval between 222 
two consecutive queries exceeded one minute, the observed MISC values were linearly interpolated 223 
using (14) to obtain one-minute-interval data, after which the optimization was performed. 224 

 1
1

1

MISC MISC
M ),ISC ( ) ( ) MISC [

obs obs
obs ok

k k k

k

bsk
int k

k

t t t
t

t
t

t t





 


  ,                                     (14) 225 

where MISCk
obs and MISC 1

obs
k  denote the observed MISC values obtained at the k-th and (k+1)-th 226 

consecutive queries, conducted at times kt and 1kt  , respectively.  227 

Statistical analysis is performed to evaluate the differences among the methods regarding MAE and 228 
the number of data points. The initial step involves testing for the assumption of normality using the 229 
Shapiro–Wilk test. Since the data are confirmed to deviate from normality, nonparametric procedures 230 
are applied in two stages: First, the main effect of the method factor is assessed using the Friedman 231 
test. Then, if significant effects are identified, pairwise comparisons among the four methods are 232 
conducted using the Wilcoxon signed-rank test with Holm correction. 233 

3 Results 234 

3.1 Model-Based Personalized Prediction of Motion Sickness 235 

Fig. 3 shows the predicted MISC trajectories and their associated uncertainty for each participant, 236 
obtained using parameter sets identified from the data collected by the proposed adaptive-querying 237 
method. As illustrated, the predictions are generated in an iterative manner: the computational model 238 
continuously predicts future MISC progression based on the currently available data, and model 239 
parameters are updated only when the querying condition in (12) or (13) is satisfied. At each such time 240 
point, the newly observed MISC value from the immediately preceding measurement is incorporated, 241 
and subsequent predictions are generated using the updated parameters. As a result, the predicted MISC 242 
progressions consist of successive prediction segments reflecting intermittent measurement updates. 243 
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Overall, the predicted MISC captures the main trends of the observed symptom progression across all 244 
individuals. Quantitative comparisons with the three fixed-interval methods are summarized in Fig. 4. 245 
A Friedman test of the MAE exhibited a statistically significant difference among the four methods 246 
due to  3 26.65, 0.001p   . Subsequently, Wilcoxon signed-rank tests with Holm correction were 247 

conducted to compare all pairs of the four methods. The MAE of the 5-min. interval method was 248 
significantly larger than that of the proposed method  2.43, 0.030z p   and that of the 2-min. 249 

interval method  3.059, 0.011z p  , while no significant differences were found between the 250 

proposed method and the 2-min. interval method   1.51, 0.13z p  . Furthermore, the MAE of the 251 

1-min. interval method was also smaller than those of the proposed method   2.67, 0.031z p   , 2-252 

min. interval method  2.67, 0.023z p   , and 5-min. interval method   3.059, 0.013z p   .   253 

 254 

 255 

 256 

Figure 3. Personalized predicted MISC trajectories and their associated uncertainty, obtained 257 
by the proposed method. Although observed MISC values were obtained at 1-min intervals in 258 
the original experiment, parameter identification in the proposed method was performed only at 259 
time points when queries were issued. At one-minute time points without queries, the observed 260 
MISC values were linearly interpolated using (14) and used for parameter identification. 261 
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 262 

Figure 4. Mean absolute error (MAE) of MISC prediction for each MISC-querying method 263 
across individuals. Asterisks indicate statistically significant differences between methods 264 
 *   0.05,  **   0.01p p  . 265 

 266 

 267 

Figure 5. Number of data points used for parameter identification across individuals for each 268 
MISC-querying method. Asterisks indicate statistically significant differences between methods 269 
 *   0.05,  **   0.01p p  . 270 

 271 

The number of MISC queries used for parameter identification is shown in Fig. 5. A Friedman test of 272 
the number of data points revealed a statistically significant main effect of the method 273 

  3 34.21, 0.001p   . Subsequently, post-hoc Wilcoxon signed-rank tests with Holm correction 274 

were conducted. The proposed method used significantly fewer data points than the 1-min interval 275 
method  3.059, 0.013z p    and the 2-min interval method  3.059, 0.011z p   , whereas no 276 
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significant differences were found between the proposed method and the 5-min. interval method 277 
 1.57, 0.12z p  . The 5-min interval method used significantly fewer data points than the 1-min 278 

interval method  3.059, 0.0067z p    and the 2-min interval method  3.059, 0.0044z p   . 279 

Moreover, the 1-min interval method used significantly more data points than the 2-min interval 280 
method  3.059, 0.0089z p  .  281 

4 Discussion 282 

4.1 Interpretation of the results 283 

In the present study, we proposed a method that predicts when the MISC score is likely to increase by 284 
accounting for model uncertainty, and determines the timing of MISC queries based on this prediction. 285 
We then evaluated its effectiveness using a dataset obtained from participants repeatedly exposed to 286 
lateral acceleration. The model prediction error (MAE) of the proposed method was significantly larger 287 
than that of the 1-min interval method, showed no significant difference from the 2-min interval method, 288 
and was significantly smaller than that of the 5-min interval method. Regarding the number of MISC 289 
inquiries, no statistically significant difference was observed between the proposed method and the 5-290 
min interval method, whereas the proposed method required significantly fewer queries than the 1-min 291 
and 2-min interval methods. These results indicate that the proposed method can achieve a level of 292 
prediction accuracy comparable to that of the 2-min interval method, while using a number of MISC 293 
queries comparable to the 5-min interval method and fewer queries than both the 1-min and 2-min 294 
interval methods. 295 

4.2 Comparison with the existing literature and contribution of the research 296 

In previous studies, severity of sickness or symptom progression such as MISC scores (Bos et al., 2005) 297 
have typically been obtained at fixed intervals, such as every one minute (Bos et al., 2005; Kuiper et 298 
al., 2020; Reuten et al., 2024; Sato et al., 2026; Wijlens et al., 2024) or 30 seconds (de Winkel et al., 299 
2022; Talsma et al., 2023). This short-interval querying has been used because, in scientific research, 300 
the temporal evolution of motion sickness is often unknown a priori, and therefore researchers aim to 301 
capture symptom changes as comprehensively as possible. In contrast, engineering applications impose 302 
different constraints; frequent querying can be intrusive or annoying for users, and reducing the number 303 
of queries is therefore desirable. Reducing the query frequency requires careful consideration of the 304 
multifaceted nature of motion sickness. Symptom progression is known to vary markedly as a function 305 
of stimulus frequency and amplitude (Donohew & Griffin, 2004; Golding et al., 2001; McCauley et al., 306 
1976). Motion direction also plays an important role: differences relative to the gravity vector and in 307 
body-centered coordinates (Golding et al., 1995; Sato et al., 2026) have been shown to influence 308 
symptom development. Furthermore, large inter-individual differences are well documented (Golding, 309 
2006; Lackner, 2014), including the frequency range at which symptoms peak (Irmak, de Winkel, et 310 
al., 2021). Taking these substantial intra- and inter-individual differences into account, the present 311 
study proposed a method that predicts when the MISC score is likely to increase—while incorporating 312 
model-prediction uncertainty—and uses this prediction to determine individualized querying timing. 313 
Consequently, the proposed method reduces the number of queries while maintaining prediction 314 
accuracy. This constitutes the primary contribution of the present research: it demonstrates that an 315 
adaptive querying strategy tailored to individual motion sickness dynamics can simultaneously 316 
enhance efficiency and preserve model performance. To the best of the authors’ knowledge, the 317 
present study is the first to address this trade-off and to adaptively adjust the querying timing. 318 

4.3 Limitation and future research directions 319 
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The present study has several limitations. First, the validation was conducted using a single dataset 320 
obtained under translational motion (Orita et al., 2025), and further investigation is needed to assess 321 
how well the proposed method generalizes to different motion profiles—such as variations in frequency, 322 
amplitude, and motion direction—as well as to environments including real vehicles. Second, the 323 
parameter identification procedure requires non-negligible computation time, and for practical 324 
deployment, the development of methods that enable real-time parameter estimation will be essential. 325 
Third, the evaluation of symptom progression was limited to the MISC score, and it remains unclear 326 
whether the proposed adaptive querying strategy generalizes to other subjective rating scales such as 327 
another scale used in (Golding et al., 2003; Wada et al., 2012). Fourth, the present method was 328 
examined using a specific SVC-based model; however, as shown in SVC variants such as that of 329 
(Kotian et al., 2025), differences in the output stage may influence the performance of the proposed 330 
method. Additionally, while model uncertainty was derived from the parameter space in the present 331 
study, incorporating noise models or measurement-error distributions may allow future extensions 332 
within a Bayesian framework. Furthermore, although the proposed strategy reduces the number of 333 
queries, the unpredictability of querying timing itself may impose cognitive burden on users, 334 
highlighting the need for improved human–machine interaction design. Finally, the present method did 335 
not incorporate prior knowledge regarding individual characteristics. Integrating such information—336 
such as individual susceptibility measured by the Motion Sickness Susceptibility Questionnaire 337 
(MSSQ) (Golding, 2006) or known symptom patterns—may further enhance prediction accuracy, 338 
particularly during the early stages of exposure. 339 

4.4 Concluding remarks 340 

In this study, we proposed a method that adaptively adjusts the querying timing of subjective sickness 341 
progression based on a computational model of sickness and its associated uncertainty, so as to reduce 342 
the number of queries while maintaining monitoring accuracy. The results confirmed that this approach 343 
achieves substantial reductions in query frequency without degrading predictive performance. This 344 
capability is practically important for applications in which excessive querying imposes cognitive or 345 
operational burdens, and underscores the value of adaptive symptom-monitoring strategies. 346 
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