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Abstract

We analyze the preferences of older adults and the Japanese population as a
whole for electric scooter sharing (ESS) using a discrete choice experimental method
(best—worst scaling [BWS]). A nationwide web-based survey was conducted in Japan
in May 2023 to collect data. Multiprofile BWS was used to compare the effects of
user fees, insurance premiums (or compensation), parking access time, and waiting
time for use. Although e-scooters are expected to become an essential means of trans-
portation for elderly people after they return their driving licenses, we could not find
that ESS is an attractive means of transportation for elderly people. Furthermore,
e-scooter users are discouraged by the burden of accident compensation. People with
low safety awareness were less willing to pay compensation than those with high safety
awareness. However, this study does not present adverse selection, in which riskier
(less safety-conscious) respondents are unwilling to pay premiums. In addition, people
want e-scooter parking lots to be located some distance away from the station.
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1 Introduction

Since the 2010s, the call for climate change prevention and implementation of the Mobility-
as-a-Service (MaaS) scheme have stimulated the demand and supply of the sharing econ-
omy in transportation. The global need to combat climate change requires not only
switching to electric and fuel-cell vehicles but also curbing dependence on automobiles.

In this study, as a new sharing economy trend in transportation, we focus on services
that enable the sharing of electric scooters (e-scooters). These are simple two-wheeled
vehicles powered by an electric battery and equipped with a standing deck and handlebars.
Using smartphone applications, users can easily rent and return e-scooters anywhere within
a designated service area. One-way use is available. E-scooter sharing (ESS) is an eco-
friendly alternative to other modes of transportation and has become popular in several
developed countries such as the United Kingdom, Germany, France, Spain, the United
States, Australia, and Singapore. Besides reducing carbon emissions (Hwang, 2010), ESS
presents many social benefits, including tourism and regional development, new urban and
regional transportation options, and mobility assistance to the elderly (May et al., 2010).

However, in some countries where ESS has been introduced, it has been partially
banned despite government promotion initiatives. One reason for this is death and injury
from accidents involving pedestrians and cyclists caused by e-scooters (Cloud et al., 2023).
The second is the intentional vandalism of e-scooters: users do not own the scooters and,
therefore, treat them roughly (Useche et al., 2022; Turon et al., 2023). These problems
can be caused by information asymmetries between users and operators, which is a disin-
centive for the diffusion of ESS. Therefore, it is necessary for countries introducing ESS
to implement policies to mitigate these problems.

This study considers how (potential) users in Japan perceive ESS and which factors
affect users’ preferences for ESS.! In other words, our study investigates the extent to which
different factors affect users. In particular, we consider insurance fees and compensation
burdens to reduce the above two problems: accidents and intentional vandalism. We
chose Japan for several reasons. First, Japan is in the early stages of ESS adoption, so

it is necessary to study people’s perceptions of ESS to examine the challenges associated

!See, for example, Teixeira et al. (2023) for a survey of non-users of ESS.



with its adoption and find solutions. Second, in Japan, deregulation in 2023 made it
possible to use e-scooters without a driver’s license; therefore, e-scooters are expected to
become more widespread throughout society in the near future. The Japanese government,
which faces a nationwide aging population problem, has encouraged the elderly to return
their driver’s licenses owing to the increase in traffic accidents caused by elderly drivers.
However, returning driver’s licenses may cause a last-mile problem for elderly people,
potentially leading to inconveniences in terms of shopping and thus isolating them from
the community. ESS combined with MaaS offers an inexpensive solution to this problem.
Deregulation may promote the sharing of e-scooters among elderly people after they return
their driver’s licenses.

We focus on two factors that can restrain the diffusion of ESS: adverse selection, in
which people do not use ESS because of accident risk, and users’ moral hazard, which
results in increased external costs, such as intentional vandalism. For the former, we set
insurance premiums to be paid in advance; for the latter, we use compensation fees to be
paid in case of vehicle damage. In addition, to examine the effect of deregulation that
eliminates the need for a driver’s license, we set the respondents’ willingness to return
their driver’s license as an attribute.

Because ESS in Japan is in its early stages, empirically revealed preference data from
actual use cases have not been adequately accumulated. Therefore, we adopted stated pref-
erence (SP) data obtained from users’ responses to hypothetical choices. The SP method
has often been used in studies on the demand for clean fuel vehicles in transportation.”
This study is not the first to examine ESS using the SP method.® Baek et al. (2021)
estimated the number of people who saw value in e-scooters as a last-mile transportation
option. Brezovec and Hampl (2021) investigated individuals’ preferences for sustainable
transport modes using MaaS, including ESS. Abouelela et al. (2021) estimated a choice

model between carsharing and ESS using an SP method targeting young individuals in

2For early literature on the potential demand for clean-fuel vehicles, see Beggs et al. (1981) and Calfee
(1985). Studies using the SP methods in this century include Axsen et al. (2009), Hidrue et al. (2011),
Ito et al. (2013), Jung et al. (2022), Khan et al. (2020), Potoglou and Kanaroglou (2007), Qian and
Soopramanien (2011), and Tanaka et al. (2014).

30ther studies of ESS that use methods other than SP have been published recently; see, for example,
Eccarius and Lu (2020), Sanders et al. (2020), and Younes et al. (2020).



Munich. Cao et al. (2021) conducted an SP survey on e-scooter users in Singapore to
analyze the factors affecting the choice of e-scooters and short-distance transit trips. The
contribution of this study is to consider how adverse selection, such as accident risk, and
moral hazard, such as vandalism, affect ESS preferences.

Several ESS-related studies have analyzed the substitutability or complementarity with
public transportation (Aarhaug et al., 2023; Luo et al., 2021; Ziedan et al., 2021). Button
et al. (2020) considered regulatory approaches that guide ESS. McQueen and Clifton
(2022) found that e-scooters are less preferred than private cars. This study examines
whether ESS can replace private cars for the elderly and the location of parking spaces
for e-scooters; these issues have not been examined in previous studies.

Several recent studies have investigated regulations and safety measures for e-scooters.
For example, Kutela and Mwekh’iga (2023) examined the regulatory priorities in Bloom-
ington City, Indiana. Szemere et al. (2024) showed that the categorization of e-scooters
is extremely important for regulation. Younes et al. (2023) found that e-scooter users are
less likely to use bike lanes or wear helmets. Based on these studies, our study examines
user safety measures by considering potential users’ safety awareness of ESS.

The following conclusions can be drawn: ESS as an attractive means of transportation
for elderly people remains unexplored. Next, the burden of accident compensation is a
deterrent for e-scooter users. People with low safety awareness were less willing to pay
compensation than those with high safety awareness. This is due to the moral hazard
associated with being less careful when paying less for compensation. However, adverse
selection, in which riskier (less safety-conscious) respondents were unwilling to pay pre-
miums, was absent. The simulation analysis showed that the full cost of insurance is not
preferred; however, the more the people are willing to use ESS, the more willing they are
to accept payment for insurance. In addition, people want e-scooter parking lots to be
located some distance away from the train station.

The remainder of this paper is organized as follows. Section 2 explains the methodology
and the SP data. Section 3 describes the basic model. The results are presented in Section
4. In Section 5, we discuss how to promote ESS among the elderly people and simulate

our results. Section 6 concludes the paper.



2 Methodology

2.1 Analysis Method (Best-Worst Scaling)

This section explains the SP method and the experimental design. SP experiments, which
measure people’s preferences using hypothetical choice situations, are widely used in trans-
portation choice research.

We adopted best-worst scaling (BWS) as the analytical method for the consumer
experiments (Louviere et al., 2015). In standard choice experiments such as conjoint
analysis, only the best option (best) or the worst option (worst) is selected. However,
“best” and “worst” are irreversible. This means that the characteristics of respondents
who do not consider a certain option the most attractive differ from those who do not
consider it the least attractive. So, the BWS is used to determine preferences for a wide
range of questions by asking respondents to indicate the best and worst among available
items or options. In BWS, two choices can be obtained for one hypothetical experimental
question. The goal is to obtain a complete ranking of the items in a manner that is easy
for respondents and can then be analyzed in various ways. BWS is less psychologically
burdensome for respondents than a method that ranks all alternatives and provides more
information than one that asks respondents to choose a single alternative.

There are three types of BWS methods: object case (case 1), profile case (case 2), and
multi profile case (case 3). In this study, we adopt the BWS multi profile case (case 3) to
make comparisons that include the price attributes of ESS. The multi profile case (case
3) can be used to obtain the marginal valuations of product characteristics by presenting
multiple profiles consisting of multiple product characteristics and selecting the best and

worst profiles.

2.2  Survey Design

The survey consists of 10 basic questions and 13 profile-based BWS questions. First, the
basic questions include gender, age, location, marital status, occupation, and awareness of
the July 2023 amendment to Japan’s traffic law, which makes a driver’s license unnecessary
for e-scooter users over 16 years of age. Respondents are also asked about their awareness

that e-scooters with a maximum speed of 6 km/h can be used on sidewalks, road shoulders,



and bicycle lanes. In addition, respondents are asked about the type of driver’s license
they hold, whether they plan to surrender their driver’s license within the next year,
and whether they wear a helmet while cycling. According to Zhou et al. (2022), as the
helmet-wearing rate increases, the accident rate decreases. So the question about wearing
a helmet while cycling measures the respondent’s safety awareness while driving. Those
who answer “yes” are assumed to have a high level of safety awareness in their daily lives
and a lower risk of having an accident.”

Next, the BWS questions are discussed. In the BWS questions, each attribute related
to ESS is examined to see if it influences the choice of ESS type. In this survey, we assumed
a situation in which the respondents themselves use the ESS service to travel from the
nearest train station to their final destination (e.g., work or shopping mall), and they are
allowed to return their vehicles at any rental/return point located in the assigned area,
and this information was presented before the BWS questions. At the same time, it was
predicted that information about e-scooters was not well known in Japan at the time of
the survey, so the following three main features were presented to enhance respondents’
understanding of the topic.

(i) ESS is a service where an e-scooter (maximum speed: 15 km/h) can be rented
and returned at designated parking lots in various locations. (ii) The service has a low
environmental impact, is suitable for short-distance travel, and is expected to be used for
commuting to work, school, and sightseeing. (iii) Conversely, in some foreign countries
where e-scooters have become popular, collisions with pedestrians and other vehicles have
increased.

Respondents choose the best and worst profiles from each choice set, each containing
random levels of four attributes. Table 1 shows the levels for each attribute.

We explained these attributes in detail in the survey questionnaire before starting
with the discrete choice questions. The description is as follows. “Usage fee (yen)” means

the monthly payment for using an e-scooter. “Compensation burden (%)” means the

4Vanparijs et al. (2015) argue that there is no correlation between helmet-wearing and a decrease in
accident rates. The debate regarding the decrease in accident rates due to helmet-wearing continues. We
adopt the findings of Zhou et al. (2022), but whether we make this assumption or not does not affect our
conclusion. This is because we only define safety awareness assuming that those who wear helmets when
riding bicycles have a high level of safety awareness.



Table 1: Attributes and attribute levels

Attributes Level
Fee/month(¥) ¥500  ¥1,000 ¥5,000 ¥10,000
Compensation

P 10% 50%  100%
burden(%)
Insurance

) 10% 50% 100%
premiums(%)

Time to park
. 1 3 5
(min)
Waiting time to
_ 10 30 60
use (min)

percentage of the repair cost to be paid if the e-scooter is damaged while using the sharing

service. (Not included in the usage fee). “Insurance premiums (%)”

means the percentage
of the cost of voluntary insurance to be paid before using the sharing service (not included
in the usage fee). “Time to park (minutes)” means the time it takes to travel to the
designated parking space. “Waiting time (minutes)” means the time from reserving the
e-scooter until it is available.

In the survey, respondents were divided into two subgroups, and each group evaluated
different scenarios. One scenario included the burden ratio of insurance premiums for
e-scooters (paid in advance), and the other scenario included the burden ratio of repair
costs in case of an accident (paid after the fact). The two survey questionnaires differ only
in the attribute names of the burden ratio of insurance premiums for e-scooters and the
burden ratio of repair costs in the case of an accident. All levels are identical.

Respondents made their choices based on the entire scenario, not on a single factor.
Table 1 shows each attribute and its level. We set one four-level attribute and three
three-level attributes. Figure 1 illustrates an example of the choice set in this study. An
orthogonal plan is used since the number of attributes becomes too large and unwieldy

when all possible combinations are considered. Therefore, we create a set of 13 alternatives

using the orthogonal plan and compared four profiles with four attributes. We then design



a choice situation using a balanced incomplete block design (BIBD). The multi profile
includes all the factors and one level per factor, and the respondent is assumed to make
deliberate choices based on the level presented for each factor.

The question about wearing a helmet while driving measures the respondent’s safety
awareness while cycling. In other words, those who answer “yes” are assumed to have a

strong awareness of safety in their daily lives and a lower risk of accidents.

Plan 1 2 3 4
Fee (per month, ¥) 10000 500 1000 10000
Compensation burden(%) 50 10 100 10
Time to park (minutes) 5 5 5 3
Waiting time to use (minutes) 30 30 10 10

Please select the most and least attractive plans for you by clicking on each box.

Most attractive Plan Least attractive
1 L]
[ 2 L]
(] 3
] 4 ]
L] | would choose none

Figure 1: E-scooter choice survey BWS question

3 Model Specification

This section describes the estimation model in detail. In this study, we use a conditional
logistic (CL) model that incorporates both individual-specific and case-specific parameters
to evaluate the diversity of individual attributes. However, this assumes independence
of irrelevant alternatives (ITA), which does not consider the impact of preferences for
irrelevant choices (McFadden et al., 1977). Therefore, we adopt a mixed logit (ML) model
to assess consumers, preference diversity for each attribute of ESS.

The standard case 3 BWS modeling approach uses three major selection models: max-
imum difference (MaxDiff), sequential, and marginal sequential (rank-ordered), depending

on the choice method used by each individual to maximize utility (Marley and Pihlens,



2012; Louviere et al., 2015). The MaxDiff model is based on the assumption that the
most attractive and the least attractive options are generated to maximize the difference
in utility between them. On the other hand, the sequential (or marginal sequential) model
assumes making selections in a specific order from the options. For example, the former
assumes selecting the best from a choice set of n items, then selecting the worst from the
remaining n — 1 items, and finally selecting the best from the remaining choices. Certainly,
since the MaxDiff model assumes comparing any combination of alternatives, it may not
necessarily be more appealing compared to other models. However, it possesses theoreti-
cally and empirically more attractive properties, including consistency with random utility
model used in traditional discrete choice analysis. Therefore, the MaxDiff model was used
in this study.

Let V be the systematic component, and the unobserved random terms e be i.i.d
extreme value distributions. The utility function of individual n from alternative s, in

linear form, can be expressed as (Brownstone et al., 1998; Train, 2009)

Uns = Vns + €ns. (1)

The MaxDiff method assumes that the utility difference U,; — Uy is the largest among
any set of alternatives S when ¢, j € S are chosen as best and worst, respectively. In this

case, the probability of selecting 7, j is expressed as follows:

Ppij = Pr{Uni —Upj > Upp — Upng,Vp,q € S, p # ¢
= Pr{Vii — Vaj + €ni — €nj > Vop — Vg + €np — €ng, V0, q € S, p # ¢ (2)
= Prienp — €ng < €ni — €nj + Vai — Vij — (Vip — Vig), Vo, ¢ € S, p # ¢
In the usual CL model, a systematic component is defined as V;; = Bx; — Sxj, where x;

and x; are the vector of attributes, so the selection probability in the CL model is defined

as

exp|B(z; — z;)] 3)

P = ’
N Zp,qES,méq exp[B(zp — x4)]

where 3 is the utility coefficient.



The ML model is an extension and applied model of the CL model. The ML is one
of the selection models in which the coefficients of the explanatory variables are treated
as random coefficients, and the selection probability for each individual n is generally

expressed as follows (Cerwick et al., 2014; Train, 2009):

Prij = / Lui; (B) f(Bn | 6) do, (4)

where f(8, | 0) is the density function for multiple mixed distribution (uniform, normal,
or exponential) of 3,; u is the mean of the probability distribution; and 6 is parameters of

this distribution (e.g., mean, covariance). Now, L,;; denotes the logit selection probability:

exp(@nij + UnT; — Nnxj)
- = , (5)
Zp,qes,wéq exp(Q + HnTp — finTq)

Lypi; =
where &y;; is a vector of alternative specific constants (ASC). In the current study, these
ASCs are applied to the option “I would not choose.” Since the error term contains a
probability density function, the coefficients cannot be determined to be one. Therefore,
we use the Halton sequence method, which is used as quasi-random numbers a sequence
of numbers that equally cover the distribution range and are not mutually correlated, and
the selection probabilities are derived by simulation (Monte Carlo method).

Our objective is to calculate the willingness to pay (WTP) for a one-unit change in the
level of each attribute of the ESS. Now Sz is expressed as a linear function of the vector
of attributes x and their coefficients as fx = By, xc + Bz, %q, Where x. is the cost attribute
(fee) and z, is another attribute. Assuming that the marginal utilities of each alternative

and choice set are the same, WTP is calculated using the following formula (Gaudry et

al., 1989).
oV/ox,

TP = .
W oV /ox,

(6)

Predictions are often used to interpret the results of regression models (Aguinis et
al., 2013). Marginal effects describe how changes in the independent variable of interest
may affect the predicted value of the outcome while holding the other variables constant.
There are several types of marginal effects. We can calculate the average marginal effect

(AME) over other covariates; the average marginal effect at the mean (MEM), where all



other covariates are set to these means; or the marginal effect at representative values
(MER), where other covariates are set to specific values of interest (median or mean). For
simulations, we compute the effect of discrete changes with respect to x at representative
values xp. We can calculate the MER when the variable of interest z changes from an

initial value xj, to a certain value z}, as follows:

MERx = f(zx =aj,x1 =T _1) — B =z, 01 = T_1), (7)

where the other variable x_q is fixed at a certain Z_1, and 37;@ denotes an exogenous
variables. We set the explanatory variable of interest to X and the other independent

variables (including covariates) to z_;.

4 Data Description and Results

4.1 Data Collection

The survey was conducted online in May 2023. The survey selected a sample of individ-
uals living in Japan who can respond to Japanese-language questionnaires provided by
the research company (MyVoice Communications, Inc). The analysis utilizes data from
1,300 samples after cleaning for any fraudulent responses. Of these, 650 responded to the
BWS questions with four evaluation attributes (usage fees, compensation burden, access
time to private parking, and waiting time for availability). The other 650 respondents
answered BWS questions with four evaluation attributes (usage fees, insurance burden,
access time to parking lot, and waiting time). Table 2 presents descriptive statistics on
the characteristics of the respondents.

Since there are some categorical variables, including “relicense” and “helmet,” these
variables were coded into binary variables as follows. If the respondent will or has already
returned their license within the next year, “relicense” is coded as 1; otherwise, it is coded
as 0. In the same way, if the respondent wears a helmet while riding their bicycles, the
variable “helmet” is coded as 1, otherwise; it is coded as 0.

Table 2 shows the descriptive statistics of respondents (socioeconomic variables).

Data from the BWS multi profile type (case 3) were analyzed using CL and ML models.

10



Table 2: Respondents characteristics

uestionnarie(%)
Q

Variable Option
1 2

Gender(male) 50.0  50.0

Age 16-49 50.0 50.0

50-90 50.0 50.0

Marital status Married 39.3 38.5
Knowledge about deregulation of

e-scoofer regulation

Have knowledge of when the regulation begin Yes 34.2 38.8

Have knowledge about speed limits Yes 20.2 26.8

Driver's license(multiple choices allowed) Mot have or handed over 14.6 16.9

Ordinary motor vehicle 83.7 82.0

Ordinary two-wheeled motor 11.1 13.4

Scooter 17.5 17.4

Handing over driver's license Mot have 12.5 13.2

Returned 3.1 3.5

Have a mind to return 1.7 1.7

Have no mind to hand over 82.8 81.6

Bicycle helmet Usually wear 6.6 5.5

Have a mind to wear 19.3 17.4

Have no mind to wear 30.2 28.5

Mot use a bhicycle 43.9 45,5

N = 650N =650

11



4.2 Results with Conditional Logit Model

This section briefly describes the data used in this study and the distribution of respon-
dents, and then provides the estimation results for each model. Table 3 shows the CL
results for Questionnaires 1 and 2. The first column lists the attributes of the BWS
study. This column is followed by the coefficients and willingness to pay (WTP) for each
attribute. The values in the parentheses represent standard errors.

Here, ASC is an alternative specific constant (error component). Its positive value
indicates that these five attributes cannot explain the preference for e-scooters, and another
attribute influences selection: the quality of fit of the CL model is measured by the residual
deviance and Akaike’s information criterion (AIC) values. Lower residual deviance and
AIC values indicate a good fit to the data and good prediction accuracy of the model,
respectively.

The analysis results for Questionnaire 1 (left-hand side column in the table), all mean
parameters are significant at the 1% level. In addition, the estimates (“coefficient”) of
the burden rate for the usage fee, the compensation fee paid by the user in the event of
an accident when using the service, and waiting time for availability are negative, while
access time to private parking is positive. As predicted, usage fees negatively impact the
use of sharing services, similar to the results of studies that use discrete choices for other
modes of transport. The WTP required to reduce the compensation fee burden by 1% is
159 yen. There is no statistically significant difference in the use of ESS at the 1% level
among respondents who have returned their licenses and those who are about to return
their licenses within a year compared with the others.

In addition, the analysis results for Questionnaire 1 (right-hand side column in the
table), all mean parameters are significant at the 1% level, and the fee and waiting time
estimates are positive, whereas the others are negative. WTP for the insurance fee is 206
yen. The model also shows no statistically significant difference at the 1% level regarding
willingness to use ESS among respondents who (intend to) return their licenses compared
to those who do not. There was a public opinion in Japan that e-scooters were not
suitable for the elderly due to their instability. This survey was conducted just before the

introduction of ESS in Japan, so it is possible that many respondents doubted the safety
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of ESS use by the elderly for this reason.

Table 3: Main results of the conditional logit model estimation

Prop ortion of Proportion of
cornpensation insurance premium
Coeff. WTP Coeff. WTP
Compensation burden/Insurance premiums(' -0.005 =~ -159 0004 7 208
(D.0002) (D.0028)
Time to park{min} 0.106 7 3324 0140 77 6682
(D.0059) (0.0071)
Waitng time to use{min) -0.006 T -188 -0.018 7 -TR2
(D.0005) (D.0010)
Feelyen/month) -0.032 7 -0.021 77
(D.0028) (D.0028)
ASC for "would not choice” 1.075 77 1530 7
(D.0290) (D.0456)
Age 0.001 0.000
(D.0090) (0.0082)
Gender 0.000 0.001
(0.0230) (0.0232)
Relicense 0.000 0.000
(0.0559) (0.0232)
Residual Deviance 60385 58500
AlC 60403 58518

*p<0.05, **p=<0.01, ***p<0.001

Mote: ASC denotes alternative specific constants.

4.3 Main Results with Mixed Logit Model

Table 4 and Table 5 show the results of the ML model without and with the interac-
tion term respectively. Assuming that the coefficients of items (e.g., fees) are normally
distributed, Halton sequences are used in the simulations of the random parameter logit
model estimation. We used the AIC, BIC (Bayesian information criterion), and 12 log-

likelihood as measures of goodness of fit for the ML model.”

®The BIC (Bayesian Information Criterion, also known as the Schwarz criterion) is a statistical measure
used primarily in time-series analyses to assess the goodness of fit between models. It was developed by
statistician Gideon Schwarz and is closely related to AIC; the difference between BIC and AIC appears
when parameters (independent variables and/or intercepts) are added to increase the goodness of fit of the
model. BIC has a larger value (lower evaluation) when the number of parameters is higher. As with AIC,
among the various alternative models, the best model is the one with the smallest BIC value. See Kass et
al. (1995).

13



Table 4: Main results of the mixed logit model estimation without interaction term

Without Interaction Tem

Proportion of
compensation burden

Froportion of

iNSUrance premium

Coeff. WTP Coeff. WTPF
<Mon rEndom parameters>
Compensation burden/insurance premiums(%) -0.006 ~ -150 0005 185
(0.000) (0.000)
Time to parkimin) 0.117° 3166 0.163 6380
{0.000) (0.008)
Waiting time te use(min) -0.007 ~ -179 -0o1e 7T -TAT
(0.000) (0.001)
Feelyen/month) -0.037 -0o2s T
(0.003) {0.004)
ASC for "would net choice” 1545 ~ 2000 T
{0.037) {0.098)
< S0
Compensation burden/insurance premiums(%) 0.001 0.006
(0.000) (0.001)
Time to parkimin) 0.001 0.039%
(0.019) (0.018)
Wating time to use{min) 0.001 o.o1e
(0.019) (0.018)
Feelyen/month) 0.014 0.049
(0.000) {0.004)
ASC for "would nct choice” 1926 7 218177
{0.000) {0.098)
AlC A0913 38639
BIC A0GE3 38710
log- Likelihood -20446 -19310

+p<0.05,*p<0.01,***p=0.001

Mote: ASC denctes alternative specific constants.
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Table 5: Main results of the mixed logit

model estimation with interaction term

With Interaction Term

Properticn of Propertion of

compensation burden insurance premium

Coeff. WTP Coeff. WTP

< Non mEndom parameters>

Compensation burden/insurance premiums (%) -0.006 -7 -0.005 -53
(0.000) {0.000)

Time to parkimin) -0.045 77 -463 -o.072 7 -743
{0.010) {0.020)

Waiting time te use(min) -0.014 T -141 -po1a T -149
{0.001) (0.001)

Feelyen/month) -0.0%e 7 -0.o%s 77
(0.004) (0.004)

ASC for "would not choice”

< S0

Compensation burden/insurance premiums (%) 0.006 0.004 T
{0.001) {0.000)

Time to parkimin) 0.186 0198
{0.007) (0.008)

Wating time to use(min) 0.013 77 0.013 77
(0.001) (0.001)

Feelyen/month) 0.034 0.057
(0.005) {0.004)

ASC for "would not choice”

Helmet * compensation burden/insurance premiums 0041 7 41 0.001 &
{0.020) (0.001)

Helmet * time te park 0.002 18 o.ooo 837
{0.001) (0.021)

Helmet * wating time fo use 0.003 30 0.oos AR
(0.001) (0.002)

Helmet ¥ fee 0.015 151 0.007 -B8
(0.007) i0.008)

AlC AARAR 43706

BIC 42932 43790

log-Likelincod -22412 -21841

+p<0.05,**p<0.01,***p=0.001

Mote: ASC denctes alternative specific constants.
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As a result of the ML model, all the mean parameter estimates are 1% significant.
Compared to the CL model, the AIC value improved, which means that the goodness
of fit of the model has improved. In the ML model that considers the diversity of users’
preferences, the coefficient of the compensation fee is also negative and significant. Further,
the WTP to reduce the compensation fee by one unit is 150 yen. The coeflicient of the
insurance fee is positive and significant, and the WTP is 185 yen. The sign of the coefficient
is also negative in waiting time to use, and the WTP to make a one-unit reduction is 747
yen. The coefficient of waiting time is significantly negative, and the WTP for reducing
waiting time by one unit is 179 yen.

The reason for the positive coefficient for only a portion of the insurance premium is
that the coefficient for the insurance premiums with interaction terms is positive, while
the coefficient for those without interaction terms is negative. This suggests diversity in
respondents’ preferences. Recent research suggests that WTP for insurance is significantly
affected by risk heterogeneity and preference heterogeneity (Cutler et al., 2008). Here, we
assume that some users are more interested in the insurance premium, and others are less
interested. In other words, users’ preferences for the insurance fee and the compensation
fee are expected to be diverse.

In the MLM estimation with uniform distribution, all the mean parameter estimates
are significant at the 1 % level. Compared with the CL model, the ML model improved
the AIC value, which means that the goodness of fit of the model improved. In the ML
model, which considers the diversity of user preferences, the compensation fee coeflicient
is negative and significant, and the WTP to decrease the compensation fee by one unit is
150 yen. The coefficient of the insurance fee is positive and significant, and the WTP is
185 yen. The sign of the coefficient is also negative for waiting time, and the WTP for
reducing it by one unit is 747 yen. The coefficient of waiting time is significantly negative
and the WTP for a one-unit decrease in waiting time is 179 yen.

The results with the interaction term indicate that all mean parameters are negative
and significant at a 1% level, and the interaction term between compensation fees and
wearing “helmet” is positive and significant. Therefore, we can see that safety-conscious

users are more willing to pay a compensation fee than users who are not as safety-conscious,
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and the difference in WTP is 421 yen. In addition, all the standard deviation parameters
are significant at the 1% level, confirming the diversity of preferences for all attributes.
The result for Questionnaire 2 is that the mean parameters are negative and significant at
the 1% level. The interaction terms of time to parking lot and wait time with “helmet”
are positive and significant at 1%. All standard deviation parameters are also statistically
significant at the 1% level. The results show that the impact of wait time and access
time to the parking lot, compared to the insurance fee, significantly differs among users
with different levels of safety awareness. The differences in WTP for premium burden
and time to park for safety-conscious and non-safety-conscious users are 937 and 48 yen,
respectively.

In summary, while there are differences among users in their demand for compensation
and insurance fees, there are no significant differences in the impact of insurance fees on
ESS usage among users with different levels of security awareness in this analysis. Reducing
compensation fees positively affects the number of ESS users, whereas reducing the burden
of insurance fees negatively affects ESS use. In addition, average users increase their use
of ESS more when waiting times are shorter. In all models, “time to park” has a positive
coefficient, which may seem counterintuitive. However, the following considerations could
explain this phenomenon. Train stations tend to be crowded with people and various forms
of traffic, posing risks such as accidents for e-scooter users. This result may indicate that
individuals, even if the parks for e-scooters are somewhat distant, prefer riding e-scooters

to avoid such crowds and traffic congestion, possibly to minimize associated risks.

5 Discussions

In this section, two analyses are conducted. First, we consider how to promote ESS among
the elderly. The proportion of elderly people who choose the “status quo” is compared
between the two scenarios (“status quo” means not using an e-scooter). In a scenario
that includes the burden ratio of insurance premiums for e-scooters, about 52% of the
elderly over 65 years old select “status quo” for at least 7 of the 13 BWS questions. In
contrast, approximately 47.3% of respondents below the age of 65 years do so. There are

no significant differences between the elderly and the rest of the population in the scenario.
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However, in a scenario that includes the burden ratio of repair costs in case of an accident,
we observe a difference in the ratio of individuals who choose the “status quo” between the
two groups. Specifically, 58% of the elderly over 65 years old choose “status quo” for at
least 7 of the 13 BWS questions. In contrast, approximately 44.6% of respondents below
the age of 65 years do so. In conclusion, the elderly are willing to lower the compensation
risk involved in the event of an accident by paying the insurance premium in advance.
In other words, prepayment of premiums can be an important factor in promoting ESS
among the elderly.

Second, we use the estimates obtained in Table 3 to estimate the marginal effects of
compensation and insurance burden rates on ESS utilization. In the predicted values of
the compensation burden rate and ESS utilization (Figure 2), utilization decreased by 5%
at a compensation burden rate of 10 %. Utilization also dropped sharply at 100%. The
predicted values of the insurance burden rate and ESS utilization (Figure 3) show that
the full cost of insurance is not preferred; however, the more the people who are willing

to use the ESS, the more willing they are to accept payment for insurance.
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The number of car accidents caused by elderly drivers is increasing every year, prompt-
ing the government to encourage the surrender of driver’s licenses. Proliferation of e-
scooters as an alternative means of transportation are expected to be a significant factor

in the context of elderly license returns. However, currently, e-scooters are not considered
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an attractive mode of transportation for the elderly. Exploring the factors that would

make e-scooters an appealing mode of transport for the elderly is a future research topic.

6 Concluding Remarks

In this study, we analyzed the preferences of the users of ESS in Japan using BWS.
The effects of user fees, insurance premiums (or compensation), parking access time, and
waiting time were compared using a multi-profile type of BWS. E-scooters are expected to
become an important means of transportation for the elderly after they return their driver’s
licenses. However, we did not show that ESS is an attractive mode of transportation for
elderly people. We found that the burden of compensation for accidents discourages users
from riding e-scooters. This finding is expected to increase the number of ESS users as
they pay premiums to reduce compensation costs. Additionally, those with a low level
of safety awareness were less willing to pay the compensation burden than those with a
high level of safety awareness. This is probably because of the moral hazard of having
a lower level of safety awareness when the burden of compensation is lower. However,
adverse selection, in which respondents with a higher level of risk (those who are less
safety conscious) are more reluctant to pay premiums, was not present in this study. This
may be because the Japanese transportation system requires insurance. Furthermore, the
parking spaces for e-scooters should be located some distance from the station.

We examined accident risks in ESS and their countermeasures. The results showed
that the number of ESS users will not decrease even if the premium burden increases.
Due to the revised Traffic Law, some e-scooters have been classified as “specified small
motorized bicycles,” to which new traffic rules have been applied since July 2023. Until
the end of March 2024, the automobile liability insurance fees for motorized bicycles were
applied to specified small motorized bicycles, but new insurance fees for “specified small
motorized bicycles” were applied from April 2024. This study provides suggestions for
appropriate insurance fees.

ESSs are already widespread in other countries, such as the United Kingdom and
Singapore, and many accidents have occurred in some of these usage areas. This may

be because sharing-service users do not own e-scooters and if they do not bear the full

19



cost of compensation in the event of an accident, they may behave in ways that increase
their risk. Therefore, we examined the impact of safety awareness on willingness to use
ESS in terms of compensation rates. The results showed that respondents with low safety
awareness (i.e., those who did not wear a helmet while cycling) had lower rates of ESS use
(compared to those with high safety awareness) as the burden rate of the compensation
fee increased. However, there is no significant difference in the impact of the amount of
insurance on ESS use rates for respondents who are more safety conscious than those who
are less safety conscious. One reason for this is the relatively low insurance fee. Another
reason could be that the purchase of automobile liability insurance is mandatory in Japan.

The positive coefficient of the variable “Time to park” is an unexpected result. How-
ever, this result indicates that respondents do not perceive an increase in congestion around
the station due to the additional users in the area. In our view, this represents a trade-off
between the accessibility of the ESS and the congestion around the stations.

This study has several limitations. The first is the small sample size, that is, the
percentage of respondents who returned their licenses or were interested in returning their
licenses within one year. As most respondents in our survey were under the age of 80
years and a small number of respondents were over the age of 80 years (a high percentage
of whom were returning their licenses), the demand for ESS among those returning their
licenses was not significant in our analysis, but this may not be the case in reality. In
addition, regarding the respondent profile and the resulting selection bias, this survey was
conducted online by a research firm, so there is a possibility of selection bias due to people
having access to the Internet and respondents having an interest in the ESS. The second
limitation is that this study focused on negative factors in ESS, such as cost and risk;
therefore, the results are not available for factors that provide convenience to users. This
is one of the reasons why ASC is significantly positive in all models. This is a subject
of future research. The third limitation is that SP experiments have some biases. The
number of studies combining SP and revealed preference methods has been increasing in
recent years (De Corte et al., 2021), because biases may be present in SP survey responses.
This study does not adopt this approach. This study attempts to minimize this potential

bias by providing detailed scenario information to the survey participants and promoting
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their understanding. Furthermore, the ESS market in Japan is limited to some urban areas
and tourist destinations and is not available in rural areas. In this case, the preference
estimated from RP data exhibits a geographical bias, and the data are not a reliable proxy
for consumer preference.

Furthermore, our study focuses on the analysis of consumer preferences for ESS. How-
ever, we have not conducted an analysis from the perspective of companies providing
ESS services. It is important to discuss the future development of ESS from both the
consumer and provider sides. In addition, further research is needed to explore whether
the use of ESS affects the demand for other modes of transportation. For example, does
ESS complement public transport, especially in terms of last-mile problem, or does it
replace other modes. Investigating such substitution and complementarity relationships

with other modes of transportation remains an open area for future research.
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Appendix A

The distribution of the B-W scores for the data used and the causal effect of access time
on private parking are shown below. The plan attributes and their attribute values of
Questionnaire 1 are shown in Table 6 and Figure 4, ranked by the best-worst score, which
is the number of times the plan was selected as the most attractive minus the number
of times it was selected as the least attractive. The ranking order for Questionnaire 2 is
shown in Table 7 and Figure 5.

The coeflicients of the general logit model, including the mixed logit model, indicated
odds ratios that could differ from the actual probability of use. Finally, Table 8 and
Table 9 shows the causal effect (“conditional effect”) of access time to private parking on
intention to use (explained variable) in the mixed logit model with interaction terms. The

conditional effects are negative in the interquartile range.
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Table 6: B-W score and rank of Questionnaire 1

Rank Best Worst B-W score(diff.)
1 Comp="50" 3687 Fee="10000" 356 Wait time="10" 2095
2 Time to park="5" 3678 Wait time="10" 1376 Time to park="5" 967
3 Wait time="10" 3471 Fee="500" 1944 Fee="500" 878
4 Time to park="1" 3207 Comp="100" 2167 Comp="50" 687
5 Fee="500" 2822 Time to park="3" 2284 Fee="10000" 539
6 Comp="10" 2562 Wait time="30" 2462 Wait time="30" 56
7 Wait time="30" 2518 Time to park="5" 2711 Comp="100" 34
8 Wait time="60" 2461 Fee="5000" 2829 Time to park="1" -248
9 Fee="5000" 2437 Comp="50" 3000 Fee="5000" -392
10 Fee="1000" 2296 Comp="10" 3283 Time to park="3" -719
11 Comp="100" 2201 Fee="1000" 3321 Comp="10" -7121
12 Time to park="3" 1565 Time to park="1" 3455 Fee="1000" -1025
13 Fee="10000" 895 Wait time="60" 4612 Wait time="60" -2151

Note: Comp represents Compensation burden and Wait time represents Waiting time to use

Table 7: B-W score and rank of Questionnaire 2

Rank Best Worst B-W score(diff.)
1 Time to park="5" 5002 Fee="10000" 821 Time to park="5" 2277
2 Fee="500" 3371 Insur="50" 1752 Fee="500" 852
3 Insur="10" 3280 Wait time="30" 2142 Wait time="60" 649
4 Wait time="60" 3232 Fee="1000" 2251 Insur="50" 458
5 Insur="100" 2960 Time to park="1" 2409 Fee="10000" 421
6 Wait time="10" 2849 Fee="500" 2519 Wait time="30" 227
7 Wait time="30" 2369 Wait time="60" 2583 Insur="10" 220
8 Time to park="3" 2249 Time to park="5" 2725 Fee="1000" -409
9 Insur="50" 2210 Fee="5000" 2859 Insur="100" -678
10 Fee="5000" 1995 Insur="10" 3060 Fee="5000" -864
11 Fee="1000" 1842 Time to park="3" 3316 Wait time="10" -876
12 Fee="10000" 1242 Insur="100" 3638 Time to park="3" -1067
13 Time to park="1" 1199 Wait time="10" 3725 Time to park="1" -1210

Note: Insur represents Insurance premium and Wait time represents Waiting time to use
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Table 8: Conditional individual coefficients (of access time to private parking) for mixed
logit with interaction term of Questionnaire 1

Min. 1st Qu. Median Mean 3rd Qu. Max.
Coef. -0.13559 -0.1336 -0.13329 -0.12416 -0.09832 -0.09661
SD 0.002904 0.003477 0.003713 0.003729 0.00394 0.005147

Note: Coef. are the conditional expectation of the individual coefficients,
and SD are their standard errors

Table 9: Conditional individual coefficients (of access time to private parking) for mixed
logit with interaction term of Questionnaire 2

Min. 1st Qu. Median Mean 3rd Qu. Max.
Coef. -0.784 -0.454 -0.2859 -0.3051 -0.1771 0.1718
SD 0.1718 0.10431 0.11813 0.12004 0.13443 0.24226

Note: Coef. are the conditional expectation of the individual coefficients,
and SD are their standard errors
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