g Traffic
Transportation

People Preferences Towards Bikes and Electric Bikes in Urban Areas
— Case Study for Hungary

Jamil HAMADNEH!, Ahmed JABER?

Original Scientific Paper ! jamil.hamadneh@ptuk.edu.ps, Department of Civil Engineering and Sustainable Structures,
Submitted: 9 Oct 2024 Palestine Technical University — Kadoorie, Tulkarm, Palestine
Accepted: 20 Feb 2025 2 Corresponding author, ahjaber6@edu.bme.hu, Department of Transport Technology and

Economics, Faculty of Transportation Engineering and Vehicle Engineering, Budapest University
of Technology and Economics, Budapest, Hungary

@ ABSTRACT
= In the last decade, innovations in micro-mobility (i.e. lightweight vehicles) have been

This work is licensed developing fast. Travellers switch to more efficient, affordable, economical and eco-friendly
under a Creative transport modes as a cultural, habit and policy compliance to reduce the dependence on
Commons Attribution 4.0 motorised transport modes. In this research, the behaviour of travellers toward two types of
International License. bikes: (1) electric bike (e-bike) and (2) regular bike (bike) is predicted. A mathematical model
Publisher: of transport mode choice is developed using the discrete choice modelling approach based
Faculty of Transport on a stated preference (SP) survey distributed in Hungary. The developed transport choice
and Traffic Sfcience]s; model includes trip cost, trip time and walking distance to reach the location of bike/e-bike
University of Zagre or to reach your destination after parking your bike/e-bike, parking type, economic,
sociodemographic and travel variables. The developed model shows that travellers are more
likely to choose bikes over e-bikes. Significant variables demonstrate influence on travellers
in choosing bikes or e-bikes, such as parking type, which emphasises that free-floating
parking is preferred over parking lots. This research adds value to the literature that
emphasises the importance of parking type, trip purpose and other sociodemographic
variables in choosing bikes/e-bikes in urban areas.
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1. INTRODUCTION

The world has moved towards eco-friendly transport modes to save the environment and create a
sustainable transport system [1]. The development of the transport system in the presence of technology leads
to changes in the travel mobility of people. Travellers select transport modes based on their preferences
considering the available transport modes and the regulations that govern that area [2]. The economic theory
shows that people always try to maximise their utilities by minimising travel time when they travel (i.e.
travelling is not an activity, it is partially or fully considered a waste) [3]. Guevara [4] demonstrates based on
his study that the waiting time is the unfortunate part among the other parts of travel (i.e. walking time and trip
time). Utility maximisation in travel can be realised by using eco-friendly transport modes. The eco-friendly
transport mode consists of several motorised and not motorised types, such as bikes, autonomous vehicles,
carpooling, car sharing, electric cars, public transport, electric bikes and electric scooters [5-7].

In this paper, a focus is given to the preferences of people towards bikes, which are eco-friendly transport
modes. The case study is Budapest, which has a good infrastructure for bikes and is considered one of the
cities with the most bike users in Europe [8-10]. The development and innovation of micro-mobility is so
helpful for policymakers and operators, such benefits are fostering health, reducing congestion, opening new
business opportunities and developing green cities [11]. In the literature, many studies focus on conventional
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transport modes, and specific types of micro-mobility types due to their availability in the market. With the
fast development of technology, smart and updated technology has integrated with the existing transport modes
to develop new ecofriendly shape of transport modes, such as electric bikes, electric scooters and others. The
attention to the travellers’ behaviour in electric micro-mobility time needs more research because it is impacted
by the introduction of new shapes or designs of transport modes. Moreover, micro-mobility is impacted by the
people across geographical areas, for example, topography changes affect the use of conventional micro-
mobility, such as bikes and scooters [12].

In the paper, a focus is given to two types of micro-mobility (hereinafter also called soft transport modes):
regular bikes and electric bikes. The objective of this work is to study the behaviours of people towards these
two types that are commonly spread on streets as shared bike/e-bike. To model the behaviour of travellers, a
set of variables are needed, such as trip, time of trip, walking distance to reach the location of bike/e-bike or
to reach a destination after parking bike/e-bike and parking type. Moreover, the impact of economic and socio-
demographic variables on preferences of people on choosing a transport mode (i.e. bike/e-bike) is examined.
The trip characteristics are examined to show their effects on choosing a transport mode, such as trip purpose
and current transport mode of a traveller. The aim is to analyse the travel behaviour of travellers in urban areas
during their trips to their frequent main destinations. A traveller is asked to select one of the two soft transport
modes: shared electric bike (e-bike) and shared regular bike (bike). Travellers are asked to choose a soft mode
based on four factors: trip cost, trip time, access times to and from the location of a soft transport mode and
parking type at the end of a trip (i.e. docked or dockless).

The contribution of this research is to model the traveller preferences towards two dominant soft transport
modes in Budapest. A lack of research is found in the literature that studies the preferences of people for shared
bikes and shared electric bikes. Moreover, the focus of this study is whether travellers travel to their frequent
and main trips by soft modes. The research aims to find the pertained factors that affect using e-bikes and bikes
positively and negatively. The result of this research is beneficial for operators to improve their service or
extend their work. It is worth mentioning that the European Union leads towards more sustainable eco-friendly
transport modes that improve mobility, equity and social welfare [13]. The choice of the two soft transport
modes is conducted where some characteristics are shared, such as the used road infrastructure and operating
methods (mobile application).

The current paper includes the introduction in section one, and the literature review is in section two.
Section three presents the used tools and methods in conducting the research. Section four shows the results,
while section five presents a discussion of the findings. Section six presents the conclusion of the research.

2. LITERATURE REVIEW

Travel time in time allocation theory is often seen as wasted time [12]. Travellers plan their journeys to
reduce this waste, multitask on board or seek beneficial experiences. Travel time is viewed as a cost rather
than a benefit, and people often use this time for enjoyable activities like using social media or sleeping.
Research indicates that people when they aim to travel, seek to pay more to avoid discomforts such as waiting,
seating issues and crowding. The value of travel time varies across factors like multitasking ability, use of
information and communication technologies (ICTs), trip destination, mode of transport, demographics,
journey conditions, timing and geographic location [14]. Studies show that minimising the value of travel time
(VOT) costs less than infrastructure improvements, such as providing pleasant travel onboard through an
efficient public transport system, costs less than constructing a new lane or bridge [15, 16]. People prefer to
switch to new transport modes if comfort and convenience are enhanced. Travel behaviour varies by individual
and can change over time due to external factors. High-income travellers and those who face difficulties in
travelling are more willing to pay for time savings compared to children, the retired, the elderly or the
unemployed. People aim to reduce travel time unless the onboard condition supports productive multitasking
[17].

Micro-mobility (i.e. electric bikes (e-bikes) and regular bikes) has become a significant focus in urban
transport research due to its potential to offer sustainable and efficient travel options. Several studies have
explored various aspects influencing the adoption and usage of these modes. Reck et al. [18] applied a
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multinomial logit model to check how the travel distance, vehicle density, location, time of day and battery
capacity impact commuters when they use electric bikes and scooters. Their study, which did not consider
demographic characteristics, aligns closely with the present research, focusing on similar micro-mobility usage
factors. Building on this, Reck et al. [19] applied a mixed logit model to assess the environmental effects on
shared micro-mobility. Their findings present that weather significantly impacts micro-mobility choices,
excluding variables like travel time, cost of travel and walking time. Furthermore, the findings underline the
importance of environmental factors, which are relevant to understanding bike and e-bike preferences in urban
areas. Rayaprolu and Venigalla [20] employed logistic regression to show that different forms of micro-
mobility are used variably based on motivation and trip distance. They identified safety as a major concern
and cost as a significant positive factor. This emphasises the need to consider safety and economic aspects in
micro-mobility studies. Reck and Axhausen [21] developed a multinomial probit model incorporating
demographic data, revealing that shared micro-mobility users of Zurich are young, male, university-educated
professionals living in affluent, single-person households. This demographic profile is pertinent to
understanding the potential user base for micro-mobility services. Campisi et al. [22] used an ordinal logit
model to analyse the impacts of travellers, transport modes and journey variables on shared micro-mobility,
such as variables as population, car ownership, infrastructure service, traveller safety perception, comfort and
environment. Their results indicate that as car ownership and age are increased, the willingness to use shared
micro-mobility is decreased. This study highlights the significant influence of infrastructure and demographic
factors on mode choice. Zhao et al. [23] compared machine learning and logit model results in order to choose
the preferred transportation mode. They compared cars, bikes, public transport and walking modes. They
concluded that logit models outperformed machine learning techniques, underscoring the effectiveness of logit
models in transport mode choice studies, including this one. Kutela et al. [24] utilised Bayesian networks to
study preferences for shared micro-mobility, focusing on factors like cost, walking time, accessibility,
frequency, motivation and occupation. Their work directly relates to understanding the multifaceted factors
influencing bike and e-bike preferences in urban settings. Bai and Jiao [25] showed the importance of green
space and commercial locations through GIS spatial analysis. They emphasised the positive correlation
between green space and commercial locations with electric scooter usage. These environmental factors are
also applicable to bike and e-bike usage, suggesting that urban planning should consider such elements to
promote micro-mobility. Caspi et al. [26] applied geographically weighted regressions, and they showed that
students are the main users of shared electric scooters. This demographic insight is valuable for targeting
specific user groups in promoting micro-mobility. Hatami et al. [27] used the random forest approach to model
the choice between active mobility and public transport, stressing the importance of sustainable transport
modes like electric bikes. Their findings support the inclusion of diverse analytical methods to better
understand mode choice. Elhenawy et al. [28] highlighted that shared policies have costs, but customer
incentives help cover these relevant for understanding the economic aspects of micro-mobility services. Jaber
et al. [29] focused on the users’ preferences of micro-mobility in urban areas, specifically shared micro-
mobility. The authors employed a discrete choice modelling approach to develop a transport choice model
evaluated through a multinomial logit (MNL). This underscores the need for effective policy and economic
strategies to encourage the adoption of shared electric micro-mobility.

These studies collectively focus on modelling micro-mobility, such as scooters and bikes, to examine the
differences in terms of availability and cost between shared electric modes. This research aims to predict and
model travel behaviour for short urban trips, based on variables such as trip time, trip cost, walking distance
and parking type, as well as examining the preferences of people across socio-demographics and micro-
mobility ownership. This approach helps reveal preferences for shared and electric micro-mobility modes.

3. DATA AND METHODS

Travellers choose soft modes when they travel based on their preferences. The available soft modes for
them are personal and shared. Based on economic theory, a traveller tries to maximise his/her utility in
travelling. The preferences of a traveller are summarised in several factors relevant to the traveller
himself/herself and the travel characteristics. In this work, a traveller’s behaviour is studied toward two soft
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modes, e-bikes and bikes. An SP survey is used to collect travellers’ respondents on a discrete choice
experiment (DCE). Travellers record their travel characteristics and their sociodemographic variables. Figure 1
presents the methodology for conducting this research. The first part is distributing the SP survey that includes
the DCE and the sociodemographic variables. The second part is applying random utility theory in analysing
the DCE through one of the logistic models of the random discrete choice modelling approach [30].

The variables that impact traveller decisions in choosing bikes and e-bikes are selected based on literature
and the experience of the authors as well as the case study area, Budapest, Hungary. The variables are travel
time, travel cost, walking to and from the location of the bike/e-bike and the parking type.

The discrete choice modelling is used to estimate the value of certain attributes for travellers, and this is
done by asking travellers to choose between a bike and an e-bike based on different situations as in Table 2 [31].
The DCEs in this study reflect two cases, the existing and the proposed problem [32]. The DCE gives
information on the willingness to pay for a travel option [32]. In this work, an SP survey method is utilised to
collect responses from travellers where preferences, priorities and the relative importance of travellers’ features
connected to the transport mode are realised [30].

.
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J v v

Trip Characteristics Socio-de_mographic Discret_e Choice ] Choice
Variables Experiments set
Parking type
Descripti\/f Statistics Descriptive Statistics Walking time
i Y
| TP Rurpose I [ Meome | | Logistic Regression
| Transport Mode | . I Job | Analysis
----------------------- ! [ Gender | i —P-E-bike
f I I : Transport Mode -
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Value of Travel
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Figure 1 — The methodological approach

3.1 DCE design

Two transport options/alternatives are included in the DCE:s (i.e. bikes and e-bikes). The attributes/factors
associated with each alternative are time, cost, walking time and parking type as shown in Table /. The SP
survey is distributed in Budapest, Hungary. In the DCE part, travellers have to choose one alternative from a
choice combination in a block of 6 choice combinations based on respondents’ preferences. The values of
attribute levels are selected to let respondents make a trade-off decision between the alternatives. Table I shows
the attributes and levels design of the choice sets.

Table 1 — DCE'’s attributes values

Attributes
Levels
Parking type Total walking time (minute) Total trip cost (HUF)* Total trip time (minute)
L1 Free floating 1.30 * waiting time 1.30 * trip cost 1.25 * trip time
L2 Parking lots waiting time TC TT
L3 0.7 * waiting time 0.70 * trip cost 0.75 * trip time

1 euro=400 HUF

1151



Promet — Traffic&kTransportation. 2025;37(5):1148-1164. Smart Cities and Urban Mobility

Table 2 presents an example of one choice combination from the survey that a respondent had to answer. A
respondent, as mentioned earlier, has to answer 6 choice combinations. A respondent who chooses a bike is
impacted by parking type and trip time, on the other hand, a traveller who chooses an e-bike is impacted by
cost and walking time variables. The importance of factor/attribute is impacted by preferences of a traveller
and other relevant variables like income.

Table 2 — One choice combination

™
O
E-bike Bike
Total trip time (minute) 20 15
Total trip cost (HUF) 400 600
Total walking time per trip (minute) 6 8
Parking type Parking lots Free floating

In the DCE, the respondents were asked to answer one block which contains 6 choice combinations. It is
worth mentioning that fractional factorial design is used to avoid a high number of choice sets for each
respondent [33]. Each choice set has two alternatives where the number of attributes and the levels are equal
in each block. The fractional factorial design is applied by RStudio to produce the concrete combinations. It is
noted that a block is randomly distributed to a respondent [34]. The “Lma.design” function from the
“support.CEs” package is used to create the DCEs from the orthogonal main-effect array. The sample size
should be at least 187 for conducting the analysis [35]. Stata Software 16.1 is used in the analysis. The
LimeSurvey platform is used in distributing the survey where the random distribution of blocks is maintained
[36].

3.2 Multinomial probit logit model

It is scientifically known that an individual is a rational decision-maker based on the random utility theory
where travellers make decisions to maximise their utilities [37]. The probability that a traveller (i) selects one
alternative (j) over the others is possible to be estimated. This is given in Equation I

P(CU/C) = P(Ucij>Uik)Vk qtj,kEC (1)

where P (c;j/C) stands for the probability of an individual (i) selecting an alternative (j) from the choice set (c),
C means the choice sets for a traveller, U stands for the perceived utility of choosing an alternative (j) from

the choice set ¢ [37]. The utility function includes two parts, a deterministic and a stochastic part, as given in
Equation 2

Uij = Vl] + ‘Sij @)

where V stands for the deterministic part, and € stands for the stochastic part. The deterministic part models
the travellers’ mean perceived utility when selecting an alternative [37]. The random part models the unknown
deviation of the travellers’ utility from the mean value, and it captures the uncertainty in the choice modelling
[37]. €;; is an abbreviation for a random error, independent and identically distributed (IID) extreme value type
1 (i.e. Gumbel distribution) across all alternatives, individuals and choice situations. Both f; and g;; are
considered stochastic parameters, and they are not observed directly [38].
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The probability that an individual (i) chooses alternative (j) is given by Equation 3:

Py =P(V; =j) = ¢(Bo + XijBn) 3)
where ¢ is the cumulative standard normal distribution function.

3.3 Model specifications and design

The developed multinomial probit choice model is formulated based on the result of analysis, as shown in
Equation 4. The model shows how travellers prefer to select a transport mode over others and the impact of
traveller and travel variables on the choice of a transport mode (i.e. utility function);

Uije =Bowy * Bre @y *TC+ Brr @y * TT + Bwr @y * WT + Bpr iy * PT (Dummy)
+ Brranport mode (i) * The regular used tranport mode (Dummy) * Dummy;
+ ,Beducation(i) * education (Dummy) * Dumm)’j + BGender(i)
* Gender (Dummy) * Dummy; + B rrip purpose (i) * I7ip Purpose (Dummy)
* Dummyj + ﬂAye i) * Age (Dummy) * Dumm}’j + BOCcupation @)
* Occupation (Dummy) * Dummy; + (€);jc

“

where Ujj represents the utility of alternative (j) chosen by individual (i) at time ¢, TC is the travel cost, TT is
the trip time, WT is the walking time and PT represents the parking type.

Bo @) BTC [OK BTT (OK BWT [OK BPT (OK BTransport mode (i)’ Beducation(i)’ BAge (OK BGender(i)’ BJob (OK Btrip purpose(i)®
B Age ()° and Boccupaﬁon (i) are parameters of the observed variables to be estimated from the collected data, and

€ is an indeterministic error. Each case-specific variable is multiplied by the dummy of the alternative. The
regular transport mode stands for the transport mode used by the respondents to reach their main trip purpose.
The VOT is represented in Equation 5 [39, 40].

vor = P )

Bec

3.4 Budapest as a case study

Budapest’s transportation system has evolved to accommodate various modes of transport, with a growing
focus on sustainable mobility solutions like cycling. In recent years, the city has made significant investments
in bike-sharing programs and cycling infrastructure as part of its effort to reduce traffic congestion and promote
eco-friendly alternatives. Figure 2 shows the Budapest road network where bike stations are marked in green
dots.

The MOL Bubi bike-sharing system, which launched in 2014, is an essential element of Budapest’s green
mobility strategy, as well as the Donkey’s Republic. Research has shown that the availability of cycling
infrastructure, such as dedicated bike lanes and accessible parking facilities, positively influences the
frequency and preference for bike usage in urban areas [25, 41]. In line with broader European trends, Budapest
has adopted policies that prioritise cycling, particularly in its central districts where traffic density is highest
[12].

The map shown in Figure 2 provides a detailed spatial representation of Budapest’s bike-sharing
infrastructure, specifically highlighting the locations of bike stations across the city’s districts. This map aligns
with the ongoing shift towards sustainable transport, illustrating a concentration of bike-sharing hubs in the
city centre, which coincides with areas of high demand for short-distance travel. Central Budapest has more
bike-sharing stations, supporting findings from studies that suggest bike usage is higher in densely populated
and economically active zones where cycling offers a time-efficient and low-cost alternative to other modes
of transport [26]. These bike-sharing stations, clustered around the city’s core, highlight Budapest’s efforts to
cater to commuters and tourists who rely on bikes for their daily mobility needs.
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Figure 2 — Budapest road network

The distribution pattern seen in the map also reflects research indicating that cycling infrastructure tends to
be concentrated in areas with better road networks and higher urban density [18]. In Budapest, bike-sharing
stations are strategically located to provide seamless integration with other forms of public transport, such as
buses, trams and metro lines, allowing for a multimodal approach to urban mobility. The visualisation provided
by the map demonstrates not only the city’s commitment to fostering a bike-friendly environment but also the
critical role of infrastructure placement in encouraging cycling as a viable transport option. This alignment of
bike hubs with dense road networks supports the city’s long-term goals of reducing traffic congestion and
promoting healthier, more sustainable urban living.

3.5 The description statistics

The SP survey was distributed in Budapest, Hungary during the springtime of 2022. The used tools in
distributing the survey were emails, Facebook, LinkedIn, WhatsApp and Instagram. The survey was sent to
people supported by text and pictures to make the survey understandable. The obtained sample contains 306
respondents after filtering and removing the incomplete surveys. The participants recorded their
sociodemographic and travel characteristics as shown in Tables 3 to 6.

Table 3 shows the composition of the sample based on gender. The sample contains around 56% males and
43% females. While a very small percentage did not declare their gender (i.e. others). Table 4 presents the
distribution of age across the sample. Most of the sample is youngsters of the age range 18 to 54 years old.
Figure 2 shows that around 4 percent are older than 54 years old.

Table 3 — Gender

Gender Percentage
Male 56.56
Female 42.93
Others 0.51
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Table 4 — Age
Age class Percentage
18-24 43.7
25-54 52.7
55-64 3.08
>=65 0.51

Table 5 presents the income class of travellers. 29.31% of participants are classified as high income, 22.62%
of participants are classified as middle income and 29.56% of participants are classified as low income. It is
worth mentioning that 18.515 of the participants refused to declare their salaries.

Table 5 — Income

Income level Percentage
High income 2931
Middle income 22.62
Low income 29.56
No answers 18.51

Most of the participants in the SP survey are workers and students as shown in Table 6, 45.76% and 44.47%,
respectively. The retired and the unemployed generally travel less than workers and students.

Table 6 — Job
Job status Percentage
Workers 45.76
Unemployed 1.29
Student 44.47
Retired 5.66
Others 2.83

The education levels of participants are varied as shown in Figure 3. Around 10 percent of the participants
have a high school degree as a higher education level. The majority of the participants are undergraduate or
graduate students. This reflects the education level in the city and the reliability of answers.

60 -
47,81
50 1 41,65

X 30 -
20
10
0 -

Graduate studies Undergraduate

studies

10,03
0,51

High school Other

Figure 3 — Education

Travel characteristics of travellers are shown in Figure 4 and Table 7. People declare their intention to use e-
bikes and bikes when they are travelling on their most frequent trips in urban areas, as shown in Figure 4. Most
travellers want to use e-bikes and bikes when they travel for leisure activities. A relatively large percentage of
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participants (20.31) want to use e-bikes and bikes for education and work activities. The least favourable
destinations to use e-bikes and bikes are home and shopping.

60 -
50,9

50 -

40 -
X 30 4
20,31 20,31
20 +
10 - 4,63 3,86
0 I ‘

Education Home Leisure or others Shopping Work

Figure 4 — Trip purpose

Table 7 presents the current frequent transport mode travellers use to reach their main destinations. It is
shown that most of the participants use public transport mode and cars as drivers (i.e. 43.7% and 28.28%,
respectively). 10.28% of the sample use cars as passengers, 3.08% of the participants use a taxi, 6.43% use
micro-mobility and around 8% travel to their destinations on foot.

Table 7 — Transport mode

Transport mode Percentage
Car as a driver 28.28
Car as passenger 10.28
Public transport 43.70
Personal bike/scooter 5.40
Shard bike/scooter 1.03
Taxi 3.08
Walking 7.97
Other 0.26

3.6 Model development

Two transport modes are studied in the developed model, the e-bike and bike. 306 travellers effectively
participated in the SP survey, where their preferences toward the e-bike and bike are modelled using a
multinomial probit model. A transport choice mode model is developed in which the variables and factors that
impact choosing a transport mode are demonstrated. The factors that show significant results are kept in the
model. The factors that have an impact on the selection of a transport mode at an acceptable significant level
are kept in the model, such as walking time, trip time, trip cost, parking type, transport mode, education, trip
purpose, gender, age and occupation, as shown in Table 4. The analysis tool that is used in the analysis is the
Stata Software 16.1. The utility of factors in selecting a transport mode alternative is presented in 7Table 4 and
explained in the next chapter.

4. RESULTS

4.1 Model estimates

The multinomial probit choice model is developed where the fitting information of the model is presented
in Table 8. The number of observations is 3,672 (306 travellers), the chi-square is 2558.35, the log simulated
likelihood is -1129.583, and the model is significant (i.e. prob>chi square). This model is chosen over other
models based on the Bayesian information criterion (BIC), where the lowest BIC a model gives is chosen [42].
The insignificant parameters at a confidence level of 95% are kept in the model for comparison.
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Table 8 — The statistics of the model

The number of observations | Chi2(2) | Log simulated likelihood | Prob > chi2 AIC BIC

3672 2558.35 -1129.583 0.0000 2315.167 | 2469.597

The estimates of the parameters are shown in Table 9. Trip cost, trip time, walking and parking demonstrate
a negative impact on choosing a transport mode. The utility of travelling by bike or e-bike is associated with
negative utilities, such as trip time is decreased by 0.049 per one unit increase in trip time (i.e. the unit of time
is minute), trip cost is associated with -0.002 per one unit increase in trip cost (i.e. the unit of cost is Hungarian
forint), and an increase one unit in walking time is associated with a decrease of utility by 0.065. The results
of the model demonstrate that trip time and trip cost have a negative effect on the utility of travellers. Moreover,
the parking type affects the choice of travellers as shown in Table 9. It is shown in the model that people are
more willing to use bikes or e-bikes when the parking type is free floating. The probability of choosing a
transport mode with parking lots is less than a transport mode with free-floating parking by 0.681. The parking
lots are associated with low utility compared to free parking. In the developed model, the walking time
represents the walking from and to parking points. The increase in walking time is associated with an increase
in the negative utility of parking type.

Equation 5 1s applied, where the willingness of travellers to pay for saving travel time is calculated. Trip time
is represented by the walking time and actual trip time by e-bike/bike. The value of travel time (VOT) is 3,420
Hungarian forint per hour (8 euros). Compared to other studies, the VOT in our research is lower than it is in
Germany with a VOT of 18.5 euro/hour and South Korea with a VOT of 16.02 euro/hour [29]. This could be
explained by the fact that this study includes income and age categories to control individuals’ socio-economic
characteristics, which can reduce the coefficients of time if it is correlated with such variables. It is worth
mentioning that the type of parking lot is always associated with walking distance because the bike or e-bike
is a shared mode, and it depends on the available space for parking close to the destinations of travellers.

In Table 9, the reference transport mode (i.e. alternative) is an e-bike. The first column represents the
variable, and the second column is the coefficient value (B). The third column represents the standard errors,
the fourth and the fifth columns are the significance values, and the Exp(p) expresses the probability ratio. The
significance of the variables is varied.

1) Transport mode

All transport modes show significant results at an acceptable confidence level ranging from 99% to 90%
(e.g. the other class is not significant because it is a small group). The relative risk ratio for a traveller to switch
from a car as a driver to a car as a passenger is 1.751, which means that the probability of a traveller who uses
a car as a passenger to switch to a bike in his/her main trip purpose in urban areas is higher than who use the
car as a driver. The probability of a traveller who uses public transport, personal bike or scooter, shared bike
or scooter, taxi, walking and other to switch to bike in his/her main trip purpose in urban areas are 1.809, 1.978,
2.505, 2.328 and 1.598, respectively, higher than for those who use the car as a driver.

The relative risk ratio switching from the car as a driver to the car as a passenger for being on the bike is
1.751 (i.e. the probability of staying on the bike for travellers who use the car as a passenger is higher than
those who use the car as a driver).

The results show that car as driver mode users do not prefer to use bikes compared to other transport modes.

2) Education

The relative risk ratios indicate that travellers with high school and undergraduate degrees are more likely
to choose bikes compared to those with graduate degrees. Specifically, the probability of individuals with a
high school education using bikes is 1.613 times higher than those with a graduate degree, while for those with
an undergraduate degree, it is 1.424 times higher.

3) Trip purpose

The relative risk ratios indicate that individuals traveling for home, shopping, and leisure activities are more
likely to use a bike compared to those traveling for educational purposes. Specifically, the likelihood of using
a bike is 1.311 times higher for those traveling home, 1.142 times higher for those shopping, and 1.366 times
higher for those engaging in leisure activities. However, individuals traveling for educational purposes are
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more likely to use bikes than those commuting for work, as the probability of bike use for work trips is lower,
with a relative risk ratio of 0.842.

4) Gender

The relative risk ratio for male travellers using bikes compared to females is 0.853, indicating that males
are less likely to use bikes than females. This suggests that female travellers have a higher likelihood of
choosing bikes over other transport modes.

5) Age

The likelihood of choosing a bike increases with age. The relative risk ratio for individuals aged 25-54
compared to those aged 18-24 is 1.456, while for those aged 55-64, it is even higher at 2.212. This suggests
that older individuals, particularly those between 25-64, are more likely to use bikes compared to younger
individuals aged 18-24.

6) Occupation

The relative risk ratios indicate that individuals in specific job categories are less likely to use bikes
compared to those in unspecified occupations. Workers, students, retirees, and unemployed individuals have
lower probabilities of using bikes, with risk ratios of 0.453, 0.552, 0.712, and 0.337, respectively. However,
among these groups, the unemployed have the highest likelihood of using bikes, followed by workers, students,
and retirees.

The alternative specific constant (f0) is given to show the relative risk ratio of choosing a bike regardless
of observed factors. The relative risk ratio of choosing a bike over an e-bike is -0.276. Thus, travellers’
willingness to use e-bikes is more than conventional bikes.

Table 9 — Multinomial probit model estimates

Variable Coefficient St. errors z P>z Exp(B)
Total trip time -0.049 0.006 -7.82 0.000* 0.952
Total trip cost -0.002 0.000 -9.21 0.000* 0.998
Walking time -0.065 0.016 -4.01 0.000* 0.937
Parking type (lots) -0.384 0.057 -6.72 0.000* 0.681
Transport mode
Car as a driver Base
Car as passenger 0.560 0.301 1.86 0.063*** 1.751
PT 0.593 0.233 2.55 0.011%* 1.809
Personal bike or scooter 0.682 0.322 2.12 0.034** 1.978
Shared bike-scooter 0.918 0.210 4.38 0.000%* 2.505
Taxi 0.845 0.493 1.72 0.086%** 2.328
Walking 1.353 0.300 4.5 0.000* 3.868
Other 0.468 0.475 0.99 0.324 1.598
Education
Graduate studies Base
High school 0.478 0.283 1.69 0.092%** 1.613
Undergraduate studies 0.354 0.179 1.98 0.048%* 1.424
Other 9.049 0.579 15.62 0.000* 8511.30
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Variable Coefficient St. errors z P>z Exp(B)
Trip Purpose
Education Base
Home 0.271 0.399 1.77 0.077%** 1.311
Work -0.172 0.232 -2.04 0.041%* 0.842
Shopping 0.133 0.354 0.97 0.338 1.142
Leisure or others 0.312 0.185 1.68 0.093%** 1.366
Gender
Female Base
Male -0.159 0.162 -1.53 0.127 0.853
Others -9.169 0.521 -17.6 0.000* 0.000
Age
18-24
25-54 0.376 0.202 1.86 0.062%* 1.456
55-64 0.794 0.564 1.49 0.136 2.212
>=65 0.268 0.506 0.53 0.596 1.307
Occupation
Other work types Base
Workers -0.791 0.550 -1.94 0.051%* 0.453
Student -0.594 0.550 -1.88 0.060%* 0.552
Retired -0.340 0.652 -1.03 0.303 0.712
Unemployed -1.088 0.993 -1.1 0.273 0.337
Constant ($0) -0.276 0.644 -0.43 0.668 0.759

* p<0.01, ** p<0.05, *** p<0.1, the reference alternative is e-bike.

4.2 Margins

The predictive margins are significant at a confidence level of 99%. The expected probability of choosing
bikes is 41.28% and to choose e-bikes is 58.72%, as shown in Figure 5.

70,00%

58,72%
60,00%

50,00%

41,28%

40,00%

30,00%

20,00%

10,00%

0,00%
Ebike Bike

Figure 5 — Margins
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The margins are changed across parking type variables as shown in Figure 6. The predicted margins show
significant results at the confidence level of 95% with a standard error of less than 8%. The margins of e-bikes
and bikes when travellers use free-floating parking are 63.39% and 42.25%, respectively. The margins of e-
bikes and bikes when travellers use the parking lot are 53.49% and 36.37%, respectively. The margin is based
on changing the variables of the transport mode. For example, when the parking type is free-floating on the e-
bike, the parking type on the bike is parking lots.

70,00% 63,39%

60,00% 53,55%
50,00% 46,45%
40,00% 36,61%.
30,00%
20,00%
10,00%
0,00%

Ebike and Free floating Ebike and Parking lots Bike and Free floating  Bike and Parking lots

Figure 6 — Margins across parking type

The margins show that both bikes and e-bikes have the largest margin across free floating as shown in Table
10. It is also shown that the margins are changed across alternative parking types, for example, the margin is
63.50% for e-bike when the parking type of bike is parking lots.

Table 10 — Predictive margins

Outcome, alternative of parking type Margin Std. err. z P>z
E-bike, e-bike and free floating 63.39% 0.0739809 8.57 0.000
E-bike, e-bike in parking lots 53.55% 0.0766118 6.98 0.000
E-bike, bike has free floating 53.55% 0.0765984 7.02 0.000
E-bike, bike in parking lots 63.50% 0.0739045 8.61 0.000
Bike, bike and free floating 36.50% 0.0739809 4.95 0.000
Bike, bike in parking lots 46.45% 0.0766118 6.07 0.000
Bike, e-bike and free floating 46.45% 0.0765984 6.04 0.000
Bike, e-bike and parking lots 36.61% 0.0739045 4.92 0.000

Table 10 presents the predictive margins of choosing either an e-bike or a bike under different parking
scenarios (free-floating or parking lots). The margins represent the probability of selecting a transport mode
given the specified parking type for both options.

—  Free-floating parking increases the likelihood of choosing an e-bike or bike. The highest predicted margin
is 63.39% when both the chosen and alternative transport modes are e-bikes with free-floating parking.
Similarly, when a bike is the chosen mode, its margin is 36.50% under the same condition.

— Using a parking lot reduces the likelihood of choosing either transport mode. When both the chosen and
alternative transport modes require parking lots, the probability of choosing an e-bike drops to 53.55%,
and for a bike, it drops to 46.45%. This indicates that users prefer free-floating parking over fixed parking
facilities.

— Alternative parking type also influences preferences. For example, when an e-bike is the chosen mode
and the alternative mode is a bike with parking lots, the probability of choosing the e-bike reaches 63.50%.
This suggests that when a bike is restricted to a parking lot, users are more inclined to opt for an e-bike.
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—  Comparison between e-bike and bike: The results indicate that, in all scenarios, the likelihood of choosing
an e-bike is consistently higher than that of a bike, reinforcing the preference for e-bikes over regular
bikes in shared mobility systems.

The margins are predicted based on the changes in the attributes of each transport mode. Mainly, the parking
type, which is the concern of most travellers, is highlighted in this study. It is worth mentioning that free-
floating parking needs extra work from operators, such as charging the bikes and redistributing them.

5. DISCUSSION

5.1 Comparison with other studies

This study provides insight into people’s preferences for micro-mobility in the form of electric bikes (e-
bikes) and regular bikes, focusing on short trips in urban areas, specifically in Budapest, Hungary. Using a
multinomial probit model, the study identified key factors influencing transport mode choices, such as trip
cost, trip time, walking distance and parking type. Our results align with previous research in several ways but
also highlight some unique findings that contribute to the growing body of literature on micro-mobility.

Several studies have emphasised the importance of parking type, which is consistent with our finding that
free-floating parking significantly increases the likelihood of e-bike usage over regular bikes. For instance, Bai
and Jiao (2020) [25] explored the impact of parking availability and its role in encouraging the adoption of
micro-mobility services, noting that flexible parking solutions are critical for increasing micro-mobility usage.
Similarly, Reck et al. (2022) [19] found that free-floating parking systems led to higher user satisfaction and
increased adoption of shared e-scooters, which aligns with our findings regarding e-bikes.

Our results also demonstrated a strong preference for e-bikes over regular bikes, especially when trip time
and walking distance were reduced. This supports the findings of studies by Hatami et al. (2023) [27] and Zhao
et al. (2020) [23], which showed that travellers are more likely to opt for modes of transport that minimise
travel and walking times. Specifically, our study aligns with Rayaprolu and Venigalla (2020) [20], who
highlighted that users of micro-mobility devices, such as e-bikes, prioritise convenience and time savings.

In terms of sociodemographic factors, our study found that younger, highly educated males are more likely
to choose e-bikes over regular bikes, which is consistent with Reck and Axhausen’s (2021) [21] findings on
micro-mobility use in Zurich. Their study highlighted that young professionals, especially males, are early
adopters of shared micro-mobility services, reflecting similar patterns in our Budapest case study. However,
contrary to our findings, their study emphasised that income had a more significant effect on micro-mobility
use than education level, suggesting that the influence of sociodemographic factors may vary across cities.

In terms of trip purpose, our study found that leisure trips and shopping are the most common activities for
which travellers prefer using e-bikes or regular bikes. This aligns with research by Campisi et al. (2020) [22],
who noted that micro-mobility is primarily adopted for non-work-related purposes, such as leisure or
recreational trips. Our findings diverge slightly from Zhao et al. (2020) [23], who reported that public transport
and micro-mobility users are more likely to use these modes for work-related trips.

5.2 Limitations and future research

While this study provides valuable insights, it has several limitations. First, the research focuses exclusively
on Budapest, Hungary, which limits the generalisability of the results to other cities with different
infrastructure, cultural habits or weather conditions. Future studies could replicate this research in different
geographical contexts to determine if the observed patterns hold across various urban settings.

Second, the study only examines short urban trips, leaving the preferences for longer journeys unexplored.
Future research should expand the scope to include longer commutes or intercity trips, where factors such as
the availability of charging stations for e-bikes may play a more critical role.

Lastly, the study relies on stated preference data, which may not fully capture real-world behaviour. While
discrete choice models are a powerful tool for analysing preferences, future studies could complement this
approach with revealed preference data to ensure that the results accurately reflect actual transport mode
choices. Moreover, additional factors such as safety concerns, environmental consciousness and the
availability of infrastructure (e.g. dedicated bike lanes) should be incorporated into future models.
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5.3 Policy implications

The study demonstrates that using either bikes or e-bikes in travelling is highly impacted by the parking
type. From the result of this study, it is shown that free floating parking is more preferable to people than
parking lots. The connected attribute to parking type is walking time; free-floating parking minimises walking
time. Minimising walking time impacts positively on the utility of travel. This introduces relevant policies that
shape the use of free-floating parking. Planning, design, implementation and operating free-floating parking
are factors that need to be considered in the road network design to encourage the eco-friendly modes.
Placement, spacing, security, smart use, availability of shelters, type of bike, pricing, facility design inside the
operating zone, insurance, security and regulations for operators and users are all variables to be considered to
attract more bikers. The policy is effective when the design of urban streets includes spaces for bikes to be
parked in a similar way to street car parking with compliance to standards, local regulation and laws.

6. CONCLUSION

This study provides a comprehensive analysis of urban travellers’ preferences for e-bikes and regular bikes
in Budapest. Trip time, trip cost, walking distance and parking type are used as parameters in a discrete choice
modelling approach. These parameters are chosen because they significantly influence transport mode choice.
The results reveal a clear preference for e-bikes over regular bikes, with free-floating parking being particularly
favourable. These findings highlight the importance of flexible and convenient parking solutions in promoting
the use of eco-friendly transport modes. The study also underscores the influence of sociodemographic
variables, such as age, gender, education and employment status, in shaping transport mode preferences.
Younger, educated males, in particular, showed a higher inclination towards e-bikes. This suggests that
targeted policies and infrastructure improvements could further encourage the adoption of sustainable transport
options among different demographic groups.
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