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A B S T R A C T

Electric pedal-assist bikes (e-bikes) are an emerging technology that aims to enhance cycling by incorporating
battery-powered motors activated while pedalling. To promote cycling effectively, it is crucial to understand
the factors that influence cyclists’ route choice behaviour. This study investigates individual route choice
behaviour among cyclists, taking into account their bike type (i.e., e-bikes and regular bikes). Data collected
through a stated preference (SP) survey in Finland is analysed using discrete choice models to compare the
differences between e-bike and regular bike users’ route choice behaviour. The study also compares the outputs
of multinomial and mixed Logit models for both e-bike and regular bike users to address the impact of error
correlation in SP data. Furthermore, by employing a classification approach, the study examines the differences
between the expected and actual behavioural changes upon using e-bikes, referred to as the expectation–reality
gap, in terms of route choice behaviour. Our research findings highlight certain factors that consistently
promote cycling among both regular bike and e-bike users, specifically, low interaction with traffic, fewer
intersections, and the presence of separated bike facilities. Also, our findings imply that the SP survey is well-
designed to capture the preferences of the individuals. Hence, the observations are not severely correlated,
i.e., errors can be assumed to be independently and identically distributed. Furthermore, we show that regular
bike and e-bike users with similar characteristics do not share similar beliefs regarding the effects of e-bikes
on their cycling habits.

1. Introduction

1.1. Motivation

Promoting active modes of travel provides many advantages, from
decreasing air pollution to declining obesity cases and related dis-
eases (Sałabun et al., 2019; Anderson et al., 2022). According to the
World Health Organization (WHO) guideline (World Health Organiza-
tion, 2020), individuals between the ages of 18 and 64 should engage in
150-300 min of moderate-intensity aerobic physical activity per week.
Encouraging the adoption of active transportation modes can assist the
general population in fulfilling the WHO’s health recommendations.
One popular active mode is cycling.

Many people hesitate to choose cycling as their commuting mode
due to the perceived physical effort involved. That is why researchers
propose workplace showers as a solution, which has been proven to
boost the number of cycling commuters to work (Buehler, 2012). Any-
how, with advancements in technology, there are solutions available
that are expected to decrease the physical effort of cycling as well
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as save time by increasing the speed. Pedal-assisted electric bikes (in
short e-bikes) can help cyclists while pedalling, especially on routes
with hills (Arning et al., 2023), compared to regular bikes (in short
r-bikes). Gojanovic et al. (2011) shows that e-bikes, despite making
cycling trips easier, still have positive effects on individuals’ health
and well-being. Yet, some researchers imply that easing up cycling
pedalling effort is not enough to promote an active mode to the rest of
the currently passive transport users unless planned properly (Kroesen,
2017; Haustein and Nielsen, 2016).

Although bicycle usage is promoted in many European countries,
governments are still actively striving to further increase the cycling
share; yet, different patterns regarding cycling have been observed. For
instance, France, Italy, and Germany have witnessed a more than 10%
increase in cycling demand, in 2020, compared to 2019, while Finland
and Ireland lost more than 10% of their weekday cyclists in the same
period (Counter, Eco, 2021). The average travel distance in Helsinki
is more than 2.2 km using only city bikes which is a public shared
bicycle system (Khachatryan, 2021), while the average length of cycling
in European countries is 3 km and a large share of it is devoted to work
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trips.1 Understanding the factors that underlie the variations in cycling
cultures among different countries is complex (Haustein and Nielsen,
2016; Goel et al., 2022). Hence, more promoting actions are required
to increase the cycling share.

One approach to promote cycling in urban areas is through effec-
tive infrastructure planning tailored to accommodate cyclists; that is,
planners must understand the factors influencing cycling behaviour,
particularly route choice (Broach et al., 2012; Huber et al., 2021),
since transportation infrastructure characteristics have a major effect
on this decision. Researchers usually employ route choice modelling for
active modes (e.g., bicycles) to assess the infrastructure characteristics’
impacts on the mode users (Segadilha and Sanches, 2014; Bernardi
et al., 2018).

Discrete choice models are a tool widely used to model the route
choice behaviour (Aloulou, 2018). Research employing these models
has found that cyclists’ route preferences are influenced by a multitude
of factors, with variables such as distance, gradient, and road character-
istics typically emerging as the most significant ones (Stinson and Bhat,
2003; Majumdar and Mitra, 2017), theorising that safety and pedalling
efforts are the main concerns in reducing the cycling demand when the
infrastructure, traffic laws, and affordability of bikes are in place (Hull
and O’Holleran, 2014).

However, there is always a disconnection between what individuals
anticipate or expect to happen in a particular situation and what
actually occurs in reality. This is referred to as the expectation–reality
gap, which is investigated in various fields (Stroh et al., 1998; Moffett
et al., 2000; Prashar et al., 2022; Larsen et al., 2022). In the context
of our study, the beliefs of r-bike users (in short r-bikers) about the
changes in their cycling habits with e-bike usage may differ from the
actual habits experienced by e-bike users (in short e-bikers). In fact, if
potential e-bike users have certain expectations about the convenience
and accessibility of routes, but the reality does not match up, it could
act as a barrier to bike adoption, especially e-bikes. Investigating this
gap, which has not been investigated before, can identify and address
misconceptions, leading to a more effective promotion plan for bike
usage as a viable transportation option.

1.2. Aims and contribution

The main contribution of this research is to test the hypothesis
that e-bikes bring about significant changes in cyclists’ behaviour,
particularly their route choice decisions. To address this gap, we first,
investigate factors affecting cyclists’ route choice decisions that may be
used in infrastructure planning, using separate discrete choice models
for cyclists with r-bikes and e-bikes. Additionally, the model specifi-
cation that may also interfere with factors’ effects on route choice is
investigated by employing two different types of models, i.e., multi-
nomial Logit (MNL) model and Mixed Logit (MXL) model with panel
effect, referred to as PMXL. The MNL assumes independently and
identically distributed (IID) errors, while the PMXL accounts for the
panel effect of the data by relaxing this assumption. Since each choice
situation presented to respondents is considered an observation, the
error terms of discrete choice models may not be IID (Axhausen et al.,
2006). Thus, comparing the MNL and PMXL models allows us to better
understand the influence of the model specification on the results and
ensure the robustness of our main findings. Similar types of models with
the panel effects have been employed by Meister et al. (2023), and in
other studies that are looking for the model specification effects in their
results (Brownstone et al., 2000).

Furthermore, this study contributes to a better understanding of the
alignment between the r-bikers’ expectations from e-bike adaptation
with the experienced habit changes of e-bikers, using a classification

1 https://road-safety.transport.ec.europa.eu/eu-road-safety-policy/
priorities/safe-road-use/cyclists/walking-and-cycling-transport-modes_en

approach. This aspect has not been thoroughly investigated in previ-
ous literature and represents a unique contribution to understanding
cyclists’ behaviour when using e-bikes. The classification approach
categorises the r-bikers and e-bikers population based on their char-
acteristics and their belief in their change of habits upon using e-bikes.
By comparing the anticipated changes in cycling habits that r-bikers
believe e-bikes would bring with the actual habits e-bikers have expe-
rienced in real life, this study provides insights for city planners and
policymakers to make informed decisions and tailor the policies for
promoting e-bike usage. This study focuses particularly on the Helsinki
region by employing one source of stated preference data in the Greater
Helsinki area.

To summarise, the contribution of this research to the literature is
threefold:

1. Investigating factors affecting route choice of e-bikers, and com-
paring them with r-bikers to identify the main affecting factors
of cycling promotion with less pedalling effort, with a focus on
the Greater Helsinki area, Finland;

2. Analysing the impacts of model specification on the research
findings by utilising models with and without panel effect of
data;

3. Bridging the expectation–reality gap by comparing characteris-
tics of r-bikers who expect to change their habits due to owning
an e-bike with the e-bikers who actually reported changes in
their habits.

The rest of the paper is organised as follows. Section 2 reviews the
literature on factors affecting cyclists’ route choice, and the data and
models used in previous studies, followed by Section 3 introducing the
data and method we employ to investigate factors affecting cyclists’
route choice and analyse the differences between expected and real
changes happen due to e-bike usage. Then, the outputs of the estimated
models and the results’ interpretations are presented in Section 4. The
conclusions are drawn in Section 5.

2. Literature review

The literature on cyclists’ route choice behaviour is pretty rich,
and reviews of influential factors can be found in several studies,
including Hull and O’Holleran (2014), Tarkkala (2022), Huber et al.
(2021), Tarkkala et al. (2023).

Regarding cycling route choice studies, scientific literature offers
two data collecting methods: stated preference (SP) and field experi-
ments or revealed preference (RP). An SP experiment asks individuals
to express their choice or their action in hypothetical situations, while
an RP experiment records the real-world choice or action of people and
estimates their selected and not selected option attributes a-posteriori.
While collecting RP data has traditionally been costly (Hensher et al.,
2005; de Dios Ortúzar and Willumsen, 2011), it remains expensive for
certain studies, particularly as companies collecting data and provid-
ing transport services through smartphones and other devices often
charge substantial fees for access to their data. However, more recent
studies (Scott et al., 2021; Fosgerau et al., 2023) based on large RP
data sets have overcome this burden but still face practical constraints,
such as the inability to record users’ characteristics alongside their
trips’ features unless a complementary survey is conducted to gather
such information. Moreover, representativeness and privacy are other
limitations of RP surveys, especially those based on smartphone appli-
cations (Nelson et al., 2021). On the other hand, SP data is cheaper
to collect and allows for testing different combinations of influential
factors. However, SP data usually suffers from hypothetical bias, which
is the distortion due to unrealistic answers of individuals. In this study,
we use SP to control the variables, allowing us to investigate the effect
of cyclists’, road, and traffic characteristics on route choice behaviour.

The studies that used SP data provided different hierarchies regard-
ing the effective variables on the route choice and are not conclusive.
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For instance, Majumdar and Mitra (2017) claimed perceived safety is
the most important factor, while (Stinson and Bhat, 2003) reported
travel time as the primary factor. Travel time can be considered a
combination of length, slope, and the surrounding traffic. In their study,
they provided values for the aforementioned variables but length.

It is shown that different infrastructure-related factors can affect the
cycling demand, including high-level factors such as directness, attrac-
tiveness, safety, and comfort of the path and cycling routes (Hull and
O’Holleran, 2014). These high-level factors are not directly measurable;
thus, measurable dimensions such as the length of the route, steepness,
separated cycling path, or cycling through vehicle traffic are employed
to evaluate cycling infrastructure quantitatively (Schoner and Levinson,
2014).

Menghini et al. (2010) using a large sample of GPS observations,
which is an RP-based study and overcomes the limitations of SP survey-
ing, claimed that the most important factor affecting the route choice
of cyclists is reported to be the route’s length. The overall findings of
RP-based literature presented in Huber et al. (2021) show that distance,
slope, number of intersections, and motorised traffic reduce the prob-
ability of choosing a specific route while special cycling infrastructure
and safety increase the probability. Some of these findings have been
investigated in many other studies such as Broach et al. (2012), Hood
et al. (2013), Casello and Usyukov (2014), and Ton et al. (2017).

Scott et al. (2021) based on 12-month trajectories of 750 shared
bikes showed that, if no other factor is considered in the route choice,
then the long distance would reduce the selection probability. On the
other hand, they showed that people would detour from the shortest
path and select a longer one if there were other interesting factors
involved such as designated cycling infrastructure. They also showed
selecting major roads with or without special bike lanes is more prob-
able than minor roads with bike lanes. This again proves that, besides
safety, some other factors such as steep slopes and turns cause this
choice of route. However, these RP-based studies overlook the effect
of cyclists’ characteristics on their route choices.

We now review two streams of literature on e-bikes: route choice
and mode choice. Practically, cyclists’ mode choice depends, to some
extent, on their route choice. For instance, many people may cycle
to their destination if they find a safe cycling route (Hwang and
Guhathakurta, 2023); hence, we cover the findings of both streams in
this section.

Studies dedicated to the route choice of e-bikers or the change in
the attitude of cyclists using e-bikes are limited, but provide interesting
insights. A scoping study analysing research conducted on e-bikes up
to 2019 showed that there are only 76 studies related to the overall
travel behaviour change of cyclists after using e-bikes, motives the e-
biking and general attitude towards e-bike and r-bike usage (Bourne
et al., 2020). Another scoping study through literature from 1946
to 2021 resulted in 107 studies related to different features of e-
bike implications. It is reported that age, gender, income, weight, and
lack of infrastructure are barriers to e-bike promotion (Jenkins et al.,
2022). Chavis and Martinez (2021) found that e-bikes increase the
length that cyclists ride, while they also reported shorter travel times
for e-bikers than for r-bikers, which means a significant increase in
speed is observed. Moreover, with the increase in e-bike numbers,
major roads were more frequently selected by cyclists than minor roads.

The mode choice and its related behaviour for e-bikers are studied
more extensively than their route choices. It is found that the changes
in e-bikers travel behaviour are influenced by the primary mode of
transport before e-bike adaptation (Castro et al., 2019). The mode e-
bikes are replacing is studied for various reasons. For instance, from
an environmental point of view, Cherry et al. (2009) stated that the
e-bike effect on emission depends on the technology of the power
plant of its region and the modes it is replacing. Nevertheless, the
research about the share that e-bikes are absorbing from other modes
of transport shows contradictory results (Haustein and Nielsen, 2016)
or has plausible shortcomings (Kroesen, 2017). For instance, Kroesen

(2017) concluded that e-bikes are the main substitute for regular bikes,
although direct questions from the e-bike owners suggest that they are
substituting their cars and transit trips with their e-bikes. Andersson
et al. (2021) concluded that e-bikes would replace 21% of car trips
yet their sample is only restricted to regular personal vehicle users of
a company who has willingly decided to participate in the research
about e-bikes and no general conclusion must be made. Haustein and
Nielsen (2016) suggested that e-bikes replacing regular bikes (in short
r-bikes) is dominant in countries like Denmark and the Netherlands,
i.e., countries with rich cycling cultures, while it is not common, e.g., in
Sweden. These studies imply that although e-bikes would ease up
cycling pedalling effort, this is not enough to promote an active mode to
the rest of the currently passive transport users unless planned properly.

Rérat (2021) surveyed more than 2000 e-bikers and almost 11000
r-bikers in Switzerland, revealing an increased usage of e-bikes by
females (50% of e-bikers vs. 40% of r-bikers), as well as an increase
in average age in the e-bikers. Castro et al. (2019) also found that e-
bikers are on average older than r-bikers, yet observed no significant
difference due to sex or education level. Regarding the season of
cycling, it was observed that the e-bikers were almost abandoning their
bikes in winter, switching to public transport or other motorised modes,
probably due to the fact that e-bikes are used more frequently for longer
trips than r-bikes (Rérat, 2021).

We have selectively reviewed general route choice studies of cyclists
since our study aims to show the difference in route choice decisions
between e-bikers and r-bikers, and studies comparing route choice
of these two groups are scarce. For instance, Meister et al. (2023)
performed a study on the effect that an e-bike has on the route choice in
comparison to the route choice decision of r-bikers. They used GPS data
and generated alternative choices for each observation based on the
real network of Zurich. To address the scale effect, they estimated their
models with variables normalised by the distance between the origin
and destination, employing a path-sized logit model. They implemented
a MXL model to show the effect of e-bikes on route choice, yet some
of their findings were counter-intuitive. Dane et al. (2020) developed
mixed logit models for r-bikers and e-bikers to show the difference in
factors affecting their route choices. However, their estimated model
uses length as the only alternative specific variable. Hence, their study
results in a positive coefficient for distance which means that longer
trips for both e-bikers and r-bikers are probable. They used the inter-
action of different social-demographic variables with length to account
for differences among people or taste heterogeneity.

Concluding this literature review, little attention has been paid to
the e-bike’s impacts on the route choice of cyclists. Although general
studies are available, they have not assessed the change due to electri-
fication and did not compare their results with route choice models
for r-bikes. In summary, research investigating the effects of e-bike
usage has not fully identified the key factors driving the promotion of
both r-bikes and e-bikes. We claim that properly managing effective
variables of cyclists’ route choice promotes this transport mode because
the decision to cycle is not only influenced by the mode characteristics,
but it is mostly a joint decision influenced by both available modes and
route characteristics (Broach and Dill, 2016). As an instance, Zhu et al.
(2020) demonstrated the need for a better understanding of the factors
affecting r-bikers’ and e-bikers’ choices by providing a complementary
equilibrium model between the mode and route choice of e-bikers.
Hence, this research addresses the variables influencing cycling route
choice for both e-bikers and r-bikers which, to the best of the authors’
knowledge, has not been extensively explored before.

3. Methodology

3.1. Data collection

To analyse the route choice of cyclists concerning the type of their
bikes, this study uses SP data collected in Finland. The study area
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Table 1
Examined variables and their levels in survey.
Row Factor Levels

1 Bike Facility Mixed Traffic (no path), Painted Lane,
Adjacent Path, separated path

2 Road type Local, main, arterial
3 Vehicle traffic Light, moderate, substantial, heavy
4 Presence of Controlled

intersection
No signals, few signals, many signals

5 Route gradients No hill, moderate hills, steep hills,

is the Greater Helsinki region, which comprises 15 municipalities,
including the Finnish capital, with around 1.55 million population in
2023 (HSL, 2024). Around 4.7 million daily trips across the region
were reported on a normal weekday in 2018 (Brandt et al., 2019), and
the share of sustainable modes, including walking, cycling, and public
transportation, was found to be 60%. The share of cycling as a primary
mode was found to be 9% among daily trips which was around 420,000
trips per day by bikes. Due to the COVID-19 pandemic, travel habits
underwent significant shifts in the region, similar to other cities in the
world (de Palma et al., 2022). According to the 2021 data, the share
of sustainable modes decreased to 52%; however, by 2023, this share
rebounded to 62% (HSL, 2024), with cycling contributing to 9% of total
trips (Eriksson, 2024).

The data is gathered using a survey assessing the following general
factors: the presence or type of a bike facility, the road type, the vehicle
traffic, the presence of controlled intersections along the route, the
route gradients, and its length. Each factor is discretised to different
levels which are summarised in Table 1. Length variable is also cate-
gorised starting from 3 km to 10 km with half a kilometre steps. The
possible number of choice options with depicted discretisation without
the inclusion of the length variable is 432 (42 × 33). However, not all
these options are implemented in the surveying procedure: fractional
factorial designs generated by SPSS software resulted in the 32 options,
split into four blocks with each block having eight unlabelled choice
questions between two alternatives for each individual to respond.

Computer-assisted web interview was selected as the method to
collect SP data from active cyclists over 15 years old. The survey
was designed with Webropol software (Webropol, 2021), in three lan-
guages: Finnish, English, and Swedish. The survey was offered online
for one month during September 2021, and 1029 respondents filled
out the questionnaire. Fig. 1 depicts one of the hypothetical choice
situations used in the survey. More details about the survey design and
the data can be found in Tarkkala (2022).

The characteristics of the sample population including trip pur-
poses, age groups, their experience in riding a bike, and the time
of year they cycle, are depicted in charts of Fig. 2. The e-bikers’
share of the respondents is 9.6% which is similar to the market share,
i.e., 9% (Kuva, 2020). Moreover, the share of female respondents from
the filled questionnaire is 49.3% which is a fair share regarding the
target population composition.

3.2. Discrete choice modelling

The choice situation among routes can be framed as a discrete
choice decision based on maximum utility or minimum disutility/cost
(Ben-Akiva and Lerman, 1985). This modelling approach estimates the
probability of each option being selected by the decision unit which can
be an individual or a group of people. In this research, two different
types of discrete choice models are implemented: MNL and PMXL,
which enable the investigation of the model specification impacts by
comparing the models’ results.

MNL estimates the probability of choosing each route based on a
linear combination of factors forming a utility value. However, since it
is impossible to capture completely the utility value, a utility function
composed of two parts is employed: the deterministic part, 𝑉𝑖𝑛, and

the error part, 𝜖𝑖𝑛, where 𝑖 and 𝑛 refer to alternative and individual,
respectively. The MNL formulation is as follows

𝑈𝑖𝑛 = 𝑉𝑖𝑛 + 𝜖𝑖𝑛 = 𝛽𝑖 + 𝛽𝑖1𝑋𝑖𝑛1 + 𝛽𝑖2𝑋𝑖𝑛2 +⋯ + 𝜖𝑖𝑛, (1)

where 𝛽𝑖𝑘 is the coefficient related to 𝑘th variable representing in-
dividual or alternative characteristics, 𝑋𝑖𝑛𝑘. Assuming 𝜖𝑖𝑛 follows the
Gumbel distribution, which is a special case of the Generalised Extreme
Value (GEV) distribution, the probability of each alternative selection
is derived via

𝑃𝑖𝑛 =
exp(𝑉𝑖𝑛)

∑

𝑗 exp(𝑉𝑗𝑛)
. (2)

These formulas are the direct results of assuming the random/error
part, 𝜖𝑖𝑛, being independently and identically distributed (IID) extreme
value (McFAdden, 1974).

The MNL cannot account for correlation among error terms, a
common characteristic of SP gathered data. Hence, to assess the corre-
lation’s effect on final outputs, an MXL model capable of accounting for
the panel effect, i.e., correlation among error terms, is employed. The
panel effect arises in data where multiple observations are collected
from the same individual over time or across different choice situa-
tions. As each respondent in our study provided choices across eight
situations, a panel effect may exist. Thus, we employ the MXL model
with panel effects, denoted as PMXL, which is an MXL model where
the IID assumption is relaxed by introducing one or more random
parameters (McFadden and Train, 2000); this eventually changes the
error term to 𝛴𝑘𝛿𝑖𝑘𝑋𝑖𝑛𝑘 + 𝜖𝑖𝑛, as follows

𝑈𝑖𝑛 = 𝑉𝑖𝑛 + 𝜖𝑖𝑛 = 𝛽𝑖 + 𝛽𝑖1𝑋𝑖𝑛1 + 𝛿𝑖1𝑋𝑖𝑛1 + 𝛽𝑖2𝑋𝑖𝑛2 + 𝛿𝑖2𝑋𝑖𝑛2 +⋯ + 𝜖𝑖𝑛 (3)

Different assumptions regarding the distribution of 𝛿𝑖𝑘 are possible,
with the most common being a normal distribution (Train, 2009).
This change in error term distribution is addressed through repeated
simulations, and the expected probability of each alternative selection
when there is only one random parameter, e.g., 𝛿𝑖1 assumed is derived
by approximately estimating the following equation (Train, 2009)

𝑃𝑖𝑛 = ∫

∞

−∞

exp(𝑉𝑖𝑛)
∑

𝑗 exp(𝑉𝑗𝑛)
𝑓 (𝛿𝑖1)𝑑𝛿𝑖1. (4)

Extending equation (4) to accommodate more random parameters
is a straightforward process. The above integral represents an aver-
age taken over all possible values of random parameters, i.e., 𝛿𝑖𝑘. If
these random parameters are assumed to follow a joint distribution,
their joint distribution density function would replace 𝑓 (𝛿𝑖𝑘) which is
the case for PMXL. On the other hand, if they are considered to be
independent, the product of their individual density functions would
be used.

The maximum likelihood method is used for model estimation of
both the MNL and PMXL, treating models for r-bikers and e-bikers
separately. The MNL of r-bike and e-bike users are compared to identify
the prominent factors affecting the route choice of individuals, while
cycling effort is reduced due to the electrification of bikes. A similar
comparison is made between PMXL models for r-bikers’ and e-bikers’
route choices. The results obtained through MNL and PMXL are then
compared to show the significance of the impact of error correlation
among observations. This comparison evaluates the effect of error
correlation on the effective route choice factors and recognises whether
significant correlations among observations from the SP survey are
present or not.

3.3. Ranking the importance of variables

We examine and rank the importance of variables for accurately
distinguishing among different types of r-bikers who anticipate habitual
changes in their behaviour upon replacing their regular bikes with e-
bikes, as well as the types of e-bikers who actually experience these
changes. To accomplish this, we use random forest (RF) (Breiman,
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Fig. 1. An example of a choice situation used in the survey.

Fig. 2. Understudy population characteristics; (a) Age, (b) Cycling experience, (c) Trip purpose, and (d) Time of the year cycling.

2001), which is a classification approach widely used for variable
importance ranking. RF is a collection of decision trees, where the
aggregated vote of the trees forms the basis for decision-making. The
RF provides significant variables along with their importance ranking.
We employ RF to identify the features that demonstrate expected and
experienced habit changes while using e-bikes.

In the RF procedure, to create each tree, a random subset of the
data is utilised as the training data. Then, a random subset of features
is selected to determine the branching of the tree at each node. This
process continues by splitting new nodes based on a randomly selected
feature until all the categories are defined within a tree.

The development of an RF model relies on two parameters: the num-
ber of trees, 𝑇 , and the number of features, 𝐹 , selected for branching.
A schematic example of an RF is shown in Fig. 3.

Once all the trees are built, the importance of each variable in
the classification can be measured by some indices such as: (i) Mean
Decrease in Accuracy (MDA) and (ii) Mean Decrease in Gini Coefficient
(MDG). The MDA index calculates the average decrease in accuracy

across all trees, while the mean decrease in the Gini Coefficient mea-
sures the homogeneity contribution of each variable to nodes of trees.
The choice of the index may vary depending on the specific imple-
mentation or the problem at hand. These measures rank the variables’
importance values to exhibit more influential variables in the decision-
making process or prediction ability of the model. Since the focus of
this research is on identifying influential variables that contribute to
the accurate classification of different types of bikers based on their
anticipated or experienced behaviour changes upon using e-bikes, MDA
serves as a suitable metric, as it is a commonly used index when
predictive accuracy is the main concern (Song et al., 2021; Wang and
Kim, 2019; Liaw et al., 2002). For a more in-depth understanding of
the mathematical aspects of RF and the variable importance measures,
readers are referred to Biau and Scornet (2016).

4. Results

Two sets of models (MNL and PMXL) are estimated using Stata
17 (StataCorp, 2021) for r-bike (with 930 observations), e-bike (with 99
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Fig. 3. Example of classification by random forest.

observations) route choices, and all the gathered data pooled together.
The model coefficients are presented in Table 2 and their marginal
effects are presented in Table 3. In PMXLs, the random parameter is
the coefficient of the route’s length variable, which is treated as a
continuous variable within our estimation. This choice is justifiable
since everyone has different preferences and constraints, including
varying levels of fitness. The fact that they have different levels of
tolerance for effort can influence how much importance they place
on other variables during decision making. For example, the trade-off
between the route’s lengths and other characteristics like traffic level,
greenery, and perceived safety can differ among individuals. Thus,
some people might prefer longer routes because of the scenery (Koch
and Dugundji, 2021). Since we assume that all individuals’ coefficients
of length are negative, we are considering a log-normal distribution,
which requires using the length values with a negative sign.

Then, Logit models of r-bikers and e-bikers are compared to identify
the prominent factors affecting the route choice of individuals, while
the pedalling effort of cycling is removed due to the electrification of
bikes. Using pooled models would verify the significance of changes
observed between models of these segments. Another comparison is
made between MNLs and PMXLs for r-bikes and e-bikes to evaluate the
effect of error correlation on the effective route choice factors.

In the final step, the expected and the actual route choice changes
reported by r-bikers and e-bikers, respectively, are presented and the
outputs of the classification approaches are discussed to determine the
factors associated with the expectation–reality gap.

4.1. R-bikers vs. E-bikers

Both sets of models provide similar results to previous studies
regarding the route choice behaviour of r-bikers, consisting of the neg-
ative influence of length and steepness on the probability of choosing a
route.2 Moreover, less interaction with traffic through low adjacent traf-
fic and the provision of completely separated bike facilities are the main
factors that remained effective in r-bikers’ and e-bikers’ route choices.
Some new insights are also observed for r-bikers: female cyclists avoid
vehicular traffic and prefer controlled intersections in their routes more
than men. The coefficient’s sign of the variable representing the number
of controlled devices in a route shows that r-bikers and e-bikers are
generally reluctant to take routes with many controlled intersections.
On the other hand, the coefficient of the dummy variable representing
the presence of controlled intersection is positive for pooled models
and r-bikers model, indicating that r-bikers prefer routes with con-
trolled intersections; however, this preference diminishes with repeated
exposure to controlled intersections.

2 It is worth mentioning that in PMXL for r-bikers, the coefficient of a
negative length value is equal to 𝑒𝑥𝑝(−0.188+0.690𝜖), which is a positive value
for any 𝜖. We have used negative length values to ensure the negative effect
of length on the route choice. Hence, the margin effect would be positive for
a negative length of the route. A similar structure exists for other PMXLs.

R-biker models show bikers’ preference towards main streets and
arterial over small streets. Although more information is required to
elucidate this observation, it can be potentially associated with the
cycling speed, duration, or length variables. For instance, fast cycling
along main streets is possible while cycling speeds on routes made
up of small streets may be lower. In previous studies, the willingness
of r-bikers to cycle on main streets has also been connected to other
variables such as better lighting or less probability of coercion and
robbery (Majumdar and Mitra, 2017). Although the variable represent-
ing the interaction of respondent being female and route consisting
of arterial streets is preserved in the r-bikers model, its coefficient
significance is not strong enough to show a difference among male and
female r-bikers.

On the other hand, female e-bikers prefer small streets over major
ones. The factors that may create safety perception for female e-bikers
in small streets include the lower speed of vehicles, minor streets being
less crowded than majors, and/or the greater number of controlled
intersections. Thus, female e-bikers would choose routes with small
streets more probably if they are more concerned about the speed of
other vehicles. This difference is present among female and male e-
bikers since e-bikes provide ease and a sense of confidence for cyclists
which results in male e-bikers preferring to ride faster.

Female and older people’s confidence would also increase and
change their route choice decision if riding an e-bike. For instance,
we observed that r-bikers older than 65 years find the traffic more
disturbing than other r-bikers while e-bikers older than 65 years do
not get bothered by heavy traffic. A similar attitude towards traffic
situations is observed in female cyclists. Comparing models based on
segmented data and pooled shows that pooled data is not capable
of drawing these conclusions. Some other differences e-bikes make in
cyclist route choice behaviour include the following:

• The male cyclists’ preference towards main streets mitigates due
to e-bikes while the corresponding coefficient for females stays
the same (negative) as r-bikers.

• Although the length of the trip and hills are significant factors for
both r-bikers and e-bikers, yet, as expected, the impacts of these
variables are much milder for e-bikers.

• E-bikers prefer bike lanes, which is not the case for r-bikers.
• Female r-bikers have significant preferences for traffic avoidance,
compared to men, while not all e-bikers like heavy and mixed
traffic similarly.

Comparing pooled models with segmented ones verifies that the ef-
fect of hills becomes milder due to electric assist for bikes, as evidenced
by the positive sign of its coefficient, yet it cannot show the significance
of a change in route length.

Another finding is based on the results of the random parameter
of the PMXLs. The large value of the standard deviation coefficient
of the length variable indicates that heterogeneity in perception is
significantly present in both r-bikers’ and e-bikers’ route choices. How-
ever, the confidence interval for e-bikers ([−2.31, 0.43]) shows more
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Table 2
MNLs and PMXLs for E-bikers’ and R-bikers’ route choice.
Row Variables MNL PMXL

R-Bike E-bike Pooled R-Bike E-bike Pooled

1 Route consists of main streets 0.302*** 0.273*** 0.361*** 0.329***
(5.75) (5.52) (6.06) (5.83)

2 Route consists of arterial streets 0.461*** 0.436*** 0.461*** 0.447***
(6.51) (6.31) (7.77) (7.65)

3 Route is mixed with vehicular traffic −0.798*** −1.059*** −0.797*** −0.966*** −1.174*** −0.961***
(−13.60) (−7.42) (−13.98) (−14.09) (−4.57) (−14.48)

4 Route is on a bike lane 0.527*
(1.92)

5 Traffic of streets near the bike facility −0.606*** −0.406** −0.591*** −0.655*** −0.592*** −0.650***
is at moderate level (−10.01) (−2.18) (−10.23) (−10.18) (−2.64) (−10.53)

6 Traffic of streets near the bike facility −1.579*** −1.333*** −1.585*** −1.786*** −1.901*** −1.786***
is at heavy level (−19.11) (−7.59) (−20.16) (−18.92) (−7.36) (−19.81)

7 Traffic of streets near the bike facility −1.242*** −0.964*** −1.223*** −1.297*** −1.045*** −1.273***
is at substantial level (−18.25) (−5.47) (−19.10) (−17.05) (−4.87) (−17.81)

8 Number of controlled intersections in the route −0.467*** −0.349*** −0.462*** −0.538*** −0.461*** −0.537***
(−13.01) (−5.08) (−13.71) (−13.35) (−5.62) (−14.13)

9 Dummy variable representing presence of 0.675*** 0.625*** 0.749*** 0.704***
control devices at intersections of the route (8.26) (8.06) (8.18) (8.09)

10 Dummy variable representing presence of −1.091*** −0.673*** −1.081*** −1.112*** −0.731*** −1.112***
hills in the route (−22.80) (−5.35) (−22.88) (−20.59) (−4.79) (−20.69)

11 Interaction of respondent being female and −0.145 −0.497*** −0.145 −0.443*
route consisting of arterial Streets (−1.56) (−2.42) (−1.64) (−1.93)

12 Interaction of respondent being female and −0.381*** −0.337*** −0.516*** −0.516***
route’s vehicular traffic being at heavy level (−3.65) (−3.31) (−4.34) (−4.51)

13 Interaction of respondent being female and 0.116*** 0.212** 0.124*** 0.130*** 0.280** 0.143***
number of controlled intersections in the route (3.35) (2.06) (3.81) (3.49) (2.38) (4.02)

14 Interaction of respondent being female −0.486*** −0.466*** −0.569*** −0.574***
and cycling mixed with vehicles (−5.71) (−5.67) (−5.74) (−6.00)

15 Interaction of respondent age being more 0.942**
than 65 and the route consisting of bike lane (2.37)

16 Interaction of respondent age being more −0.551** −0.777** −0.496*
than 65 and the vehicular traffic being heavy (−2.11) (−2.21) (−1.76)

17 Negative Value of Length of the route −0.857*** −0.749*** −0.901*** −0.1888*** −0.352*** −0.211***
(−32.73) (−10.10) (−27.06) (−4.20) (−1.90) (−4.80)

18 Interaction of respondent being female and 0.07*
length of the route (1.70)

20 Interaction of respondent having e-bike and −0.319** −0.396***
route consisting of arterial streets (−2.30) (−2.67)

21 Interaction of respondent having e-bike and 0.380*** 0.547***
route consisting of bike lane (2.68) (3.47)

22 Interaction of respondent having e-bike and 0.377*** 0.378***
dummy representing presence of hills in the route (2.94) (2.63)

23 Interaction of respondent having e-bike and 0.109
route’s length (1.57)

24 Standard deviation for the length of the route 0.690*** 0.998*** 0.724***
(log-normal distribution)

25 Constant 0.079** 0.179* 0.097*** −0.098** −0.251** −0.112
(2.16) (1.75) (2.80) (−2.83) (−2.29) (−3.02)

26 𝜌2 0.312 0.221 0.306 0.317 0.271 0.320
27 AIC 7112 875 7955 7068 820 7768
28 BIC 7226 921 8103 7186 871 7901

* Significance level: 90%
** Significance level: 95%
*** Significance level: 99%

dispersion than the r-bikers ([−2.17,0.17]), implying that the e-bike
increases the variation of people’s opinions toward the length of cy-
cling. Comparing the model fitness levels based on Akaike’s Information
Criterion (AIC) and Bayesian Information Criterion (BIC) indicates that
the PMXL model is better representative of the choice situation.

Ranking variables based on their marginal effect on the probability
of the choice, Table 3, reveals that traffic levels and their interaction
with other variables emerge as the most significant factors influenc-
ing route choice. Following closely are hills, route length, and the
presence of cycling mixed with or separated from vehicular traffic, all
exerting notable influence. A comparison between r-bike and e-bike
models demonstrates that, while the effects of variables may vary, the
ranking remains consistent. Additionally, note that ranking variables by
the magnitude of coefficients yields a similar hierarchy of influential
factors.

4.2. PMXL vs. MNL

In general, the outputs of the two types of models are quite aligned,
especially for models based on segmented data. The PMXLs results
verify the findings from MNLs, yet some small differences are present
between MNL and PMXL which are:

• Lane bikes are favourable for e-bikers but not r-bikers based on
PMXL which are not significant using MNL.

• Based on the MNL model, people older than 65 with e-bikes
would prefer bike lanes more than other e-bikers, while this is
not confirmed by the PMXL model.

It should be noted that no significant difference is found between
the coefficients’ signs of the two types of models. These findings demon-
strate that the SP survey specifically designed for this research can
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Table 3
Marginal effects of variables on route choice probability.
Row Variables MNL PMXL

R-Bike E-bike Pooled R-Bike E-bike Pooled

1 Route consists of main streets 0.075*** 0.068*** 0.052*** 0.047***

2 Route consists of arterial streets 0.115*** 0.109*** 0.064*** 0.059***

3 Route is mixed with vehicular traffic −0.199*** −0.265*** −0.199*** −0.114*** −0.167*** −0.126***

4 Route is on a bike lane 0.074*

5 Traffic of streets near the bike facility −0.151*** −0.102** −0.147*** −0.095*** −0.083*** −0.097***
is at moderate level

6 Traffic of streets near the bike facility −0.395*** −0.333*** −0.396*** −0.249*** −0.267*** −0.296***
is at heavy level

7 Traffic of streets near the bike facility −0.310*** −0.241*** −0.306*** −0.183*** −0.147*** −0.296***
is at substantial level

8 Number of controlled intersections in the route −0.116*** −0.087*** −0.116*** −0.075*** −0.065*** −0.086***

9 Dummy variable representing presence of 0.168*** 0.156*** 0.106*** 0.092***
control devices at intersections of the route

10 Dummy variable representing presence of −0.273*** −0.168*** −0.270*** −0.154*** −0.103*** −0.195***
hills in the route

11 Interaction of respondent being female and −0.036 −0.124** −0.036 −0.071**
route consisting of arterial Streets

12 Interaction of respondent being female and −0.095*** −0.084*** −0.071*** −0.065***
route’s vehicular traffic being at heavy level

13 Interaction of respondent being female and 0.029*** 0.053** 0.031*** 0.018*** 0.034** 0.020***
number of controlled intersections in the route

14 Interaction of respondent being female and −0.122*** −0.116*** −0.071*** −0.065***
and cycling mixed with vehicles

15 Interaction of respondent age being more 0.235**
than 65 and the route consisting of bike lane

16 Interaction of respondent age being more −0.137** −0.105** −0.082**
than 65 and the vehicular traffic being heavy

17 Negative Value of Length of the route −0.215*** −0.187*** −0.225*** 0.124*** 0.115*** 0.122**

18 Interaction of respondent being female and 0.017*
length of the route (1.70)

20 Interaction of respondent having e-bike and −0.079** −0.051***
route consisting of arterial streets

21 Interaction of respondent having e-bike and 0.094*** 0.603***
route consisting of bike lane

22 Interaction of respondent having e-bike and 0.094*** 0.063**
dummy representing presence of hills in the route

23 Interaction of respondent having e-bike and 0.027*
route’s length

* Significance level: 90%
** Significance level: 95%
*** Significance level: 99%

capture the preferences of the individuals so that the errors in the
responses are not strongly correlated. Still, this outcome is specific to
the parameters tested in our study and can be influenced by many
factors including the choices and variables classification; hence, it
should not be interpreted as evidence for disproving all studies on the
correlation of errors among observations using SP surveys.

4.3. Expectation vs. Reality

The questionnaire used in this research had a multiple-choice ques-
tion asking about the habits of cyclists with and without e-bikes. We
asked e-bikers if any of the following sentences describe their cycling
habits.

• I cycle longer distances than before,
• I do not avoid hills as much as before,
• Trips tend to be faster than before, and
• I cycle more on asphalt-free roads than before.
Results show that 75% of e-bikers among our respondents claimed

that they cycle longer than when they had r-bikes and 62% claimed
that they do not avoid hills as much as before. Astonishingly, only 67%

of e-bikers among our respondents reported faster cycling. Only 8%
of e-bikers claimed they cycle more on asphalt-free roads than before,
indicating that e-bikes are not widely preferred for off-road or unpaved
routes.

Similar questions are asked from the current r-bikers to see how they
expect to change after buying an e-bike. The 71% of current r-bikers
who are considering buying an e-bike believe that they would cycle
longer, 58% think they would not avoid hills like they are currently
doing, while only 41% believe that trips would be faster. And 10%
of r-bikers who consider buying an e-bike expect to cycle more on
asphalt-free roads with e-bikes.

Here, to understand the chance of r-bikers’ expectation occurrence,
we classify the population based on their characteristics and their
habit change. This classification aims to identify whether individuals
with similar characteristics share similar beliefs regarding the effects
of e-bikes on their cycling habits.

Two RF classifications are created, one based on e-bikers’ responses
and the other based on r-bikers’ responses, to compare the r-bikers’
expectation of e-bike effects on their route choice and cycling habits
with the reality of changes reported by current e-bikers. As the RF
outputs are not very sensitive to the number of trees in the forest
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and number of variables for branching (Liaw et al., 2002), we follow
the recommendations that suggest the number of trees ranging from
64 to 128 is suitable for most cases (Oshiro et al., 2012) and the
square root of the total number of features available in data is a
good approximation for branching (Liaw et al., 2002). Considering
our problem, which involves 22 available features for classification,
it is advisable to select 5 variables for branching at each tree. The
social demographic data gathered through the survey consists of the
respondents’ gender, age, level of cycling experience, time of year for
cycling, the purpose of cycling, and cycling frequency. The changes in
cycling habits we consider are cycling longer and not avoiding hills,
i.e., taking uphills with e-bikes. The free R package (Liaw et al., 2002)
is employed for implementing the RF method.

4.3.1. Longer cycling distance
The first change of habit that is investigated is to cycle longer

distances with e-bikes. The importance values of the first five features
measured based on MDA are presented in Table 4. The MDA index
shows that r-bikers who cycle with the purpose of exercising believe
that they would cycle longer distances with e-bikes. This belief appears
to be rational since e-bikes provide assistance and make cycling less
strenuous, which results in longer cycling distances. The main feature
in the classification of the e-bikers who cycle longer distances is also
found to be exercise purposes. This suggests that exercise-oriented e-
bikers are more likely to cycle longer distances, in reality, aligning with
the expectations of r-bikers. In our study, 35 e-bikers reported exercise
as their trip purpose while 439 r-bikers reported exercise as their trip
purpose.

Additionally, the gender of r-bikers is identified as the next most
important factor. Female r-bikers expect that with e-bikes, they would
cycle longer distances. However, it is noteworthy that being female is
not among the top factors influencing the classification of e-bikers who
actually cycle longer distances. This indicates that while female r-bikers
have higher expectations of increased cycling distances with e-bikes,
female e-bikers may not experience this change to the same extent in
reality.

The subsequent most important factors are related to the purpose of
the trips with the bike, specifically, commuting to work, leisure trips,
and commuting for study. The MDA analysis suggests that r-bikers who
travel with these specific purposes expect to cycle longer distances
when using e-bikes. Regarding leisure trips, the results in Table 4
indicate that e-bikers who cycle for leisure purposes do, in fact, take
longer routes in reality. This aligns with the rational expectation that
e-bike users might cycle more for leisure since the assistance from the
e-bike makes it easier and less physically demanding to pedal. On the
other hand, e-bikers who commute to study do not experience taking
longer trips with e-bikes. This is likely because school or university
locations are fixed, and there is little flexibility in choosing longer
routes for study-related trips. Furthermore, e-bikers who commute to
work report that they believe they would be cycling longer distances,
as commuting for work is the fourth most important variable in e-
bikers’ classification. This could indicate either adapting their route
choice to take longer routes or choosing to cycle for trips where they
normally would not cycle. However, drawing conclusions on these
aspects requires further investigations.

The RF based on assisted cyclists shows that e-bikers aged 45 to
64 years have experienced taking longer routes with e-bikes while no
age-related impact is seen in the expectations of r-bikers for taking
longer routes if they use e-bikes. In our study, e-bikers aged 45 to 64
comprise 43 percent of the e-bikers, totalling 43 individuals. Based on
the RF analysis for e-bikers, it is evident that individuals aged 45 to
64 who use e-bikes have experienced taking longer routes compared
to their regular biking habits. These findings highlight the potential
benefits of e-bike usage for older individuals, as it allows them to
comfortably take longer routes, potentially increasing their mobility
and encouraging more active transportation. However, when looking at

Table 4
Variables’ importance estimated by RF for R-bikers/E-bikers expected/experienced
cycling longer while using E-bikes.
Rank R-bikers E-bikers

Feature MDA Feature MDA

1 Cycling purpose: Exercise 60.23 Cycling purpose: Exercise 31.82
2 Being Female 55.44 Cycling purpose: Leisure 26.28
3 Cycling purpose: Work 51.35 Age: 45 to 64 25.17
4 Cycling purpose: Leisure 46.79 Cycling purpose: Work 24.61
5 Cycling purpose: Study 44.34 Being Female 23.99

r-bikers, there is no age-related impact on their expectations for taking
longer routes if they were to use e-bikes. This means that the age of r-
bikers does not significantly influence their expectations regarding the
increase in cycling distances with e-bikes.

These findings shed light on the role of cycling purposes, age, and
gender in shaping expectations and actual route choices of e-bike users.
Understanding these factors can aid in developing targeted strategies
for promoting e-bike usage among specific user groups and encouraging
longer cycling distances to enhance the appeal and effectiveness of
e-bikes as a sustainable and user-friendly transportation option.

4.3.2. Avoiding hills
Based on the RF analysis, as shown in Table 5, examining r-bikers’

expectations about route steepness (avoiding hills) reveals that female
r-bikers strongly believe that with e-bikes, they would be less concerned
about hills. This is supported by the MDA index, which indicates that
being female is the most important factor in decision trees of r-bikers’
expectations. Female e-bikers also experienced not avoiding hills in
reality, and being female is the second most important factor in the RF
analysis for e-bikers. This suggests that the perception of female cyclists
aligns with their actual experiences when using e-bikes, indicating
consistency between expectations and reality.

Among r-bikers, those who exercise by cycling believe that they
would be less concerned about hills with e-bikes. This expectation is
rational since the pedal-assist of e-bikes would make their exercise
sessions easier. This aligns with the reality that e-bikers who cycle
for exercise experience not avoiding hills compared to before using e-
bikes as the most important factor in this classification is found to be
exercising with an e-bike.

Other trip purposes such as commuting to study, leisure activities,
and commuting to work also influence the expectations of r-bikers
regarding avoiding hills if they use e-bikes. However, interestingly,
these factors are not as important in the real world. E-bikers with the
same trip purposes did not report any change in their habits regarding
riding uphills compared to before using e-bikes. This suggests that while
trip purposes may influence initial expectations, they might not have a
significant impact on actual behaviour when using e-bikes.

On the other hand, the RF analysis reveals that e-bikers aged
older than 45 years and those who cycle frequently (i.e., every day)
experience not being concerned about hills when using e-bikes. This
suggests that older individuals and frequent cyclists may find the assis-
tance provided by e-bikes particularly beneficial in overcoming uphill
challenges. However, older r-bikers might not be aware of this benefit
since they have not yet experienced the assistance provided by e-bikes.
This lack of knowledge could influence their expectations, leading to
not anticipating the extent to which e-bikes can ease uphill cycling.
Thus, by providing information to them, policymakers can contribute
to engaging the elderly in cycling by making their cycling experiences
more enjoyable and less physically demanding. As was mentioned in
Section 4.3.1, 43 percent of e-bikers are aged between 45 to 64 while
11 percent (i.e., 11 individuals) are aged 65 and older.
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Table 5
Variables’ importance estimated by RF for R-bikers/E-bikers expected/experienced not
avoiding hills while using E-bikes.
Rank R-bikers E-bikers

Feature MDA Feature MDA

1 Being Female 56.45 Cycling purpose: Exercise 32.25
2 Cycling purpose: Exercise 51.18 Being Female 28.63
3 Cycling purpose: Study 47.98 Age: More than 65 27.98
4 Cycling purpose: Leisure 46.76 Age: 45 to 64 26.54
5 Cycling purpose: Work 44.53 Cycling every day 26.34

5. Conclusion and discussion

This research investigates the differences in r-bikers’ and e-bikers’
route choice behaviour. Two sets of models, the MNL and PMXL, are
estimated based on data collected from a stated preference survey
in the Greater Helsinki area, Finland. Both sets of models verify the
previous findings in the literature, demonstrating that the probability
of choosing a route for cyclists is negatively influenced by trip length
and steepness. Notably, riding an e-bike reduces the importance of the
length of the trip and steepness, and e-bikers care less about the type
of facility and road type, i.e., major or minor streets, that they are
cycling along. Still, providing dedicated routes with no interruptions
from vehicular traffic can be introduced as the main effective factor in
bike promotion. Concluding on the differences between e-bikers’ and
r-bikers’ route choices, it is apparent that e-bikes would remove the
sensitivity of old people and female cyclists to heavy vehicular traffic
alongside their cycling path. Moreover, e-bikes would also make older
people prefer bike lanes over other facilities. It also would remove the
excess sensitivity of female cyclists toward mixed cycling with other
vehicles. These findings suggest that e-bikes would make the cyclists’
preference towards routes more uniform, which can result in a more
predictable outcome after policy implementation.

Regarding the model specification, we observed that there is no sub-
stantial difference between MNLs and PMXLs for e-bikers, in our case.
This implies that the SP survey is designed and conducted properly in
which errors in the responses are not strongly correlated and can be
reasonably assumed to possess the IID property. If the IID assumption
holds, respondents’ preferences do not cause a correlation among the
error terms. Hence, in the presence of IID property, the MNLs offer
comparable outputs to PMXLs without increasing the complexity of
the estimation process. However, in cases where the errors feature
correlation, the potential enhancement in model fit provided by PMXLs,
allowing for the existence of heterogeneity among responses may be
offset by the increased computational burden.

The assessment of habit changes resulting from the reduced ped-
alling effort with e-bike reveals that r-bikers indicate a willingness
to cycle longer distances, especially when cycling for exercise or en-
gaging in delivery duty. Moreover, female r-bikers are found to be
most promising about their cycling length after transitioning to an e-
bike. The analysis based on e-bikes’ reported habit changes verifies
these changes, implying that individuals in this group successfully
achieved their intended changes through e-bikes. Conversely, r-bikers’
expectations of increased tolerance towards steepness are found to
be unrealistic since factors influencing this reported change among
e-bikers differ significantly from those of r-bikers’.

A combination of both approaches yields valuable insights that can
enlighten transportation planners and policymakers about the impacts
and transformations brought about by e-bikes. For instance, the logit
models reveal females’ willingness to undertake longer routes com-
pared to men. Additionally, the RF analysis provides insight into the
relative importance of gender compared to other cyclist characteristics,
particularly for e-bikers and r-bikers. In another instance, the logit
models demonstrate the e-bikers’ inclination to tackle hills compared to
r-bikers, and RF analysis provides insight into which characteristics of

e-bikers influence hill acceptance, which are trip purpose, age, gender,
and frequency of cycling.

A major limitation of this research, which is consistent with pre-
vious literature on cycling behaviour, and is also present in the RP
studies based on GPS tracking of cyclists (Dane et al., 2020; Menghini
et al., 2010; Huber et al., 2021), is that all respondents are already cy-
clists. Hence, the results cannot be directly extrapolated to non-cyclists
regarding their preferences and obstacles towards biking. However,
focusing on cyclists is needed in this research due to the fact that
we were looking for the differences created by e-bike implementa-
tion. Moreover, adding more randomness to the PMXL by considering
other variables’ possible taste heterogeneity among the population is
believed to result in a more realistic model. Similar efforts have been
found by Koch and Dugundji (2021) with cycling environment-related
variables. Additionally, researchers ideally should combine the use of
RP and SP to mitigate some of the disadvantages while benefiting
from strengths (Ben-Akiva et al., 1994), but applying both methods
may prove to be excessively demanding which may explain why only
one of the methods is commonly applied in the majority of route
choice literature. Furthermore, we compare the current e-bikers beliefs
regarding their behaviour with the expectations of current r-bikers
about their possible future behaviour. Since these two groups of people
are not precisely similar, there can be questions regarding the findings
based on the differences in population. A before and after study based
on a controlled group of people can be a future extension of the current
research.
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