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Abstract

Understanding which factors affect people’s choices when traveling
helps planners and policymakers build better infrastructure that fosters
more sustainable practices. Gaining insights into how cyclists choose their
routes is one major key to improving infrastructure and promoting cycling.
Particularly commuters and e-bike users have been noted to have preferences
unconstrained from shortest path logic. There are other more human centric
factors can be of importance, such as closer to nature and away from busy
intersections. To that end, this paper aims to uncover cyclists’ preferences
and the affecting nature-related attributes of routes for commuters to high
school in Nijmegen, Netherlands. Based on a Dutch dataset, the study
analyzed 1284 e-bike cycling trips, each with four route alternatives, including
the chosen one. The primary objective is to identify the most influential
parameters affecting e-bike commuters’ route choices and understand their
contributions. The approach employed both a simple path size Logit
(PSL) and a Pairwise Combinatorial Logit (PCL) model, incorporating
nature-related and interaction variables. Additionally, the research compared
the predictive performance of Logit-based models with deep learning models.
The findings shed light on the factors influencing e-bike commuters’ route
choices and demonstrate the superior predictive capabilities of deep learning
techniques, with a validation accuracy of 80.16%. By adopting a sensitivity
analysis approach, we uncovered the key factors that influence our deep
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learning model in predicting cycling routes, giving a precise interpretation of
our results. Our findings show that commuter e-bike cyclists prefer shorter
routes with fewer traffic lights and favor routes that have more natural
settings. However, their primary concern is efficiency in their commutes.

Keywords: Route choice models, E-bike, Cycling travel behavior, GPS data, Dutch
dataset, Logit-based models, Neural networks, Sensitivity analysis, Interpretability
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1 Introduction
Motorized vehicles have led to various negative outcomes, with greenhouse gas
emissions being a major concern to policymakers. As an already well established
travel mode, cycling has been increasingly recognized as an attractive alternative
as it provides health and environmental benefits to individuals and society
[Oja et al., 2011].

Several European countries have seen a significant increase in cycling since the
1970s, mainly due to the development of the embedded cycling infrastructure in the
road network. This eco-friendly transportation approach is more attractive for flat
countries such as the Netherlands and Denmark, where cycling has become a way of
life. In fact, the percentage of trips made by bicycle increased to 37% in Amsterdam
in 2011, making the Netherlands a leading country in cycling [Ton et al., 2017]. Over
the past years, the Dutch government adopted development strategies to foster the
usage of e-bikes for daily commuting trips. However, policymakers face the challenge
to implement a safe and efficient cycling environment that make cycling a more
appealing alternative. The high demand for travel in cities and complex constraints
on the street network make it challenging for urban planners to design an appropriate
cycling system. Moreover, certain features about the environment such as proximity
to nature and water can be fundamental in making route choice more likely to happen
for individuals and thus estimating network demand on aggregate level.

It is worth noting that e-bikers do not always choose the shortest path to reach their
destination, whether it’s commuting or recreational trip, and their decision-making
can be influenced by various factors such as trip attributes, infrastructure-related
attributes, nature-related attributes, weather, and socio-demographic factors
[Lee, 2014]. Nevertheless, there is a lack of previous studies that explain the
environmental reasons why e-bikers prefer a certain route over another particularly
for commuting trips. By considering the environmental factors that influence the
route selection of cyclists, urban planners will better equipped to design a more
suitable infrastructure that encourage more commuters to bike. Do e-bikers prefer
bike lanes that are close to water? Do they prefer lanes in natural settings or urban
areas? Do they favor open areas? All these questions can be addressed by transport
modelers in order to help urban planners improve cycling networks, and promote
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active mobility.

Studies focusing on cyclists’ route choices [Ehrgott et al., 2012, Howard and Burns, 2001,
Berghoefer and Vollrath, 2023] had been conducted to explain the behavior of
determining route choice and evaluating the factors of commuter cyclists on route
choice, such as, the length of lanes, the volume of traffic flow, the speed of traffic,
the safety of the land use, the number intersections. Although these studies lack
the use of nature-related factors in the modeling and analysis of feature’s impact on
the commuter’s route choice, more recent studies [Vliek, 2021, Juarez et al., 2023]
have shown that features such as greenery and proximity to water influence
cyclists’ route choices. However, there is a lack in the literature regarding the
inclusion of these nature-related factors for commuter cyclists. Another point, these
studies do not exactly focus on e-bike users. Some studies had been conducted to
understand the factors influencing route choice using e-bikes [Dane et al., 2020,
Vosough et al., 2023, Allemann and Raubal, 2015, Meister et al., 2023]. However,
to our knowledge, none of these studies investigate the impact of natural setting
factors on e-bike commuters. Our research aims to bridge the gap by determining
the factors that influence the choice of cycling routes for e-bike commuters, focusing
on nature-related attributes, trip attributes, and infrastructure-related attributes.

In terms of methodology, over the past few decades, transportation research studies
have focused on cycling route choice analysis to identify the factors that capture
travelers’ route choice behavior. Researchers have relied on different data collection
methods, including revealed preference surveys (RP) [Howard and Burns, 2001],
stated preference surveys (SP) [Stinson and Bhat, 2003, Sener et al., 2009], and
GPS [Hood et al., 2011, Zimmermann et al., 2017]. While SP surveys in cycling
behaviors are common in research studies, one limitation is the accuracy of the
answers, as the stated response may not correspond to the actual choices of
travelers. In the RP approach, a choice set generation is used to obtain the possible
choice set from which the traveler selects a route.However, the problem with this
method is that it doesn’t guarantee the generation of the chosen route, and it’s
possible that many alternatives have been added to the choice set without being
selected by any cyclist. On the other hand, with the recent advancements in GPS
technology, the GPS recorded sequence of trips defines the exact route that has
been taken, eliminating any uncertainty or lack of the chosen alternative.
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The availability of multiple sources of data provides many opportunities
for conducting impactful research from both data- driven and theory-driven
perspectives. Despite this potential, data-driven and theory-driven research have
developed somewhat separately. Data-driven research is an exploratory method that
involves using data to identify patterns through analytical techniques. On the other
hand, theory-driven research follows a more traditional path, where hypotheses
are developed first, followed by the collection and analysis of data to test these
hypotheses. Theoretical conclusions are then drawn based on the results of this
analysis.

In theory-driven approaches, a theory defines abstract constructs and their
relationships derived from specific phenomena. Data-driven research, as the name
implies, focuses on identifying correlations among variables to gain insights into
empirically interesting phenomena based on available data, rather than predictions
derived from theory. Since patterns emerge from relationships within the data,
researchers in data-driven research encounter the challenge of building a coherent
body of knowledge about the phenomena being studied.

In this work, we use GPS data from e-bike commuters undertaking high school trips
in Nijmegen, Netherlands, to predict cyclist route choices. The main contributions
of our work lies in studying the preferences of commuter e-bike users for routes,
using GPS data that includes nature-related attributes, alongside trip attributes and
infrastructure-related attributes. We also use two different approaches: theory-driven
Logit-based models, and data-driven neural network approaches to identify these
influencing factors. We also address the interpretability of neural network results
through sensitivity approaches, which allow us to compare Logit-based models and
neural networks in terms of both predictability and interpretability.

2 Background
In this section, we review previous studies in three parts: first, we summarize
empirical studies that investigated the influencing factors of cyclist route choice.
Subsequently, we highlight the methodological practices, including theory-driven and
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data-driven approaches for route choice modeling, used in earlier research.

2.1 Factors influencing cyclist route choice

Numerous studies in the literature [Dill and Gliebe, 2008, Prato et al., 2018,
Dane et al., 2020] have investigated the influence of route characteristics on
cyclists’ behavior, particularly the route choice decision. Commuter cyclists
do not always choose the shortest path to reach their destination, but other
factors may enter into the decision-making of commuters, such as trip features,
infrastructure and personal attributes. [Dill and Gliebe, 2008] has shown how
cyclists routes differ from the shortest network distance. They found that cyclist
are not generally choosing the shortest path. Cyclists prefer a longer route, if this
allow them to ride on facilities with biking infrastructure and on low traffic streets.
[Segadilha and da Penha Sanches, 2014] showed that the most influential factors
for route choice were motor vehicle speed and the number of trucks in the flow.
The volume of motor vehicles, security, and street lighting have also been shown
to be important. Cycling on a one-way street was the least important feature.
This study [Howard and Burns, 2001] finds that cyclists may go out of their way
to take the bike lane, as they perceived it a safer option. They also finds that
bicycle commuters choose routes based on combination of shortness, safety, or
directness, rather on one factor. This study [Scott et al., 2021] reveals a strong
preference of cyclists for off-street trails. They also finds that cyclist tend to avoid
roads with high traffic volume, circuitous routes, turns, and steep slopes. This work
[Broach et al., 2012] suggests that cyclists are sensitive to route attributes such
as distance, turn frequency, slope, intersection control, and traffic volumes. They
prefer off-street bike paths, as well as neighborhood bike lanes with traffic calming
features and bridge facilities. The study also highlights differences in preferences
between commuting and non-commuting trips, noting that commuting cyclists are
more sensitive to distance and less sensitive to other infrastructure characteristics.

These studies investigate the route preferences of commuting cyclists, but
they primarily focus on infrastructure or trip-related features and overlook
environmental factors. Other studies, like [Vliek, 2021, Juarez et al., 2023,
Koch and Dugundji, 2021], explore the influence of green environments, but do not
emphasize commuting trips. For example, in this paper [Koch and Dugundji, 2021],
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they find that cyclists in Amsterdam tend to prefer detours to drive over cycle-way
infrastructure, near greener land use and near water, and on less busy roads.
Nevertheless, there is a gap in the literature regarding the inclusion of these
nature-related factors for commuter cyclists.

Another point, most of these studies [Dane et al., 2020, Vosough et al., 2023,
Allemann and Raubal, 2015] investigate cyclists broadly, but not specifically
e-bike commuters. In [Vosough et al., 2023], they compare the behavior of
e-bikers with regular bike users. They show that low interaction with traffic,
fewer intersections, and separated bike facilities are the main factors that remain
unchanged in promoting cycling among both regular bikers and e-bikers. Though
[Meister et al., 2023] investigates the anticipated effects for e-bike commuters on
cycling infrastructure, speed limits, traffic signals, gradients, and traffic volumes,
it does not consider environmental attributes for routes. The scarcity, therefore,
lies in investigating the environmental factors for e-bike commuters and how these
factors affect their route choices.

Some studies [Vedel et al., 2017, Caulfield et al., 2012, Hood et al., 2011,
Sener et al., 2009, Fitch and Handy, 2020] have used socio-demographic factors,
such as gender, age group, and income, in their cycling route choice analyses.
Gender has been found to be important in some studies [Vedel et al., 2017], but not
other socio-demographics, such as income. Female cyclists are often more deterred
than male cyclists from riding with on-street parking, up hills, and in high traffic
areas [Caulfield et al., 2012, Hood et al., 2011, Sener et al., 2009]. However, other
studies, like [Alhomaidat and Eljufout, 2021], which examined risk and need factors
in cycling, did not find significant differences between genders. Similarly, research
by [Broach et al., 2012] found no significant differences by gender, age group, or
parental status. Although socio-demographic factors can be used, not including
them does not raise an issue.

Overall, earlier studies have found that cyclist route choice can be influenced by
a variety of factors, depending on the context. These factors include trip-related,
environmental, and sociodemographic elements.
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2.2 Theory-driven approaches for route choice modeling

Previous research has examined the route selection of cyclists through the analysis
of stated preference (SP) [Stinson and Bhat, 2003, Sener et al., 2009]) and revealed
preference (RP) data [Pritchard, 2018]. (SP) studies have been widely utilized in the
literature due to several key advantages. These studies do not require detailed travel
network data and there is no need to generate alternative routes. Furthermore,
model specification is simplified as the number of alternatives is limited and
well-defined. However, SP data for cyclist route choice has certain limitations. One
drawback is the potential bias introduced when participants are presented with
different alternatives side by side, which may influence their responses. Additionally,
there is a possibility of strategic bias if respondents believe that their answers could
impact policy outcomes. In contrast, RP studies differ from SP studies in that
cyclists are required to recall the routes they have actually chosen. These chosen
routes are then compared to pre-selected routes based on criteria such as shortest
paths or other predefined optimal paths. To analyze the SP data and personal
characteristics of participants, Multinomial Logit and Mixed MNL models were
estimated [Bernardi et al., 2018, Hardinghaus and Papantoniou, 2020].

In the literature, the comparison between cycled routes and choice sets has been
conducted using different discrete choice analysis methods. These methods include
C-Logit [Cascetta et al., 1996], Path Size Logit [Hood et al., 2011], PCL model
[Nair et al., 2019], GNL . The focus of these methods is to identify specific built-in
or social environment features that are statistically significant from a route choice
perspective.

In route choice applications, Multinomial Logit (MNL) models have been expanded
to address the limitation of assuming independently distributed error terms.
Various formulations have been proposed, with the Path Size Logit (PSL) model
([Ben-Akiva et al., 2004, Duncan et al., 2020]) being widely used due to its
simplicity and ease of estimation. The generation of choice sets, a crucial aspect
for path-based models, is a separate area of research. Different approaches have
been suggested, specifically for bicycles . Most of these approaches rely on repeated
calculations of shortest paths, either deterministically or stochastically. When
dealing with large-scale networks in practice, the computational efficiency of these
algorithms becomes a significant consideration.

176



The Path Size Logit (PSL) model, a variation of the Multinomial Logit, is the
predominant choice model utilized in the literature for route choice analysis
([Yap and Cats, 2021, Dhakar and Srinivasan, 2014]). Several studies, such as
those conducted by [Bierlaire et al., 2010, Hood et al., 2011, Broach et al., 2011,
Ton et al., 2017, Scott et al., 2021], have explored the use of PSL models and
GPS data in cycling route choice analysis. These studies consistently demonstrate
that factors such as gradient, traffic volumes, cycling infrastructure, environment,
personal characteristics, and trip purposes significantly influence route choice.

[Prato et al., 2017] utilized the Danish National Travel Survey data, which was
mapped to a network of the Copenhagen Region. The choice sets were generated
using the Doubly Stochastic Generation Function method, incorporating a
multi-attributed cost function with randomized cost parameters. The authors
employed a mixed Path Size Logit (PSL) model in the Valuation of Dispersion
(VoD) space for estimation. The results of the estimation revealed that cyclists
tend to minimize turns and slopes while maximizing the use of segregated cycling
infrastructure. It is worth noting that the data used in the study lacked information
regarding socio -demographics, trip purposes, and the usage of e-bikes.

The PSL model incorporates a correction term to account for correlated alternatives,
which makes it a better use in route choice modeling. However, PSL has certain
limitations, such as the assumption of a linear utility function, which may not capture
the complexity of decision-making in route choice scenarios.

Even though Path Size Logit (PSL) is widely used, the Paired Combinatorial Logit
(PCL) model has also been employed in route choice modeling. This hierarchical
logit model addresses the overlapping problem using a similarity index while keeping
the analytical tractability of the logit choice probability function. In a previous
study[Pravinvongvuth and Chen, 2005], they demonstrate how the PCL model
resolves issues in the Multinomial Logit (MNL) model by examining the effects of
scaling, overlapping, and congestion.

Earlier studies had demonstrated the usefulness of logit-based models, including
MNL, PSL, and PCL, in modeling route choices, using factors traffic volumes, cycling
infrastructure and environment.
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2.3 Data-driven approaches for route choice modeling

In recent years, there has been a growing interest in machine learning, particularly
deep learning, as an alternative approach to traditional discrete choice models for
choice problems. However, while deep learning has been extensively applied in
transportation studies, most of the recent works have primarily focused on mode
choice [Nam et al., 2017, Zhao et al., 2020, Omrani, 2015, Dabiri et al., 2019] ,
with comparatively less attention given to route choice. [Marra and Corman, 2021]
proposes a new approach for predicting route choice in public transport using deep
learning. The goal of their study is to compare this novel model with the traditional
Path Size Logit model, highlighting the advantages and disadvantages of the new
approach.

Deep neural networks (DNNs) outperform classical discrete choice models (DCMs)
in predicting outcomes in various empirical studies. However, DNNs, being a
relatively new modeling approach, still pose challenges in terms of interpretation,
generalization, and robustness. Sensitivity analysis identifies crucial input
parameters and quantifies how changes in these inputs affect the output. This
approach helps uncover more insights from neural networks beyond using them as
black-box predictors. Understanding how specific input changes influence output
probabilities, especially in selecting alternative options, is a key aspect of this
analysis

Sensitivity to factors such as the overlap between alternatives is essential because it
provides insights into how these features can influence an individual’s choice. When
constructing a new cycling route that intersects with existing routes, it may offer
more value than creating a completely separate route. Thus sensitivity analysis of
neural networks can inform decisions about what infrastructure to build.

Our framework falls into two main categories: theory-based and data-driven
approaches. In the theory-based approach, we make strong assumptions based
on behavioral theory to guide the modeling process. These assumptions assist
in interpreting estimated parameters and their statistical significance. On the
other hand, the data-driven model focuses on building a highly predictive model
by primarily learning from the data, with minimal reliance on prior information
or assumptions. While the second approach may seem to lack interpretability,
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we address this by using sensitivity analysis to understand how various factors
affect the possible choices. This technique allows us to assess the robustness of our
findings and to understand how different factors or variations in the data influence
the potential choices people make. By applying these two approaches and employing
sensitivity analysis, we gain a more comprehensive and insightful understanding of
the problem, enabling us to make well-informed decisions and recommendations in
a wide range of real-world scenarios.

3 Data Collection
The dataset consisted of 1284 GPS tracks from e-bike users who were commuting
to a high school, in the province of Gelderland, the Netherlands in 2016 and 2017.
It also includes the road network and environmental data. To achieve our desired
model choice, we had to proceed as follows. Because our collected data consisted of
GPS point clouds, we had to transform the points into tracks. All the points with
a position dilution of precision equal to 6 so higher were removed to guarantee an
adequate precision. Further details of GPS position accuracy can be found elsewhere
(e.g.[Banerjee et al., 1997]).

The corresponding sequence of points was converted into a polyline consistent with
the road network. We found it convenient to rely on OpenStreetMap (OSM) as
a road network, for availability and integration with multiple softwares. OSM is
one of the largest and most influential Volunteered Geographic Information projects
[Mooney et al., 2017]. Overall, OSM provides a good alternative to official maps,
especially where, like the Netherlands, official data was released under open access
and integrated into OSM [Neis and Zielstra, 2014] . Because, the network quality
could directly affect the outcome we verified its accuracy visually, comparing it
with the latest, high resolution (<0.2m), satellite data. Despite our network being
perfectly capable of distinguishing between one-way or two-way streets, we preferred
to flag all the bike networks as two-way. This was done to better approximate the
real behavior of cyclists in the Netherlands. The whole assumption was that bikers
tend to follow the shortest path when possible, and they detour from that when there
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is a reason, e.g. a barrier. The reason is subjective and the object of our analysis.

The method used to define the path choice follows a labeling approach, that is a
deterministic method [Ton et al., 2018].In our model, the alternative shortest path
was defined using a variation of Martins ranking method [Martins, 1984]. The
method is simple, after identifying the shortest path, it is removed from the network
preventing the formation of new paths equal to the first, reducing it to a K shortest
path problem [Azevedo et al., 1993, Gandibleux et al., 2006, Martins, 1984]. The
algorithm that calculated the shortest path was Dijkstra (1959) To remove the
shortest path, we gradually increased the cost of using it, starting from 0 at the
starting point, reaching an arbitrarily defined maximum in the middle point, and
decreasing back to 0 at the arrival node. This approach eliminated the possibility of
absurd detours near the beginning and end of the path. As a consequence , portions
or even the entire previous shortest path, could have been used by the software, but
only in case a real alternative was not possible..

An example of a recorded trip and its generated alternatives is reported in figure 1.
The line marked 0 is the recorded trip, 1 is the shortest path, 2 and 3 the alternatives.
Overall, our dataset contains route characteristics including distance, number of
traffic lights, number of junctions„ proximity to nature 2000 sites, proximity to
water, urban areas, and open areas. Table 1 presents descriptive statistics for these
features, computed for all trips and their respective alternatives.

Figure 1: Four alternatives for a trip.
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An example of a performed trip and its generated alternatives is depicted in the
figure 1 for one individual. The dark green alternative, noted as 0 is the chosen one.

Table 1: Descriptive Statistics
Variable Mean Std Min Max

Distance (km) 10.09 7.58 0.80 37.00
Traffic lights 9.04 6.07 0.00 33.00

Junctions 119.31 63.42 15.00 334.00
Kilometers in Urban area 2.62 1.79 0.20 9.95
Kilomters in Open area 5.15 4.59 0.09 28.15
Distance to water (km) 4.37 4.09 0.03 24.38

Nature percentage 13.03 5.97 2.40 59.34
Interaction Distance-Nature 114.12 77.58 4.79 535.67

Interaction Distance-Traffic lights 106.50 134.92 0.00 948.95

We extracted information from the route, including distance, number of traffic
lights, number of junctions, Kilometers in nature areas, Percentage of route through
preferred nature, Kilometers close to water (within 50m), Kilometers in urban
areas, and Kilometers in open areas. Additionally, we have incorporated interaction
features between distance and nature percentage, and distance and number of traffic
lights. Table 1 presents descriptive statistics for these features, computed for all
trips and their respective alternatives.

4 Methodology
In this study, we estimate PSL, PCL and Neural Networks to analyze and predict
individuals’ bike route choices. For Logit-based models, we build three models with
different sets of attributes: the first model includes only trip attributes, the second
model includes trip attributes and nature-related features, and the third model
includes trip attributes, nature-related, and interaction features. The purpose of
building three sets of Logit-based models is to check the parsimony of the model in
adding features and how it’s affected.

We used all features to train the Neural networks. We split the data into train
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Table 2: Abbreviations
Abbreviation Explanation

GEV Generalized Extreme Value
PCL Pairwise Combinatorial Logit
MNL Multinomial Logit
PSL Path Size Logit
CNN Convolutional Neural Network
NN Neural Network
CP Common Factor
AF Activation Function

and validation sets with a 80/20 ratio, where the train set is used to estimate the
model parameters, and the validation set is used to assess the model’s accuracy and
predictive power.

The logit-based model allow us to estimate the parameters of the model and test
the significance of each attribute. By analyzing the estimated parameters, we can
understand how individuals evaluate different attributes when choosing a bike route.
Furthermore, by comparing the models’ accuracy and testing their predictive power
on the validation set, we can evaluate the model’s performance and robustness. This
methodology section outlines the approach used to estimate and validate the model.

4.1 Path-size Logit

[Cascetta et al., 1996] presented the initial deterministic correction aimed at dealing
with the correlation between alternative options caused by path overlap. To address
this issue, they introduced a new attribute called the "commonality factor" (CF),
which came in three different formulations to be incorporated into the path utility
function. On top of this, Ben Akiva and Ramming proposed the (PSL) model, which
introduced a deterministic correction attribute called "Path Size" to the path utility.

PSL is a widely adopted choice model in transportation research that takes into
account the correlation among the alternatives. PSL extends the MNL model, which
assumes that decision makers select the alternative with the highest utility. However,
MNL disregards the correlation among the alternatives, leading to possible biased
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estimates of the model coefficients.

PSL accounts for the correlation among the alternatives by incorporating the
overlapping between the choice set in the utility function. The mathematical
formulation of the PSL model can be expressed as:

Uin = Vin + βP S log(PSin) + ϵin (1)

where Vin is the deterministic utility of path n for individual i, PSin is correction
attribute, and ϵin is the error term. PS is defined as following:

PSin =
∑
a∈Γi

(la/Li)
∑
j∈Ci

δaj (2)

where Ci is the choice set , la length of link, Li total length of path , Γi set of all
links along path i, and δaj 1 if link a is on path j and 0 otherwise.

Figure 2: Path Size Distribution of all routes

We have calculated the Path Size PSin for each trip n and alternative i. The PS
value varies between 0 and 1, with higher values indicating a greater overlap between
the main route and the alternative routes. To analyze the distribution of PS values,
we have depicted it in the figure 2. the density distribution of PS values is shown,
and it is evident that the distribution is skewed to the right, with more values closer
to 1. A high PS value demonstrates a significant overlap between the alternatives,
suggesting that the individual’s chosen path shares common links with other possible
routes.
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Figure 3: Path Size Distribution per chosen and generated routes

We have also examined the density distribution for each alternative, including the
chosen route (labeled as 0). From the figure 3, it is evident that the PS of the chosen
route exhibits a normally distributed shape around 0.7. This distribution is different
from the other alternatives, where PS values are either positively skewed (labeled
as 2, 3) or uniformly distributed (labeled as 1). This observation indicates that
the chosen route shares some degree of similarity or common links with the other
alternatives. The alternative routes are generated using a cost that is incrementally
increased. As a result, the chosen links of each alternative are tweaked to produce
another route. This process may explain why alternatives 2 and 3 have higher PS
values, as they share more links with other alternatives.

Compared to the MNL model, the PSL model provides a more realistic
representation of the decision-making process by accounting for the correlation
among the alternatives. Furthermore, the PSL model can be used to investigate the
impact of the choice set size on the decision process and can provide insights into the
design of transportation systems. The logarithmic correction term in the PSL model
accounts for different path sizes determined by the length of links within a path
and the relative lengths of paths that share a link. PSL assumes that individuals
prefer having more options and that the choice probabilities depend on the number
of available paths. However, PSL suffers from irrelevant alternatives property
inherited in the MNL. In order to overcome them, while taking into consideration
the overlapping issue between the alternative, we use Pairwise Combinatorial Logits
(PCL).
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4.2 Paired Combinatorial Logit

The paired combinatorial logit (PCL) model was proposed by[Chu, 1989] ,
further developed to demonstrate the structure, properties, and estimation by
[Koppelman and Wen, 2000] . Paired Combinatorial Logit model is a Nested
Logit model with nests composed by every combination of two alternatives. The
PCL model has many potential applications in travel behavior analysis as well as
other fields. In the PCL model, each pair of alternatives can take on a similarity
relationship that is independent of the similarity relationship between other pairs of
alternatives.

The PCL model takes part of the generalized extreme value (GEV) family of models.
A GEV model can be derived from any function:

G(y1, y2, ..., yn), y1, y2, ..., yn ≥ 0 (3)

which is non-negative, homogeneous of degree one, approaches infinity with any
y1, y2, ..., yn and has kth cross-partial derivatives which are non-negative for odd
k and non-positive for even k. Any function following these conditions defines a
probability function for alternative i as:

Pl = YlG(y1, y2, ..., yn)
Gl(y1, y2, ..., yn) (4)

where Gl is the first derivative of G with respect to yl. To ensure the non-negativity of
yl, we apply the transformation yl = exp(Vl). Note, the utility function is expressed
as following:

Uin = Vin + ϵin (5)

This model is obtained by using the following generative G function :

G(y1, y2, ..., yn) =
J−1∑
k=1

J∑
l=k+1

(y1λkl
k + y

1/λkl

l )λkl (6)

where the double summation includes all pairs of alternatives in the choice set and

185



λkl is the dissimilarity index between alternatives k and l.

The PCL model is consistent with random utility maximization if the conditions,
0 ≤ λkl < 1 applies for all pairs of alternatives. By combining equation Eq. (6)
and Eq. (4) and using the transformation of yl gives the probability of choosing
alternative l as:

Pl =
∑

l ̸=k (eVk/λkl + eVl/λkl)λkl−1∑J−1
k=1

∑J
l=k+1 (eVk/λkl + eVl/λkl)λkl

(7)

which can be expressed as a sum of J −1 product of Pl,lk, the conditional probability
of choosing the alternative l and Plk the marginal probability of choosing the nest k

:

Pl =
∑
l ̸=k

Pl,lkPlk (8)

with:

Plk = eVk/λkl + eVl/λkl∑J
l=k+1 (eVk/λkl + eVl/λkl)λkl

(9)

Pl,lk = eVl/λkl

eVk/λkl + eVl/λkl
(10)

Full information maximum likelihood is used to estimate the utility function and
similarity parameters because the choice of pairs of alternatives cannot be observed.
The maximization is based on the general choice model log-likelihood function.
Neural networks offer a more flexible framework for modeling non-linear relationships
and capturing intricate decision patterns, thus we use it for route choice modeling.

4.3 Neural Networks

Neural networks offer a more flexible framework for modeling non-linear relationships
and capturing intricate decision patterns, thus we use it for route choice modeling.
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This section presents an overview of neural network used for predicting the
chosen route for cycling, for later comparaison with the predictive performance of
logit-based model ([Marra and Corman, 2021]) . In this study, we used a neural
network architecture that incorporates elements of the Multinomial Logit (MNL)
structure while introducing increased depth and complexity. The architecture
begins with an input layer that sequentially gathers the features of each alternative
in the route choice scenario. This input layer is connected to a 1D convolutional
layer with M filters, ensuring weight sharing across alternatives. The outputs from
this layer are then passed through an activation function, with the option to omit
activation if desired. Subsequently, another 1D convolutional layer with 1 filter is
employed. The resulting outputs are subjected to a softmax function, generating
predictions for the chosen route. Routes are ranked based on their distances, with
the chosen route assigned its rank in the classifier. The neural network is trained
using a supervised learning algorithm, namely backpropagation. The loss function
is chosen to be a cross-entropy loss. The weights of the network are updated
iteratively using an ADAM optimization algorithm. At each iteration, a batch of
samples is randomly selected from the train set, and the weights are adjusted to
minimize the loss function. The learning rate and other hyperparameters of the
optimization algorithm are chosen through a process of trial and error or by using
random search. Regularization techniques, such as dropout with a specified rate
and weight decay, are utilized. Batch normalization is applied, and the weights are
initialized based on a cross-entropy criterion. By implementing this neural network
architecture with these specific design choices, we aimed to improve the accuracy
and complexity of route choice modeling.

5 Results

5.1 Path-size Logit

In this study, we conducted an analysis using 80% of the available data through
random selection to estimate the parameters across the 4 possible routes. the
remaining 20% were used to test the prediction accuracy. The loglikelihood increased
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from an initial value -1434.335 to reach 1175.93, with a Ratio test of 516.82 3),
just by using the distance, number of traffic lights, junctions and logarithmic PS.
This indicates an improvement in the model’s fit and highlights the effectiveness
of our parameter estimation. By adding nature related variables, we see that the
loglikelihood increased to -1111.47, insuring a global significance of the model and
its relative parameters. We also included two interaction variables in our analysis:
the interaction between distance and nature percentage and the interaction between
distance and traffic lights. It is important to note that the correlation between
these variables is relatively low. The correlation coefficient between distance and
nature percentage is 0.177, indicating a weak positive relationship. Similarly, the
correlation coefficient between distance and traffic lights is 0.227. This full model
reaches a much higher loglikelihood, of -1078, suggesting that adding the interaction
variables improve the model.

Notably, distance, and the number of junction and traffic lights have negative
signs, while indicating their statistical significance. The negative signs suggest that
e-bike commuters tend to favor shorter paths as well as routes with less traffic
lights and intersections with other roads. This finding aligns with the expected
behavior of travelers seeking efficient commuting routes. E-bike commuters, like
other commuters, are inclined to choose the most direct and least congested
paths to optimize their travel experience: e-bike users prioritize efficiency and
convenience in their route selection. These findings are consistent with results
from studies [Meister et al., 2023, Ton et al., 2017, Broach et al., 2012] conducted
in Portland, Zurich, and Amsterdam, as they share same sign in distance. In
[Broach et al., 2012], the average trip distance for commute trips was 6 km, whereas
in our study it is 10 km. In their study, they used normal bikes, unlike our study
which uses e-bikes. In [Meister et al., 2023], both normal and electric bikes were
used for different trip purposes. The average distances for commuting, leisure, and
shopping were 3.7 km, 2.8 km, and 2.3 km, respectively. Even though they used
both normal PSL and mixed PSL, a negative effect on distance was shown. The
paper also had a difference in the number of alternatives—40—while we have a small
choice set of 4 alternatives. For the trips in the Amsterdam study [Ton et al., 2017],
the mean route distance was 1.96 km, and it had a negative sign. This doesn’t
specify that they used electric bikes and commuting trips.

Since attributes across the studies are different, including the type of bike used and

188



the trips performed, we don’t compare the values of the estimated parameters but
focus on the sign. Our results are intuitive and align with the mentioned literature
[Meister et al., 2023, Ton et al., 2017, Broach et al., 2012] , suggesting that e-bike
commuters choose shorter routes. An increase of one unit of distance decreases the
chance of choosing the route by 5.1%.

Furthermore, findings related to traffic lights align with these two studies
[Koch and Dugundji, 2021, Broach et al., 2012]. In our case, an increase in
traffic lights decreases the likelihood of choosing the route. This suggests
that e-bike commuters may seek a detour if a route has many traffic lights,
an intuitive observation shown in our study as well as in the literature
[Koch and Dugundji, 2021, Broach et al., 2012]. For intersections, a similar pattern
is observed in this study in Amsterdam [Ton et al., 2017]. A lower number of
junctions or intersections suggests a higher likelihood of choosing the route. In our
study, increasing the average number of intersections per km by one percent for
e-bike commuters results in a decrease of 1.26%. As stated in [Ton et al., 2017], this
suggests that people either want to reduce interactions with other road users and
avoid delays or reduce the cognitive effort during the trip .

For the added environment variables, the percentage of urban presents a negative
relationship with route preference, indicating that individuals tend to disfavor routes
with a higher urban density. On the other hands, the nature percentage variable has a
positive impact, suggesting a greater preference for routes with natural surroundings.
Additionally, open areas are highly valued by e-bike commuters, as indicated by the
positive value associated with this parameter. Its significance suggests that e-bike
users appreciate routes that offer spacious and open surroundings. By choosing
routes with open areas, cyclists can enhance their overall cycling experience. This
might be explained by a preference for reduced congestion and a closer connection
to nature.

The parameter related to distance to water is statistically significant and negative,
which indicates that cyclists tend to choose routes that are close to water. This
factor highlights the preference for a more aesthetic and entertaining experience, as
cycling on water may enhance the travel experience. The preference for nature-rich
environments align with the intuitive notion that people often seek pleasant and
scenic routes for their cycling experiences. In the context of commuting trips, factors
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such as arriving on time and efficient travel are important, but so is the aesthetic
appeal of natural surroundings.

The distance to water and the percentage of nature align in terms of sign with this
study, conducted in Amsterdam [Koch and Dugundji, 2021], as they indicate that
proximity to water or green areas has a strong positive utility.

The values of the interaction variables between distance and nature and distance and
traffic lights are fairly close to zero. In the case of the interaction between distance
and nature, the value indicates that the influence of distance on route preference is
not strongly impacted by the percentage of natural surroundings. This implies that
having a longer distance on a route with more nature may not be a decisive factor
for e-bike commuters when making their route choices. Similarly, for the interaction
between distance and traffic lights, the value near zero suggests that while e-bike
commuters tend to avoid routes with a higher number of traffic lights, this preference
does not necessarily translate into a willingness to choose longer routes to completely
avoid traffic lights.

The parameter associated with the logarithm of path size logit is statistically
significant and has a negative value. It’s important to note that this parameter
has been scaled by 1000. This parameter represents the degree of overlap of a
given route with the alternative routes, and it is calculated based on the length
of the paths. A higher percentage of overlap, indicated by a value closer to 1,
implies that the route shares a significant portion of its path with the alternatives.
When the path size is very small, indicating a high degree of overlap with the
alternative routes, the logarithm of the path size approaches zero. This means
that the cyclist has more flexibility and a greater range of options to choose from.
Even though the path size parameter was found to be positive and significant in
[Broach et al., 2011, Meister et al., 2023, Koch and Dugundji, 2021], it was also
found negative in [Ton et al., 2017], indicating that paths with a high degree of
overlap are more likely to be chosen than others. This finding may seem counter
intuitive because it increases the choice probability of overlapping paths instead
of penalizing them, which is the intended purpose of adding path size. However,
it’s also possible that cyclists prefer overlapping routes to non-overlapping ones.
The negative significant sign of the estimated parameter suggests that cyclists have
a preference for routes that offer more alternative paths and options. In essence,
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this finding reveals that e-bike commuters value the ability to explore different
routes and have the freedom to select a path that provides additional choices. This
flexibility adds to the appeal of a route and aligns with the preferences of e-bike
commuters seeking diverse and varied options in their commuting experience.

5.2 PCL

In our study, we applied the PCL model to three sets of variables, similar to what
we did with the PSL model. The addition of nature-related and interaction variables
led to a notable improvement in the PCL model’s loglikelihood, reaching a value
of -1238.8. The model exhibited global significance, with statistically significant
relationships among the variables, including the nested parameters.

Regarding distance and the number of traffic variables, we obtained results consistent
with those observed in the PSL model (see table 3). Specifically, individuals showed
a preference for shorter routes with fewer traffic lights. In the case of the number
of junctions, we found a positive but very low value of impact. On the other hand,
open area is significantly and positively valued by individuals, while distance to water
did show a statistically negative significant association. This aligns with the PSL
results which indicates that cyclists tend to choose routes that are close to water
and in open areas. Furthermore, the interaction variables yielded results similar to
the PSL model, with nearly identical effect sizes. Regarding the nested parameters,
we observed a moderate level of correlation (correlation coefficient of 0.67) among
the different alternatives. This similarity index suggests that the routes are more or
less similar to each other, as they might share some segments. In conclusion, upon
comparing the PSL and PCL models, it is evident that the PSL model outperforms
in terms of log-likelihood, yet yields quite similar interpretations of factors.

5.3 Conv1D Neural Networks

In our experiment with neural networks, we explored various architectures to predict
routes. Using the same dataset, where routes are ordered by distance, we assigned
the chosen route based on the predictions. Our methodology involved constructing a
1D convolution layer with M filters and incorporating different activation functions
such as ReLU, tanh, Sigmoid, or no activation function. Subsequently, we added a
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final 1-filter convolutional layer and connected its output to the softmax function.
To enhance the model’s performance, we employed techniques such as weight
decay, dropout rate, batch normalization, and the utilization of mini-batches during
training.

For training and testing, we employed an 80/20 ratio. Through the process of
hyperparameter tuning, adjusting parameters such as the number of iterations,
M, weight decay, dropout rate, batch size, and learning rate, we achieved the
best performance on the test set. The accuracy results for the train and test
sets were 80.72 and 80.16, respectively, as depicted in table 4. These results
were obtained using the following set of hyperparameters: M : 8, Learningrate :
0.005, Weightdecay : 0.001, Dropoutrate : 0.0, Numepochs : 1000, Batchsize : 30.
Additionally, we evaluated the model’s performance without an activation function.

By analyzing the training and testing loss curves, we observed a decreasing trend,
indicating that the model was effectively learning from the data 5. Table 4provided
displays the results obtained from tweaking different hyperparameters.

It is important to note that in our analysis, we incorporated attributes existing in
PSL (Model 3), including nature and interaction variables and excluding PS variable.
We tested the same architecture as the PSL model, but with the addition of the PS
(Path Size) element and a single layer instead of two layers (1cond then softmax).
The accuracies achieved were 45.86% on the train set and 38.13% on the test set,
further aligning with the results obtained from our PSL model. The hyperparameters
used for this basic model were as follows: M : 1, Learningrate : 0.001, Weightdecay :
0.0, Dropoutrate : 0.0, Numepochs : 1000, Batchsize : 1027.

In summary, our research findings highlight the benefits of using a higher-dimensional
architecture in neural networks, where the model learns from multiple filters rather
than a single one. This approach leads to improved prediction accuracy on the train
set. While comprehending the weights of neural networks remains challenging, they
prove to be effective models for learning route choice behavior and uncovering hidden
features within the data. To solve that issue, we used sensitivity analysis to identify
the important features in the model.
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Figure 4: Architecture of Neural Networks
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Figure 5: Training and testing loss during model training.

5.3.1 Sensitivity analysis of Conv1D

Sensitivity analysis is a simple yet powerful technique as it helps to understands
how factors influence the output of the model. A feature sensitivity is calculated by
changing one feature value while keeping all the other features invariant, and see the
output of the model. A feature is more important in the prediction if the sensitivity
measure is higher. Due to the complexity and non-linearity of our Conv1D neural
network, we performed a sensitivity analysis on ten factors used in our model, based
on the output probability of choosing one route. Results are portrayed into a plot in
fig 6. The figure shows the kernel density estimates (KDE) for elasticity across the
model’s factor of a route alternative. By increasing one factor by 10% of one route,
we compute how the probabilities of alternatives vary. Peaks close to zero suggest
a weak sensitivity, which is the case of interaction variable DxTL and kilometers in
urban areas. On the other hand, distance can highly affect the route choices (same as
in PSL). An increase in the distance of one route shifts the elasticity KDE to the left
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side of the plot. This is intuitive as we expect that longer routes are less likely to be
chosen. The higher peaks in traffic lights and number of junctions suggest a strong
response to changes in these features. Similar to in PSL, a higher number of traffic
lights might decrease the probability of choosing the route on the factors of the other
ones. However, more junctions along the route increase the probability of choosing
this latter. The percentage of route through preferred nature highly and positively
impact the model’s input, as we see that e-bike commuters prefer a route crossing
within nature. The positive sign of the Path size elasticity suggests that e-bike users
have a preference for routes which overlaps less with the other alternatives.

We can see that some factors influencing route choice in PSL have a similar impact in
the conv1d. Cyclist’s route preference is negatively sensitive to distance and number
traffic lights. The nature percentage is found to be positive in both models. The
same applies to the interaction attribute between distance and nature percentage.
However, for the path size and number of junctions, we found an opposite influence.
Although PSL and conv1d models show opposite impacts for path size and number of
junctions, it still makes sense that if junctions are less preferred, overlaps might also
be less preferred, or vice versa; more junctions often lead to more routes intersecting
or overlapping each other.

6 Conclusion
In this analysis, we explored route choice behavior using both the Path-size Logit
(PSL) model and the Pairwise Combinatorial Logit (PCL). Through the PSL model,
we observed an improvement in the model’s fit, reflecting the effectiveness of our
parameter estimation process when adding nature related and interaction variables.
We found that distance, the number of junctions, and traffic lights had negative
signs, indicating e-bike commuters’ preference for shorter, less congested paths.

As shown in previous studies [Broach et al., 2012, Meister et al., 2023,
Ton et al., 2017, Koch and Dugundji, 2021], cyclists tend to seek shorter
routes. Estimated results from these studies intuitively share the same signs for
infrastructure attributes such as traffic lights and the number of junctions, as well
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Figure 6: Kernel Density Plot (KDE) of elasticities for Conv1D

198



as for distance.

Additionally, the parameter related to the logarithm of path size logit suggested that
cyclists value routes offering more alternative paths, granting them greater flexibility
in their choices. We found that e-bike commuters valued open areas positively,
emphasizing their appreciation for spacious surroundings during their rides. A similar
result was found in [Ton et al., 2017], suggesting that routes with a high degree of
overlap are more likely to be chosen than others.

Cyclists also prefer cycling in nature and close to water [Koch and Dugundji, 2021].
Interaction variables between distance and nature, and distance and traffic lights
were close to zero, implying that the influence of these factors on route preference
was not significantly affecting individuals’ choices. Our results show a preference for
open areas with routes closer to water. This suggests that e-bike cyclist value scenic
views and have less preference for urban areas, while commuting.

Comparing the PCL model to the PSL model, we observed a notable improvement
in loglikelihood with the incorporation of nature-related and interaction variables in
the PCL model. However, the PSL model still outperformed the PCL model in terms
of loglikelihood. Furthermore, we experimented with neural network architectures
to predict routes, achieving encouraging accuracy results on the train and test sets.
By using various hyperparameters, we effectively learned from the data, and the
accuracy results were much higher than those of the PSL model. This study sheds
light on the complex decision-making process involved in cyclists’ route choices.

We found that logit-based models provide valuable insights into the significance of
various factors, allowing for interpretability of the estimated parameters. On the
other hand, when adopting a more complex neural network architecture, we observe
a significant improvement in prediction power. However, this comes at the cost of
losing interpretability.

The challenge lies in understanding how neural networks outperform logit models
and how this can help policymakers adjust cycling route infrastructure. Sensitivity
analysis has been useful in understanding model behavior and identifying important
features especially for complex and non linear models like neural network. This
allowed us to interpret the impact of the factors on the route predictions. Our deep
learning model shows to be sensitive to variables like distance, number of junctions,
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number of traffic lights, the overlaps across alternatives and the percentage of nature.

As a result of overlapping findings between both the logit-based and deep learning
models, we can conclude that e-bike commuters prefer shorter routes and those with
fewer traffic lights, as they seek efficiency for their commute trip. Furthermore,
they prefer routes in natural settings, indicating a strong value for cycling in nature,
as this might enhance their travel experience. On the other hand, the interaction
variable between distance and percentage of nature highlights that having a longer
distance on a route with more nature may not be a decisive factor. E-bike commuters
prefer a more natural setting but still seek efficient commuting routes.
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