




Modelling access and egress mode
choice for multi­modal trips

Case study : City of Amsterdam

by
Reddhi Uday Bhatt

to obtain the degree of Master of Science
at the Delft University of Technology,

Student number: 5038995
Project duration: February 22, 2021 – November 10, 2021
Thesis committee: Prof. dr. ir. S.P. Hoogendorn, TU Delft, (Chair)

Dr. Ir. N. (Niels) van Oort, TU Delft
Dr. Ir. D.(Danique) Ton, TU Delft
Dr. N.M.(Natalia) Barbour, TU Delft
Ir. J. (Jos) van den Elshout, City of Amsterdam
M.(Marits) Pieters, City of Amsterdam

An electronic version of this thesis is available at
http://repository.tudelft.nl/.

http://repository.tudelft.nl/




Preface
Delft, November 2021

“It is not about the destination, it’s about the journey.”

This phase correctly captures my journey during my Thesis. It has been indeed has had all its ups
and downs. I have been fortunate to have the right people guiding me in this journey, that has made
all the difference. I have been always found myself gravitating towards public transport, I believe it
stems from my love for travel. So when it came to selecting my thesis topic, I wished to work in the
domain of public transport and contribute to make systems more accessible for all. Hence when I got
the opportunity to intern at the Municipality of Amsterdam to work on the topic of ‘Modelling access and
egress mode choice for the public transport’ it aligned with all my requirements and was the perfect
match.

Firstly, I would like to thank my committee members,
Danique, you have been ever so supportive and understanding. On the days when I felt lost you guided
me and brought me back on track. In moments of self­doubt your positivity and encouragement made
it better. I am very thankful. To Natalia, I am grateful for all the insights you provided, nudging me in the
right direction. I am proud of having such inspiring women in my committee. To Niels, I thank you for all
the help you gave when I needed it. I shall never forget important lesson you taught me that is to ‘pick
my battles’, to understand the trade­off all my decisions, it is something I will keep in mind throughout
my life. To Serge, I am thankful all the support you provided. I would also like to thank Sanmay for all
the help with the data pre­processing, it indeed made my life a little bit easier.
I am thankful to my company supervisors, Jos and Marits, for have being helpful, understanding and
supportive. Besides the knowledge you helped me impart related to the study, you also taught me how
to organize myself better. Having all of you as my committee has I believe brought out the best in me.
I am thankful to the Municipality of Amsterdam to give me the opportunity work in the public sector and
be able to contribute whatever little I can to the society with my technical knowledge.

I am grateful to my friends who helped me get through even the toughest times. Being so far away
from my family back home has not been easy but you made ‘Delft’ home for me. I would like to thank
my flate­mates old and new Likhitha, Ranjan, Tanvi, Subhonil and Abhas, you made the house a home.
For all the friends I made along the way at the University; Mariana, Merve, Jyotsna, Vivek, Flo, Johan,
Ale; I am lucky to have such supportive and like­minded people as a part of my journey who made
these years fun, I am sure there will be more to come in the future. My library buddies Arshdeep,
Andrain, Philipp, Prateek and Anagha; all the coffee and lunch break conversations have indeed been
memorable. Also, I am grateful to my friends back home whose pep­talks were indeed helpful. And
everyone who has helped me in any way to get through this. I have made everlasting memories thanks
to all of you.

Most importantly, I want to thank my family, who are my pillars of strength. Your unconditional love
and unwavering support have helped me achieve everything ever wanted to. I am filled gratitude for
this and all the opportunities you have enabled me to have. I am very grateful to my mom who is been
my rock through out my life, always encouraging me to do better.I thank my father for all the support
he gives me, it has enabled me to have the strength to endure difficult times.And I thank my brother
whose positivity kept me going on. To my family I am forever thankful, there are not enough words that
can capture how much your love and support means to me. Like all good things this comes to an end
my journey at TU Delft comes to an end now, I am gratuitous for the opportunities I have had. Hope
for a better tomorrow.

iii





Summary
Improving accessibility in urban regions is an ever­evolving policy goal of the government. To deal with
the congestion in urban areas encouraging the citizens to adopt public transport is one of the more pop­
ular approaches. To achieve this goal, providing the citizens with a seamless travel experience plays
an important role. In order to encourage the adoption of public transport and multi­modal transport, it is
useful to model mode choice to understand what factors are affecting mode choice for multimodal trips.

The starting point is to deduce what the current literature suggests as significant variables affecting
the access and egress mode choice to and from public transport. Furthermore, the deduction of the
factors helps pinpoint which aspects are important from a policy perspective to improve multi­modal
transport. Literature suggests umpteen factors that affect mode choice. However, it depends on the
context of the research. Furthermore, there has been some research in the domain of access and
egress mode choice. However, more often the access and egress mode choice models are modelled
separately. Thus, the simultaneous access and egress mode choice can be investigated further. To
address the above­mentioned gaps in research, the objective is to provide a conceptual modelling ap­
proach that can model access and egress mode choice simultaneously. Furthermore, it is insightful to
compare the impact of the factors affecting mode choice for both urban and regional networks. Thus,
the framework shall be applied to the train network that connects different regions and the system within
the urban network such as a metro network. The main research question is as follows;

How to model access and egress mode choice simultaneously (to and from) public transport
systems for regional and urban networks?

As the city of Amsterdam is the case study adopted the train and urban network are analysed using
individual models. A discrete choice modelling approach is adopted to maintain compatibility with the
existing systems, as the models in practice use a discrete choice modelling approach. Moreover, it is
also a popular approach in research.

For the modelling approach, the MNLmodel is considered to be the starting point. To account for the
expected correlation between the alternatives a mixed logit model with random error components. For
the generation of alternatives, mode chains are deduced for an origin­destination trip. The assumption
made based on the literature review is that people are less likely to make trips more complex than two
intra­modal transfers.

The first step in choice modelling is to generate the alternatives and determine the data collection
system. Given that the case study is the city of Amsterdam and the context in the Netherlands; the
ODiN (On der Weg) database is used as the main data source. It is a travel survey carried out in
the Netherlands each year to carry out travel behaviour research. It comprises the socio­demographic
data, trip characteristics, mode choice, etc. Hence, it is a form of revealed preference data is used
for analysis. From the literature review and data analysis, it is evident that access and egress modes
comprise of walking, cycling, car and Public transport (Bus/Tram/ Metro); with train and metro as the
main modes. To determine a model that analyses the impacts of the factors affecting mode choice,
a structured approach is implemented. The first step is to deduce a base model that comprises only
the time variable and the alternative specific constants. The next step is to analyse the hypothesis
individually on the base model.

The socio­demographic variables considered to be estimated are car ownership, age, gender, in­
come, urban density, trip purpose, employment status, household composition. Hypotheses are for­
mulated to deduce the impact of the selected factors affecting the access and egress mode choice.
The hypothesis is individually tested for the train and metro model. The parameters that are significant
in the individual model analysis are added to the combined model. The final model is optimised. Once
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the final model is deduced using the MNL modelling approach then it is analysed using the ML (Mixed
Logit) model with random error components.

CASE STUDY ­ CITY OF AMSTERDAM
Based on the 2018 ­2019 ODiN data the total number of observations extracted for the model with the
train as the main mode is 1187 and for the metro as the main mode is 405. Application of the frame­
work for the given case study leads to certain changes in the choice set constructed. As the number of
observations is not enough for all the alternatives it has been re­constructed a bit to deduce the model.
It also suggests which alternatives are not preferred to be chosen by the respondents. As there are
not enough observations for access and egress using cars they are combined into one alternative with
car access­ mix mode egress and mix mode access­mix mode egress. The travel time parameters
are considered average across the modes for mix modes. In the case of the metro, the number of
observations for cycle access and egress as well as car access and egress is limited. Thus, the cycle
access ­mix mode egress, mix mode access­cycle egress, car access­mix mode egress, mix mode
access­car egress and mix mode access­ car egress.

The analysis of the basemodel for the train suggests that the duration of themainmode has the least
impact on mode choice. It is the access and egress mode choice that is weighted heavier. However, it
must be considered that the main mode duration remains constant throughout all the alternatives. The
access is weighted lower as compared to the egress. All the travel time parameters have a negative
coefficient suggesting more the duration lower is the utility of the alternative.

In the case of the base model for the metro the main mode is not as significant and is positively
correlated. It can be expected as for the trips to and from outside the city of Amsterdam the trip duration
could be longer. In addition to that, the metro network is a relatively more dense and high­frequency
urban system. Hence, it can be expected that the duration of the main mode is lower as compared
to the access and egress in the case of the metro. Further in the time duration of access is weighted
higher as compared to the egress. Thus, it suggests that people are more sensitive to the access time
to the egress time to the metro. This is the opposite as compared to the trend observed in the train. The
expected outcome would be the users being more sensitive to egress as there is an asymmetric mode
availability on the egress side. Usually, individuals are expected to have access to the mode they own.
However, in the case of the metro system if the users moving to and from the city use the metro as it
is a denser network egress might be more walkable and accessible to the destination as compared to
the access. Moreover, in the Dutch context, the cycle infrastructure is well developed within the city
making it more of a competing mode rather than a complementary mode.

The final model optimization depicts that besides the access travel time and main mode travel time;
the age, trip purpose, employment status and car ownership are significant. It is expected so as per
the literature as well. The age hypothesis suggests that the respondents belonging to the age category
of 18­24 are expected to use public transport for access and egress. The results are significant and
positive suggesting that the hypothesis is true. It is an expected outcome as the Dutch students have
access to free transport when enrolled for education. In case of the car ownership, it is highly signif­
icant and also has a high coefficient as expected. Though the overall trend in the data suggests that
about 50% of the population has access to a car. For the trip purpose, it is assumed that the access
and egress modes used are walking and cycling. Similarly, for full time employed respondents, it is
assumed that active modes are used for access and egress. The coefficient is positive and significant.
It is in line with the literature suggesting that professionals with a full­time job are expected to be highly
educated and hence make more conscious decisions to choose active modes for access and egress.
For themetromodel, the final results suggest that only car ownership tends to be the significant variable.

For the ML model, the additional parameters added are the random error components to account
for the expected correlation between the alternatives having the same access and/or egress mode.
The mix logit model is introduced but leads to the same results suggesting that mode­chain acts as a
synthetic model and when making a choice an individual considers the entire trip rather than only a trip
leg.
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The findings suggest that car ownership is an important factor and in an urban system it might be a
competing model. Thus, policies focusing on regulation car ownership and the use of cars can be an
effective solution. Furthermore, attributes addressing the station facilities can be introduced to under­
stand the impacts of the station facilities on access and egress mode choice. Furthermore, in the case
of trains, it is observed that the socio­demographic variable have a more significant impact. Factors
such as having a full­time job have a strong positive correlation with active mode access and egress
mode choice. This insight can be used to incentivize to attract users belonging to a similar group. Sim­
ilarly, in the case of Dutch students having access to free public transport encourages them to adopt
more multimodal trips. Hence, innovative incentive schemes, improving the service and facilities of
cycling and walking can be improved to attract more users. For further research, it would be interesting
to adopt other more hybrid models as well. The results also suggest that in an urban setting in the
Dutch context the cycle might be a competing mode for the metro. The trade­off between both can be
further investigated. The findings suggest that when the access and egress mode choice is modelled
simultaneously, the access main and egress trip legs are not weighted differently within a trip. On the
comparison of the train and metro model, it is observed that for the different modes of public transport
how access and egress trip legs are weighted differently as well. Hence the policymakers need to
implement tailor­made policies for the different form of public transport. This model can also analyse
the impact of the travel costs and the travel time and cost models can be compared to deduce what
the respondents are more sensitive to.

The framework deduced as a part of the study provides a starting point for modelling access and
egress mode choice simultaneously. The overall findings suggest that the type of the network and its
characteristics impact the access and egress mode choice.
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1
Introduction

The goal of this chapter to provide a basis for the research. Furthermore, it provides the motivation for
the research carried out and the structure of the research.

1.1. Introduction
In urbanized regions, the increased use of cars has led to traffic and congestion problems. To solve this
issue, policies encouraging the users to adopt a more integrated network with public transport are nec­
essary. Considering the case of the Netherlands, where the cycling infrastructure is well­developed,
cars still have the highest share i.e. 47% (Harms & Kansen, 2018) as compared to other modes. How­
ever, with time there has been an increase in the use of cycles overall especially for access and egress
to and from the train stations. This indicates the willingness of the users to shift towards more sus­
tainable modes. To integrate the modes and provide a more seamless experience, more insights into
multi­modal transport shall be investigated. Hence, the study aims to understand the mode choices
of travellers. Usually, the trips that comprise the use of public transport are multi­modal. Thus, im­
proving the door­to­door connectivity and accessibility to public transport is the need of the hour. In
order to implement policies to improve accessibility transport models are utilized. Transport models
are created as tools that can be used for decision­making for the development of transportation. The
transport models are expected to provide insights into the impacts of policies relating to the implications
of alternative transport on land­use investments and policies etc. Hence, transport models are usually
implemented to deduce policy implications.The classic Four­step models are popular for the purpose
of modelling the various choice dimensions Ton et al., 2019. In western European countries such as
Sweden, Netherlands and Denmark adopt a four­step transport model. umteen modelling approaches
are available but discrete choice modelling approach is often implemented Ton et al., 2019. With the
development in research and technology, there are different models such as activity­based models,
agent­based models etc. However, the current systems are based on the classical four­step model.
Hence, the current study is focused on implementing the discrete choice modelling for mode choice
models to maintain compatibility with the existing systems. Thus, the following subsections describe
the current trends in the existing modelling approach implemented. Furthermore, how the access and
egress mode choice behaviour are modelled is discussed.

1.1.1. Access and egress mode choice
As discussed in the previous section, the world is willing to move towards a more car free economy. To
implement such policies understanding of the travel behaviour is necessary. Mode choice is a key step
to deduce policy implications (Ortúzar & Willumsen, 2011). Thus, to gain a more realistic perspective
of the mode choice involving a multi­modal trip chain, it is essential to understand the mode choices
for access and egress travel to and from public transport. To explain access and egress a multi­modal
trip is defined. A trip is defined as the travel from an origin to a destination. A trip comprising the
use of more than one mode is a multi­modal trip. Walking, cycling, public transport and car are the
different modes considered (Fiorenzo­Catalano, 2007). When using public transport as a mode, there
are usually multiple modes involved to complete a trip. Thus, a multi­modal trip can be further divided

1



2 1. Introduction

into three parts i.e. access leg, main leg and egress leg (Fiorenzo­Catalano, 2007). The access leg
is the part of the trip from origin to the transfer node to the main leg. Similarly, the egress leg is the
transfer from the main leg trip to a destination. In the case of the multi­modal perspective, the various
transport systems are expected to be integrated in a way that there is a smooth transfer between the
different modes. The following paragraph describes the current approach in research to model access
and egress mode choice.
Studies focus on either access mode or egress mode individually or both separately. In the study
conducted by Wen et al (2012) focuses on access mode choice only for high speed rail (Wen et al.,
2012). A NL (Nested Logit) model with latent classes is estimated to deduce the preferences of the
users. The findings suggest that the travelers are cost sensitive. The future research shall be carried
out to deduce a more generalized model allowing the integration of access and egress mode choices
(Wen et al., 2012). Ton et. al. (2020) investigates the factors affecting access mode choice along with
station choice for cycling and walking as access modes. The study focuses on the factors affecting the
access and station choice from tram as the main mode. However, for other public transit modes it is
expected that the same factors might not be relevant. The mode for access and egress is cycling and
walking. MNL (Multinomial Logit Model) model based on the distance of access and station. The study
by Azami et. al. (2020) focuses on the region of Orlando to model access and egress to and from public
transport.The factors affecting mode choice for the different modes including the micro­mobility modes
are deduced (Azimi et al., 2020). Two separate models are implemented for access and egress mode
choice. MNL models are implemented for analyses of the model. The findings are limited to the context
of the region. Additionally, the transfer­ability is not is not accessed. In this study it is assumed that all
the forms of public transport are expected to have the same factors affecting mode choice. Hence, the
limitations of the above­mentioned studies is that simultaneous access and egress mode choice is not
considered.

A study conducted in China multi­modal choice behavior is modelled for inter­city travel. The main
modes comprise of airplane, train, express bus and HSR (High Speed Railway). BMNL (Bayasian
Multinomial Logit) model is implemented which is a Bayesian based discrete choice models (M. Yang
et al., 2015). This research considers access mode choice and departure mode choice as factors that
effect the main mode choice. Thus, it provides insights how the access and egress are weighed de­
pending on the different main modes available. Thus, it is a variable and the alternatives are the main
modes, but does not address modelling the access and egress simultaneously. Moreover, it is limited
to the context of the location of the case study. The research done by Waerden et. al.(2018) provides
insights into the role of main modes and access modes on the decision to chose between car or train
as the main mode of travel. Hence, access and egress is not the main focus though it is considered.
The study mainly focuses on access mode choice with the main travel mode. The trade off between
train and car as the main mode is deduced. Mixed logit (ML) model is estimated to deduce the impli­
cations (Waerden & Waerden, 2018). It depicts that the attributes related time and cost are influential.
It provides insights into which factors shall be considered to encourage the car users to switch to train.
However, various factors such as the trip purpose are not considered. The study by Yang et al (2019)
focuses on access and egress mode choice to and from the high speed rail in China. The modelling
of access and egress mode choice is done is separate stages. Separate models are analyzed for the
business and leisure travelers (H. Yang et al., 2019).

Studies also determine the trade­off between uni­modal and multi­modal trips in the context of the
Netherlands. Furthermore, the trade­off between the service quality, travel time and travel costs are
deduced (Arentze & Molin, 2013). Insights into how the different stages of the trip such as access time,
egress time and in­vehicle time are weighted is provided. However, in this case the public transport is
considered as one mode and no differentiation amongst them is not carried out. Hence, most studies
focus on access or egress individually. Some consider them as factors for a generalized approach
towards public transport. The study by Yang et al (2015) provide a more comprehensive approach to­
wards mode choice modelling for access and egress mode choice for the metro in the city of Nanajing.
The focus is on the satisfaction of metro commuters. In this case the focus is only on one mode of
public transport. Most studies consider all the modes of public transport as one assuming the that the
behavior amongst all the modes of public transport is same, or the focus is only on a particular mode
of public transport. This suggests there is not much research in the comparison between the travel
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behavior between the modes.

Hence, it is evident that most studies focus on either access or egress mode choice separately or
only one of them. Most studies focus on access mode and do not consider the egress mode. Some
studies discuss the factors affecting the choice of different multi­modal trips. The simultaneous access
and egress mode choice is not investigated in depth. Additionally, studies assume that mode choice
behavior for all modes of public transport are expected to be similar. Studies do not necessarily compare
the different public transport modes (within the same context) to deduce if similar factors affect the
access and egress mode choice. Form a societal perspective to encourage the use of public transport,
it would be fruitful to gain insights into what are the differences are so as to provide tailor made policies
addressing the different modes of public transport. Hence, there is a need for a more generalized
modeling approach that integrates access and egress mode choice to determine the factors affecting
the access and egress mode choice.Thus, a comprehensive method to model access and egress in
a single trip and analyse the required factors in the given context is the existing gap. Moreover, the
research only focuses on only a particular main mode of transport rather than comparing the different
public transport systems such as the train network and the metro/tram/bus network. Generally, the train
network is available at an intercity and intra­city level. In case of metro networks it is available in highly
urban areas within a particular city. Thus, within the public transport domain the characteristics of the
public transport network varies. As suggested by the current research it is at times assumed that the
different modes of public transport would be expected to have similar mode choice behaviour.

1.1.2. State of the art
Focusing on mode choice perspective for public transport access and egress; the current research
comprises research that addresses access and egress separately. It is expected that the traveller
makes the decision of the entire trip in advance. Thus, a simultaneous approach would provide more
insights into factors affecting the access and egress mode choice. It shall provide insights into how
the individual experience access, egress and main trip legs within the same trip. Hence, the existing
research gap is to incorporate a multi­modal trips for access and egress mode choice in a single model,
also considering the different forms of public transport modes. The state of the art is provide amodelling
framework that allows for the modelling of simultaneous access and egress mode choice. Moreover,
provide insights into the factors affecting the mode choice in a single model. Secondly, provide an
approach that is transferable to different public transport modes. Moreover, deduce if the factors mode
choice behaviour for the different public transport modes varies or stays the same.
Hence, the results of the research will provide a modelling approach that can model access and egress
mode choice simultaneously. Furthermore, implementing the modelling framework analyse regional
level networks and analyse the nuances of the travel behaviour. Thus, the added value of the current
research is to simultaneously model access and egress mode choice. Furthermore, it is to provide an
approach that is transferable to various public transport modes to deduce the different policy implica­
tions.

1.2. Scope and Context
On the basis of exiting research and the research gap the scope of the research and the case study
considered are discussed.

1.2.1. Scope
The scope comprises mainly modelling the mode choice for access and egress travel to and from public
transport. Moreover, to understand the nuances in the choices for not only national or regional level
networks like the train but also urban level public transport networks like bus, tram and metro. Hence,
to implement a modelling approach an urban area where it is expected to have a higher number of
multi­modal trips. To address these concerns, Amsterdam is the case study selected for the implemen­
tation and analysis of the mode choice model. Amsterdam considered as the case study, as the share
of multi­modal trips is higher in urban regions i.e. the share of multi­modal trips is 20% in Amsterdam
as compared to the Netherlands which is 3 %(Fiorenzo­Catalano, 2007). As the case study is the city
of Amsterdam the trips to, from and within the city of Amsterdam are considered for modelling and
analysis.
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The deliverable is to provide a conceptual framework for modeling a multi­modal trip to and from
public transport. Additionally, the requirement of the framework is to access the travel behaviour for
mode choice for not only the train network but also the lower level networks such as the bus, tram and
metro. As the study is for multi­modal trips only the uni­modal trips are considered outside the scope
of study. Discrete choice modelling methods are considered to estimate the model. This approach is
adopted to maintain the compatibility with the National Transport models in the Dutch context. In case
of the city of Amsterdam the current modelling approach is a dis­aggregate model. With a discrete
choice modelling approach hence the other approaches such as activity or Agent Based Modelling is
no considered. The explanation and justification of making the choice of focusing on discrete choice
models is provided in Chapter 3. Though route choice and mode choice are expected to be correlated,
the focus of the research is the modelling of access and egress mode choice. Furthermore, only public
transport modes are considered to be the main mode of travel, private modes such as car and bikes are
not a part of the scope. To determine the applicability of the model the modelling approach is applied
to the train and metro network users.

1.2.2. Context

The Netherlands is known as the logistic gateway to Europe hence the accessibility and the transport
are very important to the economy (“Public transport in the Netherlands,Ministry of Transport, Public
Works and Water Management”, 2010). The population of Netherlands is 16.5 million approximately,
out of which about 7 million people reside in the Randstad area, so approximately 50% of the popula­
tion is concentrated in the same region. The planning of the different ports to support economic activity
is considered during the land­use planning process (“Public transport in the Netherlands,Ministry of
Transport, Public Works and Water Management”, 2010). The growth in the population and the pros­
perity of the citizens has lead to higher mobility needs. To cater to them and manage the traffic is the
need of the hour. In 2017 train use via NS Dutch Railways resulted to more than 18 billion passenger
kilometres, an increase of 150 million (0.8 percent) compared to 2016 (Kim, 2018). This depicts a
growth in the use of public transport amongst the people. However, it must be noted that there is also
a moderate growth in the use of cars.

Approximately 4.5 million trips are made by bus, tram and metro in the Netherlands on a daily basis.
Moreover, approximately one million are made by train and 14.5 million by cycles (“Public transport
in the Netherlands,Ministry of Transport, Public Works and Water Management”, 2010). It must be
considered that the Netherlands is an exception when it comes to the high utilization of bikes due to
the well developed cycling infrastructure that is available. However, the trips made by bus /tram and
metro are relatively lower as compared to the train. This is attributed to the urban density and the type
region. In highly urban areas such as Amsterdam the trends are expected to differ from the national
average. In terms of access and egress mode choice to and from the railway station the following trends
have been observed figure 1.1 and figure1.2 (Kim, 2018). It can be observed that given the context of
the Netherlands cycle is the predominant mode for access followed by public transport and walking.
Though there is not much difference between the proportion of the modal shares between them. In
case of the egress it is observed that walking is the predominant mode. It his can be attributed to the
fact that at the activity end there is more uncertainty of the availability of the egress mode on the activity
end. The future policy goals imply that a more accessible system is required to attract more public
transport users. The approach now being chosen is one in which all the options are utilised both to
stimulate accessibility and development opportunities and to limit the negative impacts of (car) mobility,
that is to facilitate high quality alternatives for mobility and to stimulate conscious choices. For this the
mobility system must be coherent and robust and all the modalities must be sufficiently solid to form
fully­fledged alternatives (“Public transport in the Netherlands,Ministry of Transport, Public Works and
Water Management”, 2010). The current policy goal pertaining to transport is to improve accessibility
and reduce the negative impacts of car usage and encourage more conscious choices such as public
transport. To do so there is a requirement for a more robust and coherent system.
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Figure 1.1: Access mode Kim, 2018

Figure 1.2: Egress mode (Kim, 2018)

1.3. Research objectives and research questions
The objective of the current research The objective of this section is to address the existing research
gap.

1.3.1. Objective
The long term policy goal is to make cities more accessible. Understanding the mode choice behaviour
and test the policy implications shall contribute to more informed decision making so as to provide a
seamless trip. In order to achieve the above mentioned goals, the objective of the research is to
improve the understanding of mode choice in a multi­modal trip. The the aim is two­fold; First, is to gain
insights into the factors affecting the travel behaviour when access and egress mode choice is modelled
simultaneously. Furthermore, provide a state of the art modelling approach to model mode choice
travel behaviour more realistically. Secondly, it is to compare the regional and urban level networks
and address the the how it impacts the users choice. Furthermore, test various hypothetical scenarios
using the model for both networks and analyse the results. So as to achieve the aim the deliverable of a
conceptual framework for a modelling approach for an access egress mode choice model. Additionally
it is expected to be implemented not only for regional level network i.e. train networks but also for
the urban networks such as metro rail network available. The conceptual modelling framework will be
applied on the case study of Amsterdam.

1.3.2. Research questions
To address the aim of the research the objective is formulated in the form of the main question. In order
to address the main question it is further broken down into sub­questions.
Main question: How can the mode choice of access and egress be modelled by considering the
lower level networks for public transport, in a multi­modal trip simultaneously?
To address these research questions the following sub­questions have been formulated:
1.What are the significant factors affecting the mode choice for access and egress to and from
public transport in a multi­modal trip?
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The above­mentioned question addresses the significant attributes or variables affecting mode choice
based on the literature review of the current research. It is discussed in detail in chapter 2, there are
studies carried out in the Dutch and international contexts for deducing the factors affecting the access
and egress mode choice to/from public transport. The findings obtained addressing this question is an
input for the model i.e. the attributes affecting mode choice and the factors considered to generate the
different alternatives.

2. To what extent the Discrete choice modelling approach can be implemented for multi­
modal trips?
In order to have a base for the conceptual framework the existing literature will be utilized to determine
the methodological approach for modelling. This question addresses the alternatives considered so as
to deduce the choice sets based on the current approach. Furthermore, the modelling method that is
adopted will be justified. Moreover, The generation of alternatives and the data collection depends on
the modelling method as well. Hence, the different steps carried for modelling shall be addressed in
this sub­question. The existing literature is expected to help determine the method that shall be imple­
mented to model mode choice. Thus, the findings from the literature review will inform the method that
will be applied for the selected case study.

3. How can a multi­modal trip be modelled considering for the context of Amsterdam?
This sub­question addresses the application of the modelling framework for the case of Amsterdam.
Sub­questions 1 and 2 address the aspects that have to be considered when modelling multi­modal
transport. Additionally, as mentioned it will be useful not only for trains but also can be adapted to lower
level networks available on an urban level such as bus, tram and metro. It addresses the structured
approach that will be applied to model the mode choice and deduce the impact of the factors affecting
mode choice. Hence, a framework to model mode choice in a multi­modal trip chain shall be an ex­
pected output of the research.The section 1.5 elaborates on the data pre­processing and analysis for
the case study considered.

4. What are the impacts of the factors affecting the access and egress mode choice for train
and metro (as main mode)? What are the differences between them?
This sub­question addresses the analysis of the results obtained by applying the modelling framework
for the city of Amsterdam. For the different modes of public transport considered in the current research
the modes considered are train and metro. It is expected that for the different modes of public transport
the factors affecting mode choice behaviour have different implications. Policy hypothesis are tested
to check the significant factors affecting the access and egress mode choice will be analysed for the
city of Amsterdam. This shall be achieved by analysing the outcomes of the model for a given policy
hypothesis. This will deduce if the model provides results in line with expectations. Moreover, the same
hypothesis will be tested for both train and metro network to compare the outcomes for both networks.

1.4. Scientific and societal relevance
This section describes the value of the research to science and practice.

1.4.1. Contribution to science
As depicted in the section 1.1.1, there have been various studies focusing on access and egress sep­
arately. Additionally, studies focus predominantly on trains or a specific mode of public transport.
However, the a simultaneous model can be investigated at a greater depth. Moreover, the comparison
the lower and higher level networks has not been ventured into. Additionally, the comparison between
the different public transport modes i.e. bus, tram, and metro with a train can be investigated further.
The scientific contribution is to prepare a conceptual framework to model multi­modal trips more real­
istically. The societal relevance is to understand the mode choice implications and use it as an input
to develop a more seamless travel experience. The objective of transport models is to simulate the
required situation as realistically as possible to investigate the expected implications of the different
transport policies that are required to achieved. The contribution of the research is the provision of a
modelling approach that can be implemented to analyse the access and egress mode choice behaviour
for different modes of public transport simultaneously. Furthermore, provide an approach that allows
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for analysing various factors affecting mode choice based on the hypothesis to be tested. Moreover,
the model is expected to be transferable to the different contexts for different countries.

1.4.2. Contribution to practice
The long term goals of the Dutch government comprise of providing more optimised network so as
to encourage people to use public transport. In order to achieve that goal it is necessary to improve
the coordination between the urban transport networks (“Public transport in the Netherlands,Ministry of
Transport, Public Works and Water Management”, 2010). There are multiple aspects associated with
the improvement of the coordination is technical which is associated with managing the schedule and
the time table so that the existing systems complement each other. The other aspect is understanding
the requirements from a behavioural perspective for more informed decision making. There is an
expected increase of 1.1 % from 2017 to 2023 annually. It is also stated that the travel by bus, tram and
metro are less dynamic as compared to rails and no policies are set Kim, 2018. Hence, understanding
the implications of the difference between the train and the lower level urban networks can contribute to
more informed policies. Furthermore, the Amsterdam policy 2030 focuses on making Amsterdammore
attractive and accessible. Though the public transport network has been developed since 1990 there is
not much difference in the modal choices that have remained the same. A behavioural model shall be
helpful to direct policies that encourage public transport use. The modelling approach that is obtained
as the output of this research works as a tool for decision makers on a strategic level to determine
relevant factors that affect the mode choice behaviour. It can aid the decision maker to deduce if a
particular aspect is worth venturing into in depth. In addition to that it contributes to the understanding
of the preferences of the people towards the access, egress and main legs of the trip. This can help
pin point which are the relevant aspects of the trip to focus on. Hence, obtain insights what as per the
perspective of the traveller can help improve the accessibility to and from public transport.

1.5. Methodology and the Structure of Thesis
As depicted in the figure 1.3 the structure of the thesis and the methods used to address the research
questions formulated is as follows;

Figure 1.3: Structure of thesis

Chapter 2: Literature review
This chapter addresses the current approaches applied for access and egress mode choice modelling.
In addition to the mathematical approach used the other steps involving the methods of data collection,
generation of alternatives and the factors affecting mode choice. Thus, the literature review address
the inputs required to prepare a conceptual framework to model access and egress mode choice. The
findings of this chapter address the sub­question­1.
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Chapter:3 Modelling approach
In this chapter the conceptual framework that is deduced based on the the findings of the literature
review is described in detail. Furthermore, it addresses the exact modelling approach that can be
adopted to any context ideally and all the required inputs are explained in depth. The findings of this
chapter addresses the sub­question­2.

Chapter: 4 Modelling approach : Case study of Amsterdam
Chapter 4 describes how the conceptual framework deduced in chapter 3 can be applied onto the Case
study of Amsterdam. Introduction to the case study is provided. Additionally, the details regarding the
data used, the assumptions made and the steps taken to estimate the model specifically for the case
of Amsterdam is explained. Hence, the findings of this chapter provide a structured approach to the
simultaneous access and egress mode choice modelling for the different modes of public transport.
This chapter addresses sub­question­3.

Chapter:5 Data Description and analysis
In this chapter descriptive analysis of the data utilized to estimate the model is explained. Additionally
the pre­processing of the data to generate the alternatives and the attributes selected are discussed.
The findings of this chapter proved the inputs to estimate the model.

Chapter:6 Discrete choice modelling
The results of the model estimated are depicted in this chapter. Furthermore, the analysis of of the
results provides the insights that are gained from the model are discussed in detail. This chapter ad­
dressed the sub­question­4.

Chapter:7 Conclusions and Recommendations
The findings from the research, conclusion and recommendations based on the research done is ex­
plained in this chapter.



2
Literature review

2.1. Introduction
The goal of the literature review is to provide the insights into the current state of art. An introduc­
tion to the application of transport models is described. This chapter also provides the foundation of
the conceptual model, given the current research for modelling of multi­modal transport. The method­
ological approach is discussed wherein the data used and the modelling method is described as well.
The sub­question 1 is answered in this chapter. The sub­question 1 addresses the variables affecting
the access and egress mode choice are addressed. The second sub­question is also partly addressed
in this chapter that provides to determine the modelling approach that can be applied for the case study.

For literature review search engine such as google scholar and science direct were used. The
key words used to find the relevant research were ’mode choice’ ’modelling mode choice’ ’access and
egress mode choice’, ’factors affecting access and egress mode choice’. To filter the more suitable
studies more recent research carried out within the past 5­10 years was considered. Additionally, as the
case study is Amsterdam research carried out in the context of European region and the Netherlands
were given preference.

2.2. Transport models
This section describes the application of transport models in practice. It also provides a basic under­
standing of the classic four­step model which is a popular modelling method used. Moreover, as the
context considered is Western Europe is the main focus as the case study is more specific to his re­
gion.The focus is on public/private transport modelling of passengers. The national model also deal
with the freight transport comprising of road, rail and inland transport. However, as the current research
focuses on the travel behaviour of public transport passengers, freight transport is out of scope.

The purpose of a transport is to create a simplified version of the real world situation focusing on
the elements that are significant for a particular problem (Ortúzar & Willumsen, 2011). The traditional
model is a 4 step model; it comprises trip generation, trip distribution, mode choice, and assignment.
Mode choice is the 3rd step in the modeling approach and requires input from trip generation, trip dis­
tribution (Ortúzar & Willumsen, 2011). However, the following module of assignment i.e. route choice
has a feedback loop that is required to be considered. Thus, it is important to note that the route choice
impacts the mode choice as well (Ton et al., 2020).
The focus of the current research is on travel demand domain. The travel demand is an extremely
qualitative and differentiated aspect (Ortúzar & Willumsen, 2011). The current research addresses the
multi­model passenger transport domain. As the name suggests multi­model transport has the char­
acteristic that more than one mode is used to transport from one location to another.

One of the main objectives of a transport model is to deduce the feasibility of the investment made
in the transport sector. Investment in the transport sector has a range of benefits from various aspects
such as economic, environmental, and social perspectives (Transport for London, 2018). Transport

9
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models provide a more consistent evidence base for data analysis to deduce if a particular investment
will be fruitful (Transport for London, 2018). Furthermore, they help create a more unified framework
to access the policy implications (Rich et al., 2010).

2.3. Data and modelling approach
The review of the literature relevant to mode choice is searched on science direct, google scholar. The
key words used are access egress mode choice’, ’mode choice’, ’modelling access and egress mode
choice’. The table 2.1 depicts the data collection methods and the data used to apply mode and station
choice models.

Table 2.1: Data and modelling approach

Author Focus of study Scope/Data collection system Country Main statistical approach

Krygsman, S., & Dijst, M. (2001) The research focuses analysis of multimodal trips on
the access and egress stage separately. RP (NTS) Netherlands Multivariate analysis

Chakour and Eluru (2014) To analyse train commuter behavior SP Canada Latent segmentation

Arentze, T. A., & Molin, E. J. E. (2013) The focus of the research is to address how the travelers
trade off the travel costs ,travel time and inconvenience on mode choice SP Netherlands MNL

Shelat, S., Huisman, R., & van Oort, N. (2018) Analyze passenger profiles of the Bike – Train choice
RP

(OViN Data)
Netherlands Latent class cluster Analysis

Van Kampen et al. (2020) Impact of the socio­economic characteristics,
neighborhood characteristics on the station choice

RP

(OViN Data)
Netherlands MNL

Yang, M., Zhao, J., Wang, W., Liu,
Z., & Li, Z. (2015). Metro commuters satisfaction on the access and egress commuter journey SP China Binary logistic regression model

Wen, C. H., Wang, W. C., & Fu, C. (2012) Analyzing high­speed rail access mode choice. RP China Latent class Nested logit model

Brands, T., De Romph, E., Veitch, T.,
& Cook, J. (2014) Model Public transport route choice RP Netherlands (Amsterdam)

NL (Route choice)

OmniTRANS

(Simulation)

Azimi, G., Rahimi, A., Lee, M., & Jin, X. (2020) The study investigates factors affecting the access
and egress mode choice

RP

(GFTS, GIS data)

USA

(Orlando, Florida)
MNL (Access and egress separately)

Li, X., Tang, J., Hu, X., & Wang, W. (2020) The aim of the study is to address the travel behaviour
and the subjective factors that impact the decisions of the travellers. SP China BMNL

Waerden, P. Van Der, &
Waerden, J. Van Der. (2018).

The aim of this study is to address the factors that
contribute to the decision for mode choice for access for medium
and long distances.

SP Netherlands ML with panel effects

Yang, H., Feng, J., Dijst, M., & Ettema, D. (2019) The aim of the study is to address the access and
egress mode choice to/from High speed rail SP/RP China MNL

Ton, D., Duives, D. C., Cats, O.,
Hoogendoorn­Lanser, S., & Hoogendoorn, S. P. (2019)

Provide a mode choice model considering a more comprehensive
mode choice set

RP

(MPN Survey)
Netherlands MNL, panel effects, MMNL

Ton, D., Shelat, S., Nijënstein, S., Rijsman, L.,
van Oort, N., & Hoogendoorn, S. (2020)

The aim is to investigate the factors that affect
the joint decision of access mode choice and
station choice for tram stops.

RP

(GFTS Data)

Netherlands

(Hague)
MNL

The table depicts which method of data collection is utilized for modelling access and egress mode
choice. The modelling approach represents the statistical approach applied to model mode choice.
The following subsection to discuss the methods of data collection and the modelling approach used
in literature.

2.3.1. Data collection method
As depicted in the table 2.1, revealed preference and stated preference data collection is the most
frequently used methods. The following paragraphs describe the above­mentioned methods and the
pros and cons of each method.

The revealed preference surveys for travel behaviour research comprise of origin and destination
passenger surveys. This data can be collected in the form of on board surveys, collected at station or
conducted by the government. It suggests that the actual observed behaviour is captured in this case.
In case of stated preferences the repentant is presented with background information and hypothetical
alternatives are presented to the respondent. Based on what is the aim of the research the data collec­
tion approach varies. As shown in the table 2.1, in case of studies pertaining to modelling approaches
or empirical analysis revealed preference data is used. Revealed preference data collection allows for
the analysis of existing alternatives. As the name suggests it is the data revealed through the choices
people make given that the options are already available to them. On the other hand stated preference
data is collected in the form of an experimental survey setup (Train, 2002). The stated preference
survey allows for the analysis of hypothetical situations. Subjects such as the perceptions of the users
and attitudes towards situations can be captured.

However, both methods have their pros and cons. The revealed preference data collected reflects
the actual choices people make. But, the disadvantage is that it is only applicable to the existing situ­
ations. Thus, it limits the choice situations and alternatives. In case of situations where the demand of
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the new product can not be examined using a revealed preference survey as such data is not available
for such situations (Train, 2002). For a stated preference survey the advantage is that the respondent
can be presented with hypothetical choice situation that don’t exist. Additionally, the researcher has
the freedom to design experiments to create as much variation as they require (Train, 2002). How­
ever,the drawback of obtaining responses from stated preference survey is that the respondent might
not actually follow through. Moreover, there is also a chance of having biased responses based on
what is understood by them and might not actually be applicable in reality (Train, 2002). Hence, both
methods in a way, complement each other. As a consequence a combination of both methods is an
ideal approach. As depicted in the table it is observed that that based on the objective of the study
both reveled and stated data is used for research. In certain cases it a combination or additional data
acquired by simulation. The approaches used in literature is discussed in chapter 3.

2.3.2. Modelling approach
The discrete choice modelling approach will be adopted so as to maintain the compatibility with the
existing systems. As it is evident from the table2.1, that for the research purposes also Discrete choice
modelling methods are more popular. It can be attributed to the fact the existing transport models (in
the Dutch context) are discrete choice models are applied. The following paragraphs describe the dif­
ferent mathematical models used in literature for modelling access and egress mode choice

MNL (Multinomial Logit) models are adopted by a majority of the studies to analyse access and
egress mode choice behaviour Azimi2020.Hence, the MNL model is considered suitable for deducing
the access and egress mode choice. In the given study by Azimi et al., the access and egress are
modelled separately. This model is chosen as it is considered that the alternative mutually exclusive.
Moreover, the computation time is lower due to the closed­form mathematical structure of MNL models
(Young et al., 2018). To deduce the mode choice for metro commuters, the access and egress mode
choice MNL model is adopted for the four modes (i.e. subway, bus, taxi, car) considering car as the
reference mode (H. Yang et al., 2019). Furthermore, study by Ton et al. to deduce the determinants for
the use of active mode for access and egress mode choice where the MNL model is used to determine
the significant variables as it has a more efficient computation time. Once the significant variables are
used to determined, an MMNL (Mixed Multinomial Logit) is applied as the model fit is better (which is
tested using the likelihood ratio test).

The study by Arentze and Molin implements a ML (Mixed multinomial Logit) framework to model
travellers preferences towards multi­modal networks (Arentze & Molin, 2013). In the above mentioned
study, to account for the correlated terms between the main modes a error component is added to the
utilities of the alternatives having the same main mode. Thus, a ’shared error component’ is added to
the utility. This enables to account for the common unobserved attributes amongst the different modes
(Arentze & Molin, 2013). Similarities on the level of access and egress stages are not taken into con­
sideration. To have a parsimonious approach, only the important sources of covariance are considered
in the model (Arentze & Molin, 2013). The added advantage of the error component model structure is
that it provides more flexibility as compared to hierarchically nested model structures (Arentze & Molin,
2013).

To analyse the access mode choice behaviour to the high speed railway in Taiwan, a latent class
NL (Nested Logit) model is adopted. Contrary to the popular choice of MNL models this approach is
implemented as the latent class can provide further insights into the number, sizes and the character­
istics of the segments (Wen et al., 2012). The latent class MNL model exhibits the IIA (Independence
of Irrelevant Alternatives) property within the segments. The modelling was done for latent class MNL
models and latent class NL models. As the goodness of fit is better for the likelihood ratio test at 5%
significance level (Wen et al., 2012). In the research conducted by Waerden and Waerden, to deduce
the significant attributes that affect the decision of the access and main mode choice, an ML (Mixed
Logit) model is considered. The investigation of the individuals choice is carried out using a mixed logit
(ML) model with panel effects. Such a model structure takes into consideration random taste variation
in the population and the fact that a decision­maker can make more than one decision (Waerden &
Waerden, 2018).
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In the study by Li et al. the Bayesian­based model is adopted, as has higher accuracy. The ad­
vantage of this method is that it allows for complete uncertainty of the parameters through posterior
distribution (Li et al., 2020). The added advantage of this method is that it avoids over­fitting issues
and numerically intensive likelihood function maximization (Li et al., 2020). Some studies adopt the
binary logistic regression model. In the study by Krygsman and Dijst the aim is to analyse the fac­
tors that impact the choice of multi­modal trips and it is analysed using the binary logistic regression
model. Also, in the study by M. Yang et al. a similar modelling approach is implemented to determine
the factors affecting the metro commuters satisfaction. In this study, the model for each predefined
mode­chain, a model is estimated and the factors impacting the choice of the mode chain is analysed.
Such a modelling approach estimates the variables by an iterative likelihood procedure Yang2015. In
the study by Ton et al., station choice behaviour of cyclists is analysed wherein the MNL modelling
approach is adopted to estimate the attributes that impact the station choice.

Thus, it can be observed that there are various approaches considered however MNL is the most
prominent approach as it is simple and is computationally efficient. In the case of a situation that there
is a correlation between the alternatives to allow more flexibility more advanced models such as the ML
models are preferred. However it is computationally more intensive to implement MLmodels. However,
the real­world validation is not possible at times so it is difficult to justify the use of more complex models
(Young et al., 2018). To sum it up, many for the various combinations of travel choice dimensions such
as mode choice (in this case) the extensions or variations of the MNL and the NL (Nested Logit) model
are used (Ton, 2014). However, to account for the correlation within the trip chains for mode choice ML
would be an ideal method of modelling mode choice.

2.4. Generation of alternatives
The choice set or the alternatives that are said to be available to the passengers are generated to anal­
yse the observed behaviour and to predict the future choice behaviour Fiorenzo­Catalano, 2007. It is a
complex process, the kind of complexities that require to be dealt with for the generation of choice sets
for multi­modal transport model is further elaborated. To deduce the choice sets from an individuals
perspective the individual is expected to have knowledge which is what is actually considered. Based
on the observed choices and certain algorithms an objective choice set is generated. To generate these
choice sets in addition to the observed choices, the behavioral criteria shall be considered. In the cur­
rent research the focus is on mode expected to be available to the passenger Fiorenzo­Catalano, 2007.
To determine the alternatives of the choice sets , the first step is to address the complexities to under­
stand the challenges and the constraints that need to be considered when generating the choice sets.
At the different stages of the modelling process there different kind of complexities to be dealt with.
As depicted in the figure 2.1, three main aspects of the different complexities are encountered when
modelling a multi­modal network. The first point deals with the choice set generation, i.e. the range and
the the umpteen possibilities of the different combinations. Ideally it a multi­modal transport models is
expected to predict the utilization all the modes possible. However, it is not feasible to consider them
all, many combinations are highly unlikely (van Eck et al., 2014).

The second aspect is the mathematical complexity. Planning multi­modal trips have multiple choice
dimensions associated with it, making it a challenge to determine the underlying behavioural traits in a
tractable way (van Eck et al., 2014). For the third complexity it suggests at peak hours the use of the
physical infrastructure and network loads effects the experienced travel time differently. The transfer
related attributes are also required to be modelled separately.

The multi­modal modelling approach is an extension of the classical model (van Eck et al., 2014).
The mode­chains are distinguished as separate modes. A filtration method is adopted to access the
realistic options for the choice set generation. The size of the route choice set trips depends on the
size of the network and the type of trips considered. The size of the objective choice set depends on
the or is proportional to the network density(van Eck et al., 2014). Whereas the size of the subjective
choice set depends on knowledge of the traveller of the available alternatives. Thus the challenging
part is to generate the choice sets that represent the alternatives that are more likely to be available to
the individual. To determine the mode­chains, the following definitions are considered;
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Figure 2.1: Modelling complexities (van Eck et al., 2014)

• Main trip part: It is the part of themulti­modal trip performed covering the highest possible distance
comprising of one or more legs (Fiorenzo­Catalano, 2007).

• Trip leg: The part of the trip where a single mode is used without transferring is considered to
be a leg. However, a walking leg with a mechanized mode leg is also considered a single leg
(Fiorenzo­Catalano, 2007).

• Trip: It is considered to be a sequence of travel modes and transfer nodes connecting a given
OD pair(Fiorenzo­Catalano, 2007).

Hence, to generate the different alternatives to fulfill the objective of the current research, literature
pertaining to mode choice are reviewed and the choice sets generated are studied in more depth re­
view the current practices. In order to determine mode chains studies adopt the frequently occurring
combinations based on the given context. The most frequently occurring combinations are walking
cycling car and bus (in descending order) of use as access modes. Walking is also preferred to access
the different public transport modes. However, the car is mainly used to access train stations (Krygs­
man & Dijst, 2001). In the case of the egress side of the trips, there is a lower availability of owned
vehicles. As a consequence of that, the findings suggest that the egress is dominated by walking and
public transport modes followed by cycle (Krygsman & Dijst, 2001), in case of the Netherlands. In the
case of the main modes, the most dominant mode is the train followed by the bus, tram and then metro
StephanKrygsman. This trend is observed in 2,3,4 stage multi­modal trips (Krygsman & Dijst, 2001).
Depending on the focus of the study the access and egress modes considered are more generic i.e.
car, bus, tram, metro. However, some studies where the focus is on TNC (Transportation Network
Companies) adoption the access and egress modes considered for the different alternatives are Walk,
TNC/Taxi, micro­mobility, drive alone, carpool and wheelchair (Azimi et al., 2020). Moreover, depend­
ing on the data the pre­specified mode chains are considered. In the study by (M. Yang et al., 2015),
the metro commuter satisfaction the following mode chains were considered. Based on the data col­
lected and the availability of the observations the following alternatives; walk­metro­walk, walk­metro­
bus, bicycle­metro­walk, bicycle­metro­bus, bus­metro­walk, bus­metro­ bus, car­metro­walk (M. Yang
et al., 2015). Similarly, in the study by Brands et al. the following mode chains were considered as al­
ternatives for public transport mode choice assignment; walk – public transport– Walk, Bicycle –public
transport – walk, car – public transport – walk, walk –public transport – bicycle, walk – public transport
– car.
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In the study by Arentze and Molin they develop different experiments for varying distances where
the mode alternatives differ for the different distances. The experiments differ in terms of the mode
alternatives available in the choice­set and the length of the imaginary trip (5, 20 and 65 km). The
first experiment focuses on the short distance (5 km) and a choice between slow mode (bicycle) and
uni­modal fast modes (car and bus) which are reasonable travel options for this distance. The second
experiment focuses on the medium distance (20 km) where a car, public transport and multi­modal
transport trips are possible modes for the trip. The third and fourth experiment assumes PT alter­
natives only (car and multi­modal are not part of the choice­set) for medium­distance (20 km) and
long­distance trips (65 km) respectively. The public transport model, these experiments allow us to ex­
amine in more detail preferences related to service attributes (20 km) and modes in access and egress
stages (65 km). When implementing the model on a case study the data is also considered to have
enough observations in each alternative.The access and egress mode choices provided comprised of
the subway(metro), bus, car, walking and cycle Yang2019. Thus, considering public transport as the
main mode the possible alternatives ideally considering a set of access and egress modes as car, walk,
cycle, BTM (Bus­Tram­Metro).

Hence, to generate the choice sets the as observed from literature two intra­modal transfers are
considered when specifying a trip. Given the context of research, the access and egress modes used
in combination with the main mode can vary. However, the generic access and egress modes such as
walking, cycling, car and public transport modes are frequently used. In addition to data depending on
the observed trends and data collected based on the observed behaviours also provide the input for
the choice set generation.

2.5. Factors affecting access and egress mode choice
To determine the relevant variables to be considered when modelling access and egress travel be­
haviour the existing literature is reviewed and the factors that can be considered are classified and
determined in this section. In a traditional four­stage model, mode choice is a classic step. It depicts
the mode choice of individuals on a more aggregate level (Ortúzar & Willumsen, 2011). Hence, it plays
a crucial role from the policy­making perspective (Ortúzar & Willumsen, 2011). Thus, to realistically
model the user’s choices, the attributes impacting the individual’s mode choices must be considered.
The mode choice factors are classified into three parts; the first is the characteristics of the trip maker
(it comprises age, income, availability of car license, etc) (Ortúzar & Willumsen, 2011). Second is the
characteristics of the journey such as trip purpose, time of day, group size, etc. The third is the char­
acteristic of the transport facility travel time, distance, in­vehicle time, etc (Ortúzar & Willumsen, 2011).
Moreover, these sections can be sub­divided into more classifications. The division of the different
categories for mode choice can be made into three parts i.e. multi­modal travel variables, socio­
demographic variables and residential environmental variables.The study by Yang et al (2015) carried
out to determine the satisfaction of metro commuters divides the factors into the personal attributes and
the journey details (M. Yang et al., 2015). Some studies consider the personal characteristics as a cate­
gory and define the attributes per particular mode (H. Yang et al., 2019). However, in the case of mode
choice involving active modes (i.e. cycling and walking), the factors affecting access and egress mode
choice can be categorised as; characteristics of individual characteristics, household characteristics,
built environment, season and weather characteristics, work conditions, and trip characteristics (Shelat
et al., 2018; Ton et al., 2019). Similarly, in a multi­modal trip, the factors are allocated to categories of
variables, such as socio­demographic variables, LoS (Level of Service) parameters, trip characteris­
tics, land­use and built environment factors, and station characteristics (Chakour & Eluru, 2014). Thus,
based on the approaches considered in literature; the following classification is made for the factors
affecting the access and egress mode choice.

• Individual characteristics

• Household characteristics

• Built environment
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• Work conditions

• Trip characteristics

• Station characteristics

• LOS (Level of service)

The following subsections describe the significant variables for the provided classifications based on
the current state of art. Moreover, the variables belonging to the various categories;

2.5.1. Individual characteristics
Individual characteristics comprise factors such as age, gender, car ownership, income, level of educa­
tion etc. Car ownership is a significant variable (Chakour & Eluru, 2014), if the car is available it affects
the choice of public transport as the main mode of travel (Hensher & Reyes, 2006; Mark et al., 1993).
Moreover, it is an obvious observation that the availability of cars impacts the choice of the car as the
main mode and the share of taxis is very low that it is not considered significant in the result of the study
conducted (Mark et al., 1993). Depending on the mode and the variables such as the travel time and
distance, socio­demographic variables such as gender and more importantly age give a deeper insight
into the travel behaviour (Van Kampen et al., 2020). Hence, age and income also have an impact on
the mode choice but it depends on the context (H. Yang et al., 2019). Thus, it can be concluded that
the significance of the socio­demographic variables is more context dependent.

2.5.2. Household characteristics
Size of the household, household composition, income of the household , the number of vehicles in
a household etc. are included in this category (Shelat et al., 2018; Ton et al., 2019). The household
characteristics affect the probability of selecting a more complex trip (Hensher & Reyes, 2006). It
also implies that is is more likely to be a trip involving the use of public transport (Hensher & Reyes,
2006). The household size and composition are significant and have a negative correlation to the use
of public transport (Hensher & Reyes, 2006). It is expected as larger household with children affect car
ownership, also the household income determines if people have accessibility to more expensive trips,
i.e. (long) trips by car or train.

2.5.3. Built environment
The urban density and the high density of the mix of activities have an influence on the demand for
multi­modal transport (Mark et al., 1993). The urban form at the macro level indicates that business
travellers who are more sensitive to time tend to choose a car instead of the bus to access built HSR
(High speed Railway stations) stations in the suburban areas with low urban density (H. Yang et al.,
2019). Especially in the utilization of active modes the built environment has a more crucial role (Ton et
al., 2019; Van Kampen et al., 2020). Whereas when the mode of egressing is walking, the commuters
using the motorized modes for access are more concerned about the walking environment (M. Yang
et al., 2015).

2.5.4. Work conditions
Full­time employment, paid and unpaid job status is included in this category (Mark et al., 1993). Studies
suggest that employment affects the choice of the access and egress mode (Shelat et al., 2018). A
permanently employed person is expected to have the location as per the job and is more probable
to use non­motorized modes (Mark et al., 1993). Additionally, despite having the car available, the
group of people living in urban areas choose the transit – bicycle mode as the preferred mode to reach
job locations in urbanized areas (Shelat et al., 2018). Moreover, in the Dutch context highly educated
professionals are the largest group selecting the bike–train combination (Shelat et al., 2018) In addition
to that, the provision of incentives discouraging cars induces the use of public transport (Ton et al.,
2019).

2.5.5. Trip characteristics
Trip characteristics comprises the access egress travel time, distance, travel costs, trip purpose, size
of the travel group (Ton2019a). Trip purpose or the motive to travel plays a significant role in the
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choice of the access and egress mode (Mark et al., 1993). Hence, it is deduced that the mode choice
preferences for access and egress are affected by trip purpose (H. Yang et al., 2019). The trip purpose
can be classified into mainly business and leisure purposes (H. Yang et al., 2019). Business travellers
value time higher and are inclined to pursue shorter travel times. Whereas, leisure travellers are more
willing to accept longer travel times (H. Yang et al., 2019). The highest share of travellers in the Dutch
context is the work commuters and educational purposes (Givoni & Rietveld, 2007). The results show
that the VOT (Value of time) is strongly linked to trip purpose (Mark et al., 1993). The willingness to
pay is higher in the case of business or leisure travel, as compared to a systematic travel purpose
such as work (Mark et al., 1993). Travel distance is an important variable for access and egress mode
choice. Higher the walking distance lower is the chance of selecting a slow mode such as walking
for access. The access and egress station choice is a decision affected by the distance negatively,
hence the Dutch population is willing to go to a further station (Krygsman & Dijst, 2001). However,
travel time is is expected to be more appropriate as compared to travel distances (Young et al., 2018).
Thus, travel time is expected to be the most influential attribute (Ton et al., 2019). It can be further
broken down into waiting time and in­vehicle time (Arentze & Molin, 2013; Waerden & Waerden, 2018).
Waiting time is perceived more negatively as compared to the in­vehicle time (Arentze & Molin, 2013).
Additionally, the travel costs such as the parking are influential attributes (Waerden & Waerden, 2018;
Wen et al., 2012). Furthermore, from a station choice perspective cyclists prefer to use the distant but
larger station as compared to a close­by station. This is so a traveller prefers to cycle further to avoid
transfers (Jonkeren et al., 2019). The findings suggest that the travel group size and the moment of
travel are relevant for mode choice (Ton et al., 2019).

2.5.6. Station characteristics
Factors such as the availability of bike parking facilities are influential for access and egress station
choice (Krygsman & Dijst, 2001). Bicycle parking facilities that are perceived as having a higher quality
have a stronger impact on station choice (Young et al., 2018). Additional services at larger stations
are also expected to have a positive correlation with the station choice. One of the findings indicates
that the presence of bike parking facilities during access results in a higher willingness to cycle further.
Consequentially, walking distance is weighted more negatively as compared to cycling (Ton et al.,
2020). Hence, when walking the closer station is preferred by the passenger as compared to using
cycle as a mode. Intercity and sprinter status of the station also has an impact on the station choice
for access and egress. In terms of the station location based on the usage station leading to lesser
transfers and IC (inter­city) stations are favoured even if the distance is longer (Van Kampen et al.,
2020).

2.5.7. LOS (Level of service)
The factors such as the quality of the service provided, punctuality, frequency of travel etc are con­
sidered. The assessment of bus lines portrays that passengers consider the service quality of public
transport but also access and egress part of the trip in their decisions (Brand et al., 2017). Addition­
ally, the station attributes such as the parking availability and the seat availability have an impact on
mode choice (Chakour & Eluru, 2014). The frequency of the mode. The on­time performance of public
transport is an important factor affecting the choice of public transport in terms of user satisfaction (M.
Yang et al., 2015). The evidence indicates that station utility decreases as the access journey becomes
further or longer, as the rail leg journey time increases, when the journey involves more transfers or
has a higher fare, and when service frequency is reduced (Young et al., 2018).

2.6. Summary
To create a framework and estimate a model the input required is the data, choice set or alternatives
and the attributes that shall be estimated. The literature review provides insights into how the modelling
process is carried out and what is done as per the current state of the art to determine the inputs for
modelling.

It is evident that for compatibility sake it is suitable to adopt the discrete choice modelling methods.
additionally , the classic four stepmethod is considered. The aim of the literature review is to deduce the
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parameters that would affect the mode choice behaviour. However, there are studies addressing mode
choice modelling world over and also in different contexts. The following table depicts the different
factors that can be considered as for the mode choice modelling.

• Findings suggest that the influential factors are as follows;

Table 2.2: List of attributes from literature

Category Probable Attributes Study

Individual characteristics
Employment, age, gender, license, income, ownership of cars,
availability of free student travel, frequency of travel using
various modes.

Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Ton et al. (2019),
Ton and Shelat (2020)

Household characteristics Household size, number of vehicles per household Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Ton et al.(2019)

Trip characteristics
Distance, travel Time, Purpose,
frequency of travel via different modes,
origin and destination locations.

Mark R. et al. (1993), Debrezion et al.(2007),
Chakour, V., & Eluru, N. (2014),Yang et al. (2015),
Ton and Shelat (2020), Van Kampen et al. (2020)

Level of service variables Frequency, number of stops, in vehicle time,
waiting time

Mark R. et al. (1993), Debrezion et al.(2007),
Yang et al. (2015), Ton and Shelat (2020),
Brand, et al. (2017)

Built environment Area or region, Urban density Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Van Kampen et al. (2020),Ton and Shelat (2020)

Working condition Working hours, Travel compensation Van Kampen et al. (2020), Ton et al. (2019)
Weather characteristics Month of travel Ton et al. (2019)

Station choice Origin and destination station, area region,
type of stations, parking facilities

Debrezion et al.(2007), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Van Kampen et al. (2020),
Ton et al. (2019), Ton and Shelat (2020)

• Ideally the alternatives generated consider car, walking , cycling ,BTM as the complementary
modes for access and egress resulting to the following combinations for access and egress to
and from public transport. Most studies have a more generalised approach. The process of
deducing the choice set depicting the alternatives is a complex process. In order to obtain feasible
alternative assumptions based on the observed behavior is an essential input.

• Most commonly used approach for modelling is the MNL model. However, to get a better model
fit it would be preferred to adopt more advanced models such as the ML model. Simultaneous
modelling of mode choice is expected to lead to alternatives that are expected to be correlated.
Hence in this case it would be effective to take into account the correlations that exist between
the different alternatives. Furthermore the limitations of the MNL model can be overcome by the
implementation of more advanced models. However it must be taken into account the trade off
using more complex models.





3
Conceptual framework

3.1. Introduction
The goal of this chapter is to use the findings from the literature review chapter as input, to prepare a
framework that shall be applied on a conceptual level. Furthermore, it forms the basis of the framework
that shall be applied to the case study of Amsterdam. The sub­question 2 is addressed in this chapter.

3.1.1. Data Collection
As discussed the chapter 2, the popular methods for data collection are revealed and stated preference
surveys. In this section the data used in literature is discussed in depth.
Revealed preferences comprise the observed behaviour, such data is usually collected in the form
travel surveys. In the context of Netherlands a National Travel survey is carried out on a yearly basis.
Revealed and stated preferences are used by various studies to deduce the mode choice behaviour.
As depicted in table 10, most studies selected are based on travel surveys such as travel diaries. NTS
(National Travel Survey), OViN (Onderzoek Verplaatsingen in Nederland) and ODiN (On Der Weg in
Nederland ), MPN (Mobiliteitspanel Nederland) are national travel surveys carried out every year in the
Netherlands. Study Ton et al. adopts the MPN surveys that are household, personal travel diaries as.
It is a longitudinal household survey that is carried out to investigate the changes in the travel patterns
of individuals including a younger population of teenagers (Ton et al., 2019). It is a 3­day survey where
the respondent is expected to record the trips, mode, distance travelled. Moreover, the household sur­
vey comprises is related to the availability of the modes and the ownership of vehicles. Whereas the
personal survey also captures the mode preferences and attitudes towards them (Ton et al., 2019).

ODiN or OViN is a National travel survey carried out every year and captures a one­day travel trip.
The aim of this survey is to provide insights into travel behaviour. It is a one­day travel survey that
comprises trip characteristics, mode choice, distance, time etc. It does not represents individuals. It
is conducted by the bureau of statistics (CBS). It was previously OViN and since 2018 it is renamed
as ODiN. The study (Shelat et al., 2018) uses the is data to analyse the bike­train users and their be­
haviour. NTS is an older version of the current ODiN travel survey carried out. The objective of this
survey is to determine the travel behaviour characteristics of the Dutch population. In the current sur­
vey format, children below the age of 12 are not considered as a part of the survey sample. The study
(Van Kampen et al., 2020) use the OViN data as well to determine the effects of socio­demographic
variables on the station. However, to deduce the alternatives available, the origin and destination pin­
code corresponding to the first, second, third and the fourth closest station in every departure postcode
is extracted from the OViN dataset and the stations present within the 10km radius are selected.

For deducing the factors affecting the simultaneous access mode and station choice GFTS i.e the
General Transit Feed Specification data is used. GFTS data is utilized to generate the different routes
to deduce different route alternatives for the routes between the different stations. The best routes al­
gorithm is adopted to deduce the routes between the stations based on the number of transfers, transit
time etc (Ton et al., 2020). It is observed that for studies comprising route choice as a part of the scope
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utilize simulation softwares to generate the routes. In the study Azimi et al. the LYNX data collection
system is utilized, it is an on­board survey collecting the data of the passengers in conjugation with the
GIS (Geographic Information System) data for the origin and destination location for home addresses
(Azimi et al., 2020). The socio­demographic information has been extracted as well. Furthermore, trip
information the origin and destination location, access and egress mode etc. was also collected. Sim­
ilarly, for the study by Chakour and Eluru, an on­board survey on the rail for commuters was carried
out to investigate the access and egress mode choice. Data associated with trip characteristics, socio­
demographic variables such as the individual characteristics, boarding and alighting stations, departure
time etc is collected. To deduce the access and egress time and distances the google map algorithm
was utilized to obtain more realistic values. A similar approach is used to deduce the values for the
chosen and non chosen alternatives. Simulation software such as GIS is adopted to deduce the origin
locations next to streets and roads were geo­coded finding corresponding GIS data (Chakour & Eluru,
2014).

In the case of stated preference, the questionnaire is designed so as to address the perceptions of
the users. To answer specific questions related to the perceptions of the stated preference survey is
usually conducted. In the study to deduce the metro commuter satisfaction with respect to the whole
trip including the access and egress experience, the survey is designed and circulated within the re­
gion (H. Yang et al., 2019). In the study to deduce the trade­off of distances (Arentze & Molin, 2013),
4 experiments have been carried out as all modes were not feasible for all alternatives. In this case, a
panel is selected in the Netherlands to fill the survey as per the traveller’s preferences.

Hence, overall for modelling purposes, the use of Revealed preferences and simulation is more
common so as to realistically model what is actually observed. The stated choice experiments provide
more insights into the different factors affecting mode choice based on particular situations. Moreover,
the trade­off between the different factors is also analyzed. Thus, it is observed that the revealed
preference surveys are the most preferred options for data collection. Depending on the scope of the
study the revealed and stated preferences are adopted. In most studies travel surveys are used, they
comprise of the socio­demographic data, data related trip purpose etc. The travel surveys are revealed
preference data as the purpose is to record the travel behaviours of the passenger. The ODiN data­set
is described in detail in the following chapters. It is preferred as the data source as observed behaviour
is required to model the choices made. Moreover, the case study is Amsterdam, for the existing traffic
model used by the Municipality of Amsterdam the data source is the ODiN travel surveys. Hence,
making it a more compatible option as compared to other data sources.

3.2. Modelling approach
In the current research the aim is model mode choice behaviour simultaneously for access and egress
mode choice. Thus, it is necessary to generate feasible alternatives and deal with the complexities as­
sociated with the choice set generation. The following section depicts the steps taken into consideration
to generate the alternatives.

3.2.1. Generation of Alternatives
To determine the alternatives for the modes studies consider the mode specifically only, but in order to
model simultaneous mode choice mode chains shall be constructed to generate alternatives. As dis­
cussed in chapter 2, to generate a choice set the feasible alternatives shall be considered. It is assumed
that the individual is aware of all the alternatives andmakes the choice accordingly. The complementary
modes to and from public transport are car, bicycle, walking and BTM (Bus­Tram­Metro). As mentioned
in Chapter 1, the framework shall be transferable to bus, tram and metro networks. Hence, the model
will be tested for the train and metro network available in Amsterdam.

As shown in the figure 3.1 for a multi­model trip, walking is inherently a part of all trips made. It may
be walking to the public transport stations, walking up to the car or cycle parking, transferring between
the different modes. Hence, it can be said to be a universal component of any trip. The multi­modal
trip composition is complex consisting of a series of different travel legs connected by walking legs
(Fiorenzo­Catalano, 2007). To simplify it the trip can be considered to have the main trip part, and the
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part connecting the main mode and the origin or destination node is considered as the access and
egress trip legs respectively.
As the approach applied here is an extended form classical model, the mode chains are pre­defined

Figure 3.1: Access ­ Main ­ Egress trip composition (Fiorenzo­Catalano, 2007)

(Fiorenzo­Catalano, 2007) to generate the alternatives. Thus, the mode chains such as walk­train­
walk etc. form an artificial mode itself. Though it provides a way to integrate the access and egress
modes, issues are expected to arise from the implementation as there is an overlap expected between
the alternatives. If the number of transfer nodes increases to more than two the number of alternatives
explodes (Fiorenzo­Catalano, 2007). Thus, such an assumption creates a limitation for the number of
alternatives that can be generated is limited. However, the aim is to consider the commonly considered
mode chains (Fiorenzo­Catalano, 2007).

Hence, the generic modes can be used to determine the mode chain and the number of intra­modal
transfers considered is 2. However it is expected to vary with the context. As the scope consists of Am­
sterdam, the multi­modal trips to, from and within Amsterdam are considered as a part of the data­set.
As the idea is to model multi­modal trips the modes can be classified and filtered from the data­set in
the following manner; As the case study is focused on an urban region. The generic modes i.e. walk,

Figure 3.2: Filtration of trips

cycle, public transport (Bus­Tram­ Metro (BTM)) and car are considered the complementary modes to
public transport. However, for all practical purposes, it is viable to have all alternatives with a substan­
tial amount of observations.
Ideally, the following are the alternatives generated;

• Walk­ PT­Walk

• Walk­PT­ Bicycle

• Walk ­PT­ BTM

• Walk­ PT­ Car

• Bicycle ­ PT­Walk

• Bicycle ­PT­ Bicycle

• Bicycle ­PT­ BTM
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• Bicycle ­PT­ Car

• BTM ­ PT­Walk

• BTM ­PT­ Bicycle

• BTM ­PT­ BTM

• BTM ­ PT­ Car

• Car­ PT­Walk

• Car ­PT­ Bicycle

• Car ­PT­ BTM

• Car ­ PT­ Car

Figure 3.3: Alternatives

As depicted in the figure3.3, to generate the alternatives the main modes are considered based on
the limitation of the data as only the boarding and alighting train stations are provided with a model
for trains and to deduce the transfer­ability of the method to lower­level networks the metro stops are
deduced.Hence, additional data sources and data extraction process is required to deduce the values
for the chosen and non­chosen alternatives and to address the shortcomings of the data available.
Description of the data pre­processing is provided in the following chapters.

3.2.2. Derivation of travel­time attribute
Based on the literature review and the requirements of the Municipality of Amsterdam, the attribute
that varies with the alternative chosen is travel time. Travel time is intuitively more appropriate, as
the time taken to get to a station is likely to be more important than the distance travelled (which may
be unknown) (Young et al., 2018). It is to be noted that the public transport catchment area depends
on the total trip time and not only the access and egress time (Brand et al., 2017; Krygsman & Dijst,
2001). In the case of travel time, the access and egress travel time is considered as the duration of the
main mode is expected to remain constant throughout the different alternatives. However, the travel
time adding the main mode will be considered for the whole trip. Thus, travel time (for the whole trip,
access time, egress time) is the only variable that varies as per the selected alternative. As discussed
in Chapter 2, there are umpteen factors extracted from the literature, in the interest of time and to
depict how the model works the most relevant factors are considered. For the given case study the
other attributes that shall be considered are described in chapter 4.

3.3. Application of the model
As suggested in the literature review chapter discrete choice modelling methods are preferred as they
are more often used for research. Moreover, in practice the classic four­step modelling approach that
widely implemented for modelling purposes. Though there are more advanced methods such as activ­
ity based modelling and agent based modelling. Activity based models are the more advanced version
of the four­step model as they add the link between the activities carried out by the individual to the
travel. It allows for the incorporation of individual and household level attributes. The challenge of this
method is detailed data requirement. Additionally, as the choice facts are linked, secondary effects
may occur. Especially, the activity categories are more sensitive to the demographic variables.
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Agent based modelling approach is a microscopic framework that allows for the integration if dif­
ferent transport models as location choice, mode choice, car ownership, land use models etc (Kagho
et al., 2020). However, it is utilized for research purposes. The challenges with this method is the
data requirement. As detailed data is r pertaining human behavior is required and so it is an expen­
sive process. Also, it is more computationally intensive. In addition to that there are no known cases
of re­produceability of this method (Kagho et al., 2020). Thus, due to such constraints of advanced
modelling methods Discrete choice modelling methods are preferred in practice.

In the following section the modelling approach that will be adopted and implemented is discussed
in detail. Furthermore, it describes which discrete choice model will be applied and the procedure to
implement the modelling technique.

3.3.1. Discrete choice models
As discussed in chapter 2, there are various methods used in the existing literature. In this section the
methods that are considered to be suitable for the current research are discussed in depth in this sec­
tion. The introduction the utility maximization that is the decision rule of utility maximization is explained
in the following paragraphs. As the selected methods to analyse the models are the MNL modelling
and ML modelling, the MNL model is explained briefly. Additionally, the more advanced model such
ML (Mixed Logit) model is discussed.

The discrete modelling approach is utilized for modelling is based on the random utility theory.
Based on the data the individual is expected to make a choice from a set of alternatives that is said
to maximize their utility. The utility is determined by deducing the attributes that affect the utility and
affect the choice of the individual. Moreover, the utility comprises the attributes that are the observed
components, and the second part comprises the unobserved component which is treated as the ran­
dom component. Hence, the utility is expressed in the following manner (Ortúzar & Willumsen, 2011;
Young et al., 2018).

𝑈𝑗𝑞 = 𝑉𝑗𝑞 + ℇ𝑗𝑞
J is the selected alternative by the q individual Here, the 𝑈𝑛𝑖 is the utility of alternative, 𝑉𝑗𝑞 is the utility

measured based on the attributes and 𝐸𝑛𝑖 is the unobserved utility. The expression for 𝑉𝑗𝑞 is as follows;

𝑉𝑗𝑞 =∑
𝑘
𝜃𝑘𝑗𝑥𝑗𝑘𝑞

In the case of the MNL model, the parameters are calculated based on the maximum likelihood
principle. When carrying out the estimation of parameters that are the betas, the MNL model iteratively
finds the combinations of beta’s that makes the given data most likely (Young et al., 2018). It is the
simplest form of a model. It is generated assuming that the random residuals are IID ( Independently
drawn from distribution with same variance) Gumbel distributed (Ortúzar & Willumsen, 2011)). Thus,
the choice probabilities are calculated in the following manner;

𝑃𝑗𝑞 =
𝑒𝑥𝑝(𝛽𝑉𝑗𝑞)

∑𝐴𝑗𝜖𝐴(𝑞) 𝑒𝑥𝑝(𝛽𝑉𝑗𝑞)
As depicted in Chapter 2, the most commonly used approach is the MNL model. Hence, it is as a

starting point to start modelling, due to the closed form and the relatively low computation time (Ton,
2014). However, there are certain assumption with MNL models that does not lead to accurate results
always. One is that the model assumes that the unobserved components of the utility of the different
alternatives are independent of each other. Hence, showcases the independence from irrelevant al­
ternatives (IIA). Thus, this ends up being the weakness of the model as in reality this behaviour is not
exhibited. Thus, the trade off for the simple structure and the low computation time is that the realism
in the model is compromised (Train, 2002).
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To address this weakness various different versions of the MNL model such as the Mixed MNL
model is applied (Ton et al., 2019). Furthermore, there are NL (Nested Logit) models are also applied
often. The NL model relaxes the assumption that the alternatives are independent and groups the
correlated alternatives a­priori. This is expected to account for the unobserved correlation between
the different alternatives within the same nest. Hence, the modelling step has two steps. One assigns
a marginal probability of an individual choosing a particular nest at the upper level that applies to the
group of alternatives within the same nest. The second one is at the lower level that predicts the prob­
ability of choosing an alternative within the nest.

ML (Mixed Logit) with error component structure has a flexible error structure and is theoretically
able to reproduce the same structure as both the CNL (Cross Nested Logit) and NL (Nested Logit)
models (Train, 2002). It has an added advantage in that it is able to incorporate heterogeneity and
heteroscedasticity that is expected to be present in the given sample (Ton, 2014). The CNL model is
an extension of the NL model. It allows for the correlation for not only within the nests but also across
the alternatives in different nests. In addition to the parameters existing in an NL model, 𝛼 is introduced
in the equation. It results in a medium computation effort (Ton, 2014).

More complex models such as the ML model have a better modal fit. The ML (Mixed Logit) model
has an added error component (Young et al., 2018). It counters the limitations of a standard logit model
as it allows for random taste variation substation patterns and correlation in unobserved factors, unre­
stricted (Train, 2002). However, it is computationally intensive as it is a simulation­based model. As
the computer speed and understanding of simulation models improves the utilization of the ML models
has also increased. Hence, they are more complex models (Young et al., 2018). ML models can be
estimated for various behavioural specifications. The ML model can be defined based on the functional
form for the choice probabilities. ML probabilities are the integral of standard logit probabilities over a
density of parameters. The choice probability is described in the following manner;

𝑃𝑛𝑖 = ∫𝐿𝑛𝑖(𝛽)𝑓(𝛽)𝑑(𝛽)

Here𝐿𝑛𝑖𝑏 is the logit probability evaluated at parameter b , fb is the density function.

𝐿𝑛𝑖(𝛽) =
𝑒𝑉𝑛𝑖(𝛽)

∑𝐽𝑗=1 𝑒𝑛𝑗(𝛽)

𝑉𝑛𝑖 is the depends on parameters b. In case the utility is linear in B then 𝑉𝑛𝑖𝑏 =𝑏
′
𝑥𝑛𝑖. The ML has the

following form;

𝑃𝑛𝑖 = ∫
𝑒𝛽

′𝑥𝑛𝑖𝑓(𝛽)𝑑(𝛽)

∑𝑗 𝑒𝛽
′𝑥𝑛𝑖

ML is the mixture of the logit function for the different and the 𝑓𝑏 as the mixing distribution (Train,
2002).

Hence, it can be interpreted that MNLmodels are faster to compute and hence can be used to decide
the significant variables. Furthermore, more complex models such as the ML model can be used for
the estimation of the model using the significant variables to obtain a better modal fit (Young et al.,
2018). However, in case of complex models, it is necessary to compare their predictive performance
with simpler models so as to access the trade­off between the complexity and performance of the model
(Young et al., 2018). Moreover, the ML models capture more realistic substitution patterns and taste
heterogeneity. To conclude it is preferred to carry out numerous iterations using a simpler model as it
is more time efficient. Further, optimise the model by implementing a more complex model and use the
parameters such as the likelihood ratio test, AIC and BIC values to justify the model performance.
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3.3.2. Assessment of model performance and Validation
Model performance is often accessed analysing the parameters parameters such as the likelihood ratio
test, adjusted Mcfadden value, but is only useful to compare models estimated using identical samples
(Young et al., 2018). One way to validate the model is to carry out the log­likelihood test. The likelihood
ratio test can be carried out to determine if the model is a better fit statistically. It is useful to validate the
model to a certain extent but is also useful to compare the different models. It is depicted as follows.
Where in the 𝐿𝐿𝑢 is the log­likelihood of convergence of the unrestricted model and the 𝐿𝐿𝑏𝑟 is the
log­likelihood of the restricted model.
The other way to validate the model is more extensive method is by using similar but independent data
by splitting the data into equal parts and hold out sample data. The sample that is held out is used
to measure the performance (Ton, 2014; Young et al., 2018). This method is expected to deduce the
predictive accuracy better.

3.3.3. Implementation of the model
In order to estimate the model Biogeme (software package) is used to estimate the models (Ton2019a),
(Van Kampen et al., 2020). It adopts the likelihood estimation techniques to estimate the coefficients.
Using the choice sets deduced, an iterative procedure is implemented to obtain the final model. As the
MNL model is computationally efficient, so the first step is to analyze the model using MNL formulation
to deduce the relevance. It is an iterative process wherein the different variables. As travel time is
an important variable that is then introduced as access and egress variable separately. The following
steps are carried out to estimate the model; The first step pertains to the input of the different alterna­
tives based on the observed behaviour extracted from the data. Based on the the current approach in
literature and the requirement of the modelling the different alternatives are the mode chains with an
access­ main ­ egress leg. The whole mode chain combined forms a trip. As suggested in literature ,
travel­time is an alternative dependent parameter and is significant. Hence, to have a more structured
approach and understand the weight associated with the each trip leg i.e. access, main ,egress is es­
timated. It is expected that the travel time values have a significant impact on the mode choice, further
it is the only parameter that varies for each alternative except for the main mode.

The next step is to introduce the socio­economic variables by formulation of hypothesis and test the
significance of the parameters. The value of the socio­demographic variables is constant irrespective
of the alternative selected as the attributes associated to the individual remain the same. In the fol­
lowing chapters the process of modelling is explained in more detail. Such an approach is adopted to
deduce the impact of the independent variable that is travel­time which varies as per the mode choice.
Furthermore, the objective of the model is to be able to deduce the impact of certain policy implications
based on the socio­economic variables. Additionally it is expected that not all the socio­demographic
variables will have a significant impact on all alternatives. Thus, it provides a more structured way of
modelling and obtain more meaningful insights. Adding all the variables in one model is usually pre­
ferred in case of a stated preference survey. However, in this case randomly adding all the variables
at once makes it difficult to deduce the underlying behavioural trait.

Finally, to deduce the final model a ML model will also be analyzed and compared with the MNL
model. Furthermore, as the models are analyzed for train and metro as the main mode there is an addi­
tional comparison made between the different modes of public transport and how the policy implications
remain constant or differ in both cases.

3.4. Summary
The following is the flowchart of the methodological approach to implement the model for the case study
of Amsterdam.

As depicted in the figure 3.4, the first step is to pre­process the ODiN data to form mode­chain. The
mode­chains form the alternatives. From the literature and the requirement of the city of Amsterdam
four generic modes are considered for access and egress. It is a combination of private and public
modes i.e. walk, cycle, car and bus­tram ­metro (considered as one public transport alternative). Once
the mode chains are deduced, the travel time for all the chosen and non chosen alternatives divided
into access, main and egress travel­time. It should be noted that the waiting time and in ­vehicle
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Figure 3.4: Flowchart of the method

time is assumed to be added in the total value itself. A base model is deduced using travel time as
the only parameter using MNL modelling theory. The hypothesis for the selected socio­demographic
variables will be tested individually. The significant variables will be considered for the final model to
be analysed. Once, the MNL model is deduce a mixed logit model with the random error components
to the correlation between the different alternatives will be estimated. As the model is to be applied to
the train and metro network and the results of both models will be compared.



4
Modelling Approach : City of Amsterdam

(Case study)

4.1. Introduction
The objective of this chapter is to explain the method implemented to model and analyse the data. A
more detailed explanation of the method applied for the case study of Amsterdam is described. The
sub­question 3 is addressed in this chapter. The results and the analysis of the data is explained in the
following chapter 5.

4.2. Case study : City of Amsterdam
4.2.1. Public transport networks in Amsterdam
The number of inhabitants in Amsterdam is about 850,000. Including the regions surrounding Amster­
dam the number of inhabitants is approximately 1,350,000. The area covered 250𝑘𝑚2 (Brands et al.,
2020). There are mainly there services existing in the region of Amsterdam for the public transport
namely the train, bus, tram and metro. As it is a highly urbanized region there are more services avail­
able. The train network comprises 10 station within the city. The metro network has 52 station and 4
lines forming a network that is 41 km long. The bus network can be divided into the bus and night bus
network consisting of 43 lines (32 regular bus / 11 night bus). The tram network has 15 lines and 500
stations forming a rail network of 80.5 km long 1.

4.2.2. Model used by City of Amsterdam
The transport model of the City of Amsterdam is in principal based on the NMS (National Modelling Sys­
tem) but is modified to better accommodate the policy issues at an urban level. It is a dis­aggregate
model that consists of the socio­demographic characteristics of the users as well.
Focusing on the mode choice perspective, the destination choice and the transport mode are mod­
elled simultaneously. The level of service associated with the alternative depends on the time, cost
and distance associated with the alternative selected. The objective of the model is to predict the
combined choice of destination, travel period and means of transport. In the case of public transport,
cycling and walking are considered to be complementary modes of transport. Moreover, the tour fre­
quency and mode choice are modelled in a similar way to the NMS (National Modelling System) model.

Multi­modal trips are modelled for all public transport trips, by assuming that there are 8 possible PT
trips in the mode choice for PT. Car­bike, car­walk, bike­car, bike­bike, bike­walk, walk­car, walk­bike
and walk­walk are the access and egress combinations for this model. The public transport assignment
gives the different level­of­service variables for all eight combinations.

1https://amsterdammap360.com/amsterdam­tram­map: :text=Amsterdam
%20Tram%20Maptext=Amsterdam%20tram%20is%20a%20transit,(80%2C5%20km
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4.3. Data
In this section the data­set selected for analysis i.e. ODiN survey described in detail.

4.3.1. Data collection
Predominantly, there are two forms of data collection i.e., Revealed and stated preference. Both are
analyzed based on choice models Keuchel and Richter, 2011. The limitation of revealed preference
data is that the alternatives have a high possibility of being strongly correlated Keuchel and Richter,
2011. Thus, experimental designs allow for more control over the covariance structure of the attributes
of the choice alternatives. However, there are many attributes there will end up being biased results
(Keuchel & Richter, 2011). Thus, it is necessary to consider the limitations of the different forms of data
collection. Additionally, as the case is the city of Amsterdam and as discussed in the previous chapters
the ODiN data is used in the NMS model and the traffic model of Amsterdam is based on this data.
Hence, it is considered to be the most suitable for the current research. For the sake of compatibility
to the existing model used by the Municipality of Amsterdam, ODiN data is used to deduce the various
sub­models and calibrate the data, it would be the most feasible to utilize the ODiN data.

Starting from 1978­2003 it was known as the Travel Behavior Survey (OVG) and was conducted by
the Central Bureau of Statistics (CBS) 2. For the year 2003 the survey was conducted by Rijkswaater­
straat known as AVV (Traffic and Transport Advisory Service, part of Rijkswaterstaat). Later on the
MON (Mobility Research Netherlands) from 2004­2009. Then it was taken over again by CBS and
known as OViN (Relocation Survey in the Netherlands) up to 2017. Since 2018 the relocation survey
has changed and is known as ODiN (Onderweg in Nederland)2. The main difference between the OViN
and ODiN is that the sample of the ODiN data does not comprise respondents younger than 6 years old
2. The following paragraphs describe the process of data collection for the ODiN are carried to collect
data:

Sampling
The target groups are pre­specified as per the income, age, and migration background. The different
response probabilities and sample fractions are drawn such that that the final response is more bal­
anced. This is an additional process as compared to OViN. Thus, the objective is to make the sample
more representative 2.

Data collection
The fieldwork to collect the responses is done via an internet questionnaire only. Whereas in OViN
it was carried out via mixed modes. To deduce the impact of the mixed responses there is a simu­
lated questionnaire circulated and the difference between the responses is deduced. Additionally, the
respondents are incentivized to respond by promising a prize for a few lucky winners. Further, it is
designed to be adaptable to be filled using tablets. It is a location­based survey wherein the relevant
travel journey information is requested via different locations. The respondents are assigned a day to
fill in the survey. Moreover, the holiday trips are also recorded as a part of the survey which was not
the case with OViN. The aeroplane rides are deleted. In the case of the distances covered by train,
the values are deduced using a standardized distance table depicting the travel distances between the
different stations 2.

Processing
The data collected is processed so as to remove all the previous errors. One of which is the correction
of the over speeds. In the case of two public transport journeys using the same public transport vehicle,
the intermediate walking trip is removed. Thus, all the inconsistencies in the data are corrected and
complete surveys are considered. Series of work trips are collected 2.

Weighting
On average the ODiN/OViN data represents 0.3% of the population, the weighting factors are applied
to correct for the over and under­representation of the population. There are individual weights, trip

2https://www.cbs.nl/nl­nl/onze­diensten/methoden/onderzoeksomschrijvingen/aanvullende­onderzoeksbeschrijvingen/onderweg­
in­nederland–odin—plausibiliteitsrapportage­2019
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weights and household weights. As the starting point of the ODiN data also comprises pre­weighting,
the initial weights are corrected for the respondents that finish the survey in 7­14 days. The correction
for the non­responses among the holidaymakers is applied 2.

Analysis
The focus of the analysis is the transport performance to determine the Dutch mobility patterns and
travel behaviour 2.

4.3.2. Data description
The structure of the data comprises trips made by the individual, each row depicting one trip leg made
using a particular mode of transport. Each column depicts a particular variable. Hence, multiple records
form a trip. Thus, there are 203 variables. They depict the record number of trips, aggregation of
the different variables (Trip motive is aggregated for the overall trip as well). Urban regions such as
Amsterdam, Rotterdam and The Hague area have more detailed responses. Certain questions are
made addressing particular trip makers (questions associated with car ownership). The data comprises
umpteen variables that address the individual characteristics, socio­demographic characteristics and
travel characteristics (Shelat et al., 2018). It can be further divided into different categories. This is
depicted in the table4.1. Based on what is relevant to the research the variables are depicted. The
variables are associated with a person, displacement, ride, and weight factor. The factors associated
with a person are the socio­demographic variables, household variables, vehicles ownership etc. In
case of displacement and ride, data associated with the transport mode, purpose, distance travelled in
each trip etc. Weight is addressed by weighting factors.

As the focus of the study is to analyze multi­modal trip to and from public transport, the data must
be pre­processed to form trips that comprise public transport and the main mode and the access and
egress legs. The current data­set comprises data from 2018 and 2019. However, it must be noted for
the future that in 2018 the data is considered from august 2018 as it is expected to be a change in the
mode choice and travel behavior due to the operation of the NZL (Noord­Zuidlijn) line.

The study conducted by Brands et al., the impact of the NS line is accessed based on the analysis
of the smart­card data. The findings from this research suggested that the there is a shift n the over
all usage of Public transport, there is an increase of approximately 4% increase in the total ridership
in terms of the journey (Brands et al., 2020). Despite the modifications carried out on the existing bus
and tram lines, there is a positive impact on the metro ridership (Brands et al., 2020). The figure 4.1
depicts the change in the ridership of the the modes used before and after the introduction of the NZL
line. It is observed that with the increase in the metro journeys there is a decrease in the bus and
tram journeys. Furthermore, the share of the combination of bus,tram and metro increases to a larger
extent. The expected ridership of the NZL line in the year 2030 is 121000 passengers per day 3. It

Figure 4.1: Change in ridership by modes(s) (Brands et al., 2020)

aligns with the policy goals of the city of Amsterdam to make Amsterdam more accessible and reduce
the car congestion in the urban areas. Thus, it is expected that there is a substantial impact in the mode
choice of the users. Hence, to keep the data set more consistent the ODiN 2018 data is considered
from the month of August.

3https://www.ams­institute.org/urban­challenges/smart­urban­mobility/noordzuidlijn/
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Table 4.1: List of attributes based on available data

Category Probable Attributes (based on data available)

Individual characteristics

Employment, age, gender, license, income, ownership of
cars, availability of free student travel,
frequency of travel using various modes,
main mode of transport displacement

Household characteristics Household size, number of vehicles per household

Trip characteristics Distance, travel time, travel purpose, frequency of travel
via different modes, origin and destination locations.

Level of service variables Additional data required
Built environment Area or region
Working condition Working hours, car provided by the employer
Weather characteristics Reporting month
Station choice Origin and destination station, area, region, train stations used

4.4. Extraction of trips and filtration
The data is extracted in such a way that the individual trips are converted into a multi­modal trip chain.
Hence, the data is pre­processed to convert it from individual trips to origin–destination trips. As the
data set is available in SPSS the first mode of filtration was SPSS, all the observations with trips com­
prising more than one trip was filtered out. Furthermore, the trips comprising of public transport as a
part of the trip chain was extracted from that. To divide the trips into the different alternatives of the
pre­specified mode chains. The transfer nodes are 2, so the number of trip legs are 3. Hence ,to filter
out the data the multi­modal trips having 3 trip legs, observations with more than 2 trip legs are ex­
tracted. The data­set consists of a variable namely ’Ant­rit’ depicting the number of trip legs carried out
by the respondent. Thus, all the observations having more than 2 trip legs are filtered in SPSS using
that variable.

From the filtered data the observation of each trip leg is to be formulated into a complete trip for
further analysis. This process is carried out in MATLAB . The first step comprises dividing the data into
socio­demographic data and trip­related data. The focus is on trip­related data to obtain the sequence
of the mode­choice in the trip and the origin and destination pin code. The trip related variables com­
prise trip purpose, trip origin and destination pin­code, number of trips made, a mode used for the trip
etc.

The data is filtered are manually to extract the different mode chains using the filter and sort function.
Two models will be analyzed using the data set. One model is the train model, which comprises of train
as the main mode. The main mode is fixed to train/metro and the access and egress mode are varied.
Also, if walking is the part of the access or egress trip for motorized modes or cycles then walking is
considered a part of single access or egress leg. Whereas, if walking is the only mode of transport to
and from the station then it is considered as a separate alternative. Public transport modes if walking
is part of the trip for PT access or egress trip it is considered as one mode. The tables 4.4 and 4.4
depicts the number of observations extracted. To give an idea of the aggregation levels and the extent
of data used from the data set is depicted.

Trips (ODiN 2019) Number
Total trips in the Netherlands 150497

Trips within the Amsterdam area 8484
Multi­modal trips 1950
Filtered trips 1213

Trips (ODiN 2018) Number
Total trips in the Netherlands 67296

Trips within the Amsterdam area 4055
Multi­modal trips 921
Filtered trips 439

From the total of 1652 (filtered) trips extracted from ODiN 2018­2019, the observations with missing
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data are removed, resulting into a total of 1187 observations for the train model and 405 observations
for the metro model. The objective of having a similar process implemented for train and metro is to
indicate the transfer­ability of the method for the lower­level network such as the metro. It is expected
that the metro trips are lower as compared to the train as the main mode as the metro stations are
available only within the city of Amsterdam. In the case of the train stations, the network is larger.

Alternatives considered

Figure 4.2: Distribution across alternatives (Train)

Figure 4.3: Distribution across alternatives (Metro)

As shown in the figure 4.2 the distribution across the alternatives suggests that the alternatives with
walk as the access has the highest share. Where as the alternatives having car as the access or egress
mode has the least share. The number of observations within the car alternatives is not prominent. In
case of the metro as the main mode as depicted in figure 4.3 the alternatives with walk as access and
egress has the highest share. In this case the alternatives consisting of cycle and car as the access or
egress mode is lower as compared to other modes. Such a distribution is in line with expectations.

According to the study carried out by Krygsman and Dijst slow modes such as walking and cycling
are preferred as access modes for about 80% of all the access stages. Moreover, walking is also a
connecting mode of transport. Thus, walking forms a continuous and flexible access mode that requires
comparatively lesser amount of infrastructure (Fiorenzo­Catalano, 2007). Furthermore, in the case of
the egress side, asymmetric availability is expected. Walking is the more dominant mode in that case.
Additionally, there are monetary costs associated with public transport services. Thus the distribution
of the choices across the alternatives is plausible (Brand et al., 2017).

The distribution of the choice of the data set is also representative of the choices described in the
literature as well in the Dutch context. In the study by Shelat et al. it is suggested that 82.6% of the
trips are carried out 82.8% trips are carried out using the train and the rest comprise bus tram and
metro as the mode of transport. As suggested in the literature the availability of cycle parking facilities
is an integral part of the choice of the cycle as the preferred mode and metro stations are usually not
equipped with such facilities.
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4.4.1. Additional Data
The data only comprises postal pin codes of origin and destination. Thus, the centroid of the postal
pin­codes extracted from GIS (Geographical Information System) is used to deduce the origin and
destination nodes. In the case of the train model, the origin and destination train station are specified
in the data. Hence, the access and egress travel distance and time (for the chosen and non­chosen
alternatives) are extracted using the google API algorithm. The algorithm performs calculations for
future events. Hence, a weekday is considered and the values are extracted off­peak, so the time fixed
for deducing the travel time (Ton et al., 2020). The google API deduces the travel time (and travel
distance) for the modes namely transit (public transport), driving, walking, and cycling. The origins and
destinations are specified in the form of coordinates or addresses. A similar approach is implemented
to generate the choice sets for deducing the how further individuals are willing to cycle to access the
station by Van Kampen et al. However, in the case of the metro stations observations the stations are
determined. The coordinates of the metro station locations are extracted using GIS. Based on the
reported access and egress time in the data set the time the probable station location is deduced. A
loop is added to the google API algorithm. The logic for all the origins and destination locations as per
the chosen mode the station that has the travel time closest to the reported time is considered.

4.5. Modelling process
As suggested in the chapter 3, the theoretical framework extracted from literature is applied for the case
study of the city of Amsterdam. The same framework is applicable on the mode­choices comprising
train as a part of the trip chain and metro as well. As described in chapter 2, there are umpteen number
of parameters that affect the mode choice as per literature. However, in the interest of time and the
available data the a selected factors are analyzed.

To have a more structured approach certain hypothesis are formed for the selected factors and
tested individually onto a basemodel. The basemodel comprises of the travel­time attributes along with
the alternative specific constants. The utility function for the base model with the travel­time parameters
is as follows;

𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 = 𝛽𝑇𝐴∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠+𝛽𝑀𝑇∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒+𝛽𝑇𝐸 ∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠+𝐴𝑆𝐶𝐴𝑀−𝐸𝑀

Where, 𝛽𝑇𝐴, 𝛽𝑇𝑀, 𝛽𝑇𝐸 are the estimated variables for access time, main mode travel time and egress
travel time respectively for the chosen alternatives. 𝐴𝑆𝐶𝐴𝑀−𝐸𝑀 depicts the alternative specific constant,
AM is the access mode and EM is the egress mode.

In chapter 5 the detailed results of the iterations carried out to deduce themodel finalized as the base
model is explained. The final model is a compilation of the different hypothesis. Due to the limitation
of time and data, for a selected attributes hypothesis are formulated. The attributes are added to the
relevant alternatives. The coefficients are estimated and checked if they are significant at 90% and
95% interval. The following equation depicts the utility function for estimating the model testing the
hypothesis.

𝑉𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠−𝑡𝑒𝑠𝑡 = 𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 is the coefficient that is estimated for the selected attribute for testing the particular hypothesis.
For the attributes that are significant a model with the combined attributes is estimated as follows;

𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝑁𝐿) = 𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠1 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠1 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠2 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠2 + ......

It is optimized considering all the significant factors.

The study by Wen et al. the modelling comprises of two steps where in in the initial step MNL model
is estimated and then the more advanced model of Latent class model is implemented. Moreover, in
the study carried out by Arentze and Molin to capture the error terms are added to correlation between
the alternatives when they have same main modes and so are expected to have similar unobserved
characteristics. Furthermore, once the model is optimized for the MNL model, the Final optimization is
carried out by implementing the error component ML model. The ML model is implemented to as it is



4.5. Modelling process 33

a more complex model which can account for the correlation between the different alternatives having
the same access and egress mode.

𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝐿) = 𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝑁𝐿) + 𝜖𝐴𝑀 + 𝜖𝐸𝑀

Where, 𝜖𝐴𝑀 is the error component for access mode and 𝜖𝐸𝑀 is the error component for the egress
mode for the particular alternative. There are multiple approaches that can be applied using an ML
model. In the current study the error­component structure is considered to be the most suitable ap­
proach. This method suggests that the error components are added to the alternatives that create the
correlations among the different alternatives (Arentze & Molin, 2013; Train, 2002; Wen et al., 2012).
In case of standard modelling approach such as MNL the unobserved portion of the utility due to the
IIA property the model does not account for correlations amongst alternatives (Arentze & Molin, 2013;
Train, 2002). Hence, the ML model shall account for accounting for the taste heterogeneity amongst
the alternatives having the same access and egress modes. Furthermore, the ML model is estimated
using the Halton draws. It is method that adopts a procedure and takes intelligent draws (Arentze &
Molin, 2013; Train, 2002).

Hence, the process comprises estimation of a base model , then a combined model by implement­
ing the MNL model. For a given mode the same mode is repeated for access /egress, thus, to capture
the correlation across the different alternatives having the same access and egress modes, the mode
across the alternatives is same it is expected that there is a correlation, ML model is estimated for the
combined model.

4.5.1. Model performance parameters
To access the performance of the different iterations of the base model certain model performance pa­
rameters are considered. To determine the performance of the model the parameters such as the Log­
likelihood, Rho­bar square, AIC (Akaike information criterion) and BIC (Bayesian information criterion)
is adopted. They help analyze the performance of the overall model. The final value of log­likelihood
depicts the log­likelihood of the estimated model 4. It indicates the goodness of fit of the model. Higher
the value better is the fit of the model. It is estimated by −2(𝐿𝑖−𝐿∗), where 𝐿𝑖 is the initial log­likelihood
of the model and 𝐿∗ is the final log­likelihood of the final log­likelihood of the model. The Rho bar square
value is estimated as follows;

�̄�2 = 1 − (𝐿
𝑖 − 𝐾)
𝐿∗

Where K is the number of parameters 4. Higher the value better the model expected to perform. AIC
value indicates the Akaike information criterion (AIC) is an estimator of prediction error and thereby the
relative quality of statistical models for a given set of data. The performance of the model is consid­
ered better with a lower value. Bayesian information criterion (BIC) is an estimate of a function of the
posterior probability of a model being true, under a certain Bayesian setup, so that a lower BIC means
that a model is considered to be more likely to be the true model. Usually, the lower value of BIC is
preferred when selecting the model.

Furthermore, to deduce if the estimated parameter is significant or not certain parameters are con­
sidered. In the case of the estimated betas, the impact of the parameter is the t­value and the p­value.
The t value depicts the significance of the parameter. The coefficient depicts the relation of the factor
with respect to the parameter within the utility function. The p­value depicts at level is the factor signifi­
cant. Hence, for the estimated beta i.e. 𝛽𝑘, the the t ­statistic (𝑡𝑘), the standard deviation is 𝜎𝑘, 𝑡𝑘 =

𝛽𝑘
𝜎𝑘

4. There is also a robust t value specified. The difference is that the standard deviation is calculated as
the 𝑘𝑡ℎ diagonal entry or the robust value obtained from the variance covariance matrix i.e. 𝜎𝑅𝑘 . Hence,
in that case the robust value 𝑡𝑘 =

𝛽𝑘
𝜎𝑅𝑘

4. The p­value specifies the significance of the parameter at a
calculated as2(1 − Φ(𝑡𝑘)), where Φ(⋅) is the cumulative density function of the uni­variate standard
normal distribution. Whereas for the robust value the calculated as 2(1 − Φ(𝑡𝑅𝑘 )), where Φ is the cu­

4https://transp­or.epfl.ch/pythonbiogeme/documentation/pythonfirstmodel/pythonfirstmodel.html
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mulative density function of the uni­variate normal distribution 4. The robust p­value is considered for
accessing the significance of the model.

4.6. Selected attributes for Analysis
As suggested in section 4.5, the individual hypothesis is tested related to the attribute that is to be
tested is added to the base model. The subsection discusses which attributes are considered to apply
the model on the case study of Amsterdam.

4.6.1. Attributes
As depicted in Chapter 2. There are umpteen variables that are significant. However, there are limita­
tions pertaining to data availability and time constraints few relevant factors are selected to be tested.
The important factors based the current literature review are deduced in the following paragraphs.

In case of individual characteristics, their impact are context dependent. Car ownership is a signif­
icant variable in relation to mode choice (Arentze & Molin, 2013; Krygsman & Dijst, 2001). Moreover,
age and gender in many cases are significant (Van Kampen et al., 2020). In the study (Azimi et al.,
2020) the of the GFTS (General Transit Feed Specification) and the GIS (Geological Information Sys­
tems) data is utilized to make separate models for access and egress. The findings suggest that car
ownership, age, income are significant, access and egress distance (Azimi et al., 2020). Similarly, in
the study by H. Yang et al. the access and egress mode choice preferences were collected via a stated
preference survey for the HSR (High speed Rail) corridor in Shanghai China. Two separate models
were analyzed for the access and the egress stage for business and leisure travellers (H. Yang et al.,
2019). The findings suggest that car ownership, age, income , access and egress distance are signifi­
cant. In the case of the business travellers age, income affects the choice of the users (H. Yang et al.,
2019).

For the Household characteristics, factors such as the household composition determines the size
of the household and the travel group. Households comprising of children can be expected to prefer
private modes as it would more convenient for them to make complex trips (Hensher, 2005). Many
studies suggest that the mode choice behaviour is highly impacted by trip purpose (H. Yang et al.,
2019). In association to that the employment status and the work hours impacts the attitudes towards
mode choice. The built environment and the urbanity class in a way depicts the accessibility and atti­
tudes towards modes (Krygsman & Dijst, 2001).

The influence of the trip characteristics is significant as well. The analysis of train commuter be­
haviour is carried out by latent segmentation method (Chakour & Eluru, 2014). Wherein simultaneously
two segments are considered; one is the station first and access mode second and the segment 2, with
the access mode first station second. Findings suggest that the travel time is a significant indicator, a
better level of service at the station is influential (Chakour & Eluru, 2014). Additionally, the built envi­
ronment plays an important role in the business and leisure travellers are less sensitive to the egress
time as compared to the access time (H. Yang et al., 2019). A stated preference survey is carried out
to investigate travel costs and travel time trade­off that the travellers make when choosing the modes
of travel available (Arentze & Molin, 2013).

The data regarding the LoS (Level of Service) and Station choice parameters are available, but not
within the ODiN dataset which is considered to be the main data source for the modelling process.
However, for future implications and understanding station choice, it would add value to have these
attributes added using an external data source. Thus, the following attributes are considered;

• Car ownership

• Gender

• Age

• Household size
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• Trip purpose

• Employment status

• Urbanity class

The inputs from the discussion with the experts at the Municipality of Amsterdam is also taken into
consideration to deduce the hypothesis. Furthermore, as the aim is to provide a framework that allows
to deduce the impact of the access and egress mode choice. Hence, the framework allows to test the
various hypothesis associated with the different variables that are extracted from literature study.

4.7. Summary
The following figure depicts the process of estimation schematically. As depicted in the figure 4.4, the

Figure 4.4: Model Estimation process

process for the modelling and analysis of the parameters for the city of Amsterdam is carried out in the
following manner. The base model is estimated comprising the travel time parameters (access, main,
egress) and the alternative specific constants.

For the next step the hypothesis tested individually for each attribute. If the outcome of the es­
timated parameter if significant is is added to the combined model. The estimation of the model is
carried out using the MNL modelling approach. Once a final combined model is estimated, random
error components are added to capture the correlations between the alternatives and a ML model is
estimated.





5
Data Description and Analysis

5.1. Introduction
The objective this chapter is to depict data analysis and pre­processing of the data used. Furthermore,
the data is pre­processed to generate the choice set as per the decided alternatives. And the insights
that can be extracted from the existing data set is explained. The modelling process, analysis and
results of the models estimated are discussed in Chapter 6. In this chapter the assumptions and the
data analysis for the Case study application is discussed. Furthermore, as depicted in chapter 1 the
aim is to apply the modelling framework for not only the regional network but also the urban networks
. Thus, there will be two models formulated ; one is the Train model and the other is the Metro model.

5.2. Descriptive analysis
The analysis of the ODiN data is done for the year 2019 to understand and obtain the overall picture
of the mode choice behaviour within the data set. The analysis provides the insights into the what the
data suggests in terms of the mode choices of the individuals.

(a) Netherlands (b) Metropolitan Region of Amsterdam (MRA)

Figure 5.1: Distribution of Main modes of transport

The figure 5.1a depicts the distribution of main modes for all the trips in the Netherlands. It show­
cases that car has the highest share as the main mode. This followed by cycles. It is expected given
the context of Netherlands, due to the availability of well developed cycling infrastructure. The figure
5.1b depicts the main mode distribution across trips for the metropolitan region of Amsterdam. This
shows a similar trend to the Netherlands. However the share of cars reduces slightly as compared to
the case of the Netherlands.

37
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Figure 5.2: Distribution of main mode of transport used in the Amsterdam Region

As shown in figure 5.2, in case of Amsterdam the share of cycles is the highest followed by car and
other modes of public transport. Hence, it is evident that in densely populated urban areas with more
access to public transport the share of public transport is higher.

(a) Netherlands (b) Amsterdam

Figure 5.3: Distribution of the Main mode of public transport

From the figure 5.3a, It is observed that amongst the various public transport modes train, followed
by bus,metro and tram is the most preferred form of public transport selected to travel. However, as
shown in figure 5.3b, in the case of Amsterdam the second preferred option is Metro and not bus. It
is expected as the metro services are mainly available in the urban regions i.e. in Amsterdam and the
Rotterdam. Hence, the locations at which the metro option exists is very limited.

5.3. Data processing and filtration
As depicted in chapter 4, the data is filtered from ODiN data. Ideally it would be possible to have all
the mentioned alternatives, but given the data limitations certain alternatives are combined into one
alternative.

5.3.1. Alternatives considered
Due to the constraints in the data availability and in come cases the mode­ chain formulated is not
feasible the alternatives are combined to have a more even distribution of the observations across the
alternatives.

For the train model, the car access and egress alternatives are combined into individual alternatives
as the data set comprises of lesser number of observations. Hence as depicted in figure 5.4a, to
deal with that the alternatives having car access are combined into one alternative and car egress
are combined to another alternative. To address the mix­mode access or egress average travel time
obtained from the four modes is considered. Similarly for the metro model, as shown in figure 5.4b the
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(a) Train (b) Metro

Figure 5.4: Distribution across alternatives

number of observations is even lower and not distributed equally across the alternatives. Hence, the
alternatives having cycle as access or egress mode are combined and a similar process is applied to
the car alternatives.

5.3.2. Google API vs ODiN travel time values
The values of travel time extracted using the google API algorithm are considered, to maintain the uni­
formity for the chosen and the non­chosen alternatives. In the original data­set the travel time values
of the chosen alternatives are available. Moreover, the exact addresses of the origin and destination
of the individual is not available in the data­set but only the postal pin­codes of origin and destination
location are available. Hence variations from the original data­set are expected with respect to the
estimated values are expected. Furthermore, it the travel time reported by the respondents, there is a
chance of misinformation as well. Thus, to counter these limitations the google API algorithm is utilized
to calculation the access and egress travel times.

Whereas, for the main mode travel time calculations are extracted from the data set itself as it is
expected to stay the same across all the alternatives. To determine the deviation between the reported
values and the google API values obtained, the difference between them is calculated. The squares
of the difference were calculated and the median of difference between the values is estimated. Thus,
as per the calculations the deviation of the train alternative for access and egress travel times is +/­7
minutes. In the case of the metro the probable station locations are based on the reported access
and egress travel times. However, it might not always be accurate. The the deviation as compared to
reported values is +/­ 6 minutes. The choice of the median is made as the variation is expected to be
high especially for slow modes such as walking. As the actual address is not used and the centroid
data is used there is a chance the the estimated walking time would be longer than the actual travel
time experienced by the traveller.

5.3.3. Assumptions
Two transport nodes considered to determine the pre­specified mode chains. This assumption is made
to limit the number of alternatives and obtain feasible number of them. Hence, all the possibilities are
not considered. This would lead to having an inadequate amount of data for the different alterna­
tives. However, considering the literature the most commonly used number of transfer nodes is two
(Fiorenzo­Catalano, 2007). As a consequence more complex trips are not considered.

The travel time estimated by the application of the google API algorithm is off­peak. The travellers
experience the travel time during the peak hours and off­peak hours differently (van Eck et al., 2014).
The results obtained from this model is not applicable to peak hour traffic conditions. Thus, in order to
deduce the behaviour at peak hours, the model can be applied to the data pertaining to peak hours.
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The difference between the reported time vs the time extracted using Google API is expected to
have an impact on the values. The reported values for the metro station are expected to show devia­
tion as compared to the values estimated using the Google API algorithm. As explained in the previous
section, to generate the values for the non chosen alternatives, and the unavailability of data of the
selected station can at times lead to the selection of the incorrect station in case of the metro model.
Hence, it is expected that there are discrepancies in the values deduced.

In case of the alternatives wherein the mix­modes are used, it is expected that it does not capture
the pure form of the alternative due to the limitation of the data used. Hence, ideally it would be pre­
ferred that the each mode chain as specified is a separate alternative. However, it is also indicative
of the reality as it is line with expectation and literature that the alternatives with lower observation are
already less likely to be selected by the passengers. In order to have a comprehensive set of alterna­
tives all are expected to be considered.

5.4. Analysis of the selected attributes
As mentioned in chapter 4, a few relevant factors are selected to test on the Train and Metro model.
Hence, the generic formation of the utility is as follows;

𝑉𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠−𝑡𝑒𝑠𝑡 = 𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 is the coefficient that is estimated for the selected attribute for testing the particular hypothe­
sis. For the attributes that are significant when tested individually, they are added to the to the combined
model.

For each attribute selected , there are sub­categories. Based on distribution of the data over the
alternatives selected the hypothesis is formulated. It is to be noted that the same hypothesis is applied
for the train and metro model. The section 5.4.1 the choices made by the individuals are depicted.

5.4.1. Hypothesis testing: Train model and Metro model
To understand the distribution of the various categorical variables and the distribution across the dif­
ferent alternatives a cross­tabulation is done for all the selected variables across the alternatives. This
would be an integral input to test the variables considered for the modelling purposes and analysis of
policy implications. In this section a graphical representation shows the distribution across the cate­
gories of the selected attributes for train and metro users.

Gender
The gender variables have only two categories i.e. male and female. As it is depicted in the figures
5.5a 5.5b, amongst the alternatives, the distribution of both genders is more or less equal across
the alternatives. Thus, it can be deduced the gender might not have much of an impact on the access
egress mode choice in the Dutch context. This is evident for both train and metro users. The hypothesis
formulated suggests that one particular gender favours a particular mode.

Car ownership
As shown in figure 5.6 an obvious observation is that the alternatives with the car access and egress
have a higher percentage of car owners which is almost 70­80% of the respondents. However, it is
interesting to note that despite the respondents selecting the other alternatives have a higher percent­
age of car ownership they still choose to use other access and egress modes. This behaviour can be
attributed to the fact the main mode in all the case is public transport. As depicted in figure5.6b metro
users the car ownership is relatively higher as compared to the train users (refer figure 5.6a).

Education
The education variable is divided into different categories from no training to highly educated profession­
als.As depicted in figure 5.7 It is observed that across all the alternatives Highly educated professional
is a common underlying observation. Highly educated individuals have the higher share in both cases
(ref5.7a,5.7b which is approximately within the range of 50­70%, but is it is more so in case of train
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(a) Train (b) Metro

Figure 5.5: Gender

(a) Train (b) Metro

Figure 5.6: Car ownership

users as compared to metro users.

Age
The age categories are divided with a range of 5 years.From the figure 5.8, it can be observed the
dominant age groups range from 18­35 years across all the alternatives, so the youth population is well
represented. However, for the car access and egress alternatives, the age group is relatively older.
The age group 18­29 years is dominant for the Public transport alternatives, this can be attributed to
the fact that the Dutch students have access to free public transport. Whereas the young professionals
might be more likely to choose active modes such as cycling and walking for access and egress.

Income
The income parameter depicts the standardized disposable household income. This variable is ad­
justed for the difference in the household size and composition. It is a measure of prosperity for a
household. it is noticeable from the figure5.9 that each category is more or less equally represented.

Trip purpose
Considering the different purposes to travel addressed in the given data­set, the pre­dominant purpose
of travel is ’work’(refer figure 5.10) which is in the range of 30­60%. It is observed that the choice of
alternatives public transport for access and egress the purpose of education is relatively more prevalent.
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(a) Train (b) Metro

Figure 5.7: Education Level

(a) Train (b) Metro

Figure 5.8: Age

This is in line with expectation as free transport is provided to Dutch students. Whereas, for the people
who work the more dominant access and egress modes are active modes (i.e. walking and cycling).
The alternatives comprising car access and egress have a higher percentage of visit and recreational
purposes as compared to the other alternatives.

Urbanity class
The variable urbanity class represents the residential area of the respondent. As portrayed in figure5.11,
the most dominant category is very urban or highly urban, It is an expected outcome as the case study
is Amsterdam. Furthermore, for the car access and egress alternatives, it can be observed that the
urbanity class is ’less urban’. It is also a plausible outcome as denser areas have not only more public
transport access but also the accessibility via active modes is expected to be better.

Household composition
As depicted in figure 5.12, there is variation observed across the alternatives concerning the household
composition. Having a child seems to impact the choice of the respondents. Couples and single house­
holds without children tend to prefer more combinations of active modes as alternatives. Whereas in
the car access alternative the respondents have a dependent i.e. children. Similarly, it seems plausible
to travel in a group in public transport as well and so the share of a household composition with more
than 2 members is depicted.
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(a) Train (b) Metro

Figure 5.9: Income

(a) Train (b) Metro

Figure 5.10: Trip purpose

Employment status
As shown in figure 5.13,larger share of the individuals have a full time job which is approximated within
the range of 40­80%. It is more so in case of the train as compared to the metro users.

5.4.2. Sub­categories of the variables
As per the observations made the variables are divided further into categorical variables and added
according to the hypothesis tested as per the hypothesis formulated that will be discussed in the next
section. The following figure depicts how the data is distributed amongst the different sub categories
for alternatives with train and metro as the main mode.

5.4.3. Hypothesis formulation
Considering the insights from the data analysis and the re­categorized data the hypothesis is formu­
lated. The attribute is introduced as a dummy variable except for the level of education. The level of
education is added as an ordinal variable.
For the car ownership the hypothesis suggesting that owning a car makes it more likely to choose the
alternative that consists car for access and egress.
Hypothesis tested: The respondent is likely to use a car for access or egress if the household
owns one.
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(a) Train (b) Metro

Figure 5.11: Urbanity class

(a) Train (b) Metro

Figure 5.12: Household composition

For the subcategories pertaining to the age group the highest share is of the 25­34 years (refer ta­
ble5.1). However, as suggested in multiple studies that dutch students obtain access to free public
transport thus incentivising them to use public transport.
Hypothesis tested:The age­group within the range of 18­24 are highly likely to select the alter­
natives with public transport mode for access and egress.
This assumption is made considering that Dutch students have free public transport when pursuing ed­
ucation. This variable is added to the alternatives comprising public transport for access and egress.
As suggested the table 5.1, the higher share of individuals have the motive to travel for work or busi­
ness. As depicted in figure 5.10b,5.10a it can be observed that the the major share of the users use
active modes such as walking and cycling for access and egress. Furthermore, in the Dutch context
professionals travelling for work purposes are expected to select active modes for access and egress
(Shelat et al., 2018; Ton et al., 2019). The hypothesis is as follows;]
Hypothesis tested: Respondents having their trip purpose of work are more likely to use active
modes for access and egress.
The household composition has family as the highest share amongst the categories. It is expected that
individuals with families would prefer to chose modes that allow for a group to travel hence alternatives
with car and public transport as access and egress modes.
Hypothesis tested: Couple with others or children are more likely to opt for public transport or
car as it is expected that it’s easier to travel in groups.
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(a) Train (b) Metro

Figure 5.13: Employment status

Employment status depicts that the highest share of the individuals have a full time job (refer table 5.1).
As depicted in figure 5.13a,5.13b it is evident that the individuals with a full time job select active modes
(i.e. walking and cycling) for access and egress especially for the individuals selecting trains as the
main mode as compared to the metro users. Additionally, the individuals with full time jobs are more
likely to use active modes for access and egress as they have a fixed routine to follow (Shelat et al.,
2018). The hypothesis is formulated as follows;
Hypothesis tested: Respondents with full time jobs prefer to use active modes (walking and
cycling) for access /egress.
As shown in figure 5.7a, the highest share of the individuals are highly educated. Especially, for alter­
natives comprising of cycling as the access and egress mode followed by walking. Where as, for metro
users as shown in figure 5.7b a similar trend is observed for cycling. Hence, the hypothesis posited is
as follows; Hypothesis tested: highly educated individuals are more likely to use active modes
i.e., walking and cycling for access and egress.
As suggested in the data (refer table 5.1) higher share of the respondents live in highly urban areas.
It is expected as the main mode of transport is a public transport mode. Moreover, urban areas are
expected to have more access to public transport. Living in dense urban regions encourages the adop­
tion of multi­modal trips as well (Krygsman & Dijst, 2001). Thus, it can be expected that the individuals
that lived in highly urban areas are more likely to chose public transport for access and egress. The
hypothesis is as follows;
Hypothesis tested: Higher the urban density is more prone to select the alternatives with public
transport access.
The gender is more or less equally distributed across the alternatives. So it can be expected that the
impact of gender as high as expected. However to test it the following hypothesis is formulated;
Hypothesis tested: Men are more likely to use cars for access and egress
It can be expected that individuals earning a high income can afford more expensive modes of transport
such as cars and can be expected that they are more likely to use cars for access and egress. Hence,
the hypothesis is follows;
Hypothesis tested:Respondents having a higher income have more chance of using a car for
access and egress.
However, it can be observed from the table 5.1 that the dominant classification is the middle­income
individuals.

5.5. Summary
Based on the data analysis the key takeaway is as follows;
In the Netherlands, the dominant mode of transport are cars i.e. 43%. However in case of the region
of Amsterdam the share of public transport and cycles increases and the cars decreases by 7%. In the
city of Amsterdam Train and metro dominate as the main modes of public transport.
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In case of car ownership the distribution is almost the same about 60% of the respondents own cars
for both the modes. However, it is necessary to note that the car ownership depicts that the household
owns cars. In case of the age category the distribution is similar for both modes, both cases the cases
the dominant age group is 25­34 years old. In terms of house hold composition the family category
has the highest share. For the trip purpose , work related trips are the dominant ones especially for the
train as compared to the metro. The employment status echos that the work related trips are mainly
made using public transport modes and having a full time job is makes it even more likely make such
multi­modal trips. It is observed that the level of education the train users is higher as compared to the
respondents using metro. The urban density of the residence is very urban in both cases. Overall, it
can be inferred that a similar trend is observed for both modes of public transport.
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Variable Categories considered Frequency Frequency Percentage Percentage
(Train) (Metro) (Train) (Metro)

Car ownership Car owned 712 238 60 59
No car owned 475 167 40 41

Age > 18 years 17 45 1 11
18­24 years 262 90 22 22
25­34 years 406 105 34 26
35­49 years 235 80 20 20
50­64 years 201 67 17 17
≥65 years 66 18 6 4

Household Single 330 91 28 22
composition Couple 366 99 31 24

Family 491 215 41 53

Trip purpose Work/Business 674 171 57 42
Shop/Services 58 41 5 10
Education 149 76 13 19

Recreation/Visit 306 117 26 29

Employment No pay 275 121 23 30
status Part­time 43 30 4 7

(upto­12 hours)
Part­time 124 45 10 11

(12­30 hours)
Full­time 745 209 63 52

Education No training 13 30 1 7
level Primary 7 11 1 3

Lower­vocational 43 28 4 7
Secondary­vocational 294 131 25 32
Higher­professional 830 205 70 51

Urbanity Highly urban 660 241 56 60
class More urban 338 109 28 27

Moderately urban 116 31 10 6
Low urban 58 24 5 6
Not urban 15 0 1 0

Gender Male 590 183 50 45
Female 597 222 50 55

Income High 281 124 24 31
Medium 434 149 37 37
Low 472 132 40 33

Table 5.1: Sub categories of selected variables
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Discrete choice model

6.1. Introduction
The goal of this chapter is to showcase the process of the estimation of themodel. The previous chapter
provided insights into the the data and the pre­processing done generate the choice set/alternatives.
Furthermore, the results pertaining to the hypothesis testing and the final model analysis is depicted in
this chapter. The first section showcases the results obtained from the base model estimation and the
analysis of them. The section.. compares the results obtained by the hypothesis testing for metro and
train. The section... comprises the final model obtained for themodel with all the significant parameters.

6.2. Modelling process
As suggested in the chapter 4, the theoretical framework extracted from literature is applied for the case
study of the city of Amsterdam. The same framework is applicable on themode choices comprising train
andmetro as the main mode. To have amore structured approach certain hypothesis are formulated for
the selected factors and tested individually. The final model is a compilation of the different hypothesis.
It is optimized considering all the significant factors. Furthermore, once the model is optimized for
the MNL model, the Final optimization is carried out by implementing the error component ML model.
The ML model is implemented to as it is a more complex model which can account for the correlation
between the different alternatives having the same access and egress mode.

6.2.1. Base model estimation process
To deduce the base model an iterative process is carried out to to obtain the travel time parameters.
As the research focuses on mode choice, the first iteration comprised of the mode specific access and
egress constants; the following equation depicts the structure of the utility function;

𝑉𝑚𝑜𝑑𝑒𝑙−1 = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒
+𝛽𝑒𝑔𝑟𝑒𝑠𝑠−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑎𝑐𝑐𝑒𝑠𝑠𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠𝑚𝑜𝑑𝑒

The second iteration depicts the of having generic parameters for access and egress mode choice.
The utility function is as follows;

𝑉𝑚𝑜𝑑𝑒𝑙−2 = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒
+𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑎𝑐𝑐𝑒𝑠𝑠𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠𝑚𝑜𝑑𝑒

In case of the model 3 that is chosen, an additional parameter is estimated for the alternatives having
a mix mode access and egress. In case of the train model car alternatives are grouped into one.Thus,
the structure of the equation remains similar to the model 2 except for the for the alternatives hav­
ing mix mode components 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 is replaced by 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒𝑎𝑐𝑐𝑒𝑠𝑠. Similarly, 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 is replaced by
𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠.

𝑉𝑚𝑜𝑑𝑒𝑙−3 = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒
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+𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑎𝑐𝑐𝑒𝑠𝑠𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠𝑚𝑜𝑑𝑒

To deduce which model fits better a model with mode­specific constants and betas associated with the
access and egress travel time per mode is estimated. To access the model performance and select
the base model the Log­likelihood ratio test, rho bar square, AIC and BIC are considered (Ton et al.,
2020). The value of the former parameters shall be higher and the latter values are preferred to be
lower (Ton et al., 2020).

6.2.2. Train Model

Base model estimation (Train)
In order to deduce the mode based on the indicators decide how to create the base model. Note, that
for all the cases walk­walk alternative is the reference alternative.
As depicted in table 6.1, the model number 3 fits has the highest value for the LL test and Rho bar
square value. The AIC value is the lowest but the BIC value is not the least but close to the least
value. As, most parameters indicate Model 3 as the best performing model, it is considered as the
base model. The alternatives associated with the car are clubbed into two specific alternatives wherein
the travel time is considered to be the average travel time of all the modes used hence it is separately
accounted for as a travel time beta for the model 3. The final LL value of the model is higher than
the model with generic travel time betas. Although the AIC value is slightly higher it provides a more
behaviorally plausible model. Thus, the final model is a blended version of the model with generic travel
time betas across the modes with the exception of the alternatives with the car as the access or egress
mode.
Thus, to have separate travel time parameters for cases in which mix mode access and egress are

Model Model 1 Model 2 Model 3
Mode specific parameters Generic parameters Generic parameters with Mix mode

No of parameters 20 13 15
ℒ(𝛽0) ­2846.302 ­2846.302 ­2846.302
ℒ(�̂�) ­2592.392 ­2586.371 ­2577.425

−2[ℒ(𝛽0) − ℒ(�̂�)] 507.819 519.861 533.65
�̄�2 0.082 0.087 0.088
AIC 5224.784 5198.743 5188.954
BIC 5326.368 5264.772 5265.142

Table 6.1: Base Model performance (Train)

considered. Similar approach is applied in the case of the Metro model.
The following table depicts the estimation of the base model
Base model estimation (Train)
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Robust
Parameter Coeff. Asympt.

number Description estimate std. error 𝑡­stat 𝑝­value
1 ASC𝑐𝑎𝑟𝑎𝑐𝑐𝑒𝑠𝑠 ­1.33 0.337 ­3.95 0.00
2 ASC𝑐𝑎𝑟𝑒𝑔𝑟𝑒𝑠𝑠 ­1.45 0.484 ­3.00 0.00
3 ASC𝑐𝑦𝑐𝑙𝑒−𝑐𝑦𝑐𝑙𝑒 ­2.36 0.428 ­5.53 0.00
4 ASC𝑐𝑦𝑐𝑙𝑒−𝑃𝑇 ­1.57 0.335 ­4.69 0.00
5 ASC𝑐𝑦𝑐𝑙𝑒−𝑤𝑎𝑙𝑘 ­0.0878 0.202 ­0.44 0.66
6 ASC𝑃𝑇−𝑐𝑦𝑐𝑙𝑒 ­1.73 0.384 ­4.50 0.00
7 ASC𝑃𝑇−𝑃𝑇 ­1.66 0.313 ­5.32 0.00
8 ASC𝑃𝑇−𝑤𝑎𝑙𝑘 ­0.388 0.186 ­2.08 0.04
9 ASC𝑤𝑎𝑙𝑘−𝑐𝑦𝑐𝑙𝑒 ­0.726 0.356 ­2.04 0.04
10 ASC𝑤𝑎𝑙𝑘−𝑃𝑇 ­1.28 0.306 ­4.19 0.00
11 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0216 0.00738 ­2.93 0.00
12 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0385 0.0195 ­1.98 0.05
13 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ­0.00601 0.00271 ­2.22 0.03
14 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0580 0.0144 ­4.02 0.00
15 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0667 0.0255 ­2.61 0.01

Summary statistics
Number of observations = 1187
Number of excluded observations = 0
Number of estimated parameters = 15

ℒ(𝛽0) = −2846.302
ℒ(�̂�) = −2579.477

−2[ℒ(𝛽0) − ℒ(�̂�)] = 533.650
𝜌2 = 0.094
�̄�2 = 0.088

Studies usually consider the confidence interval of 90%. The base model estimation table6.2.2
depicts that the access egress and main mode travel time are not weighted the same. The value of
access travel time is relatively lower as compared to egress. It is expected as on the access side
the respondent is certain of the mode as it would be available at the access end of the trip. The trip
duration of the main mode comprises the in­vehicle time only. The coefficient of travel time of the main
mode is lower as compared to the travel time access and travel time beta parameter. It is observed
that the coefficient of travel time of the main mode of the trip has the least weight. Thus, it provides
insights into how the individual weights the different segments of the trip. In the case of travel time
betas associated with the car alternatives the travel time of egress has a lower value. Furthermore, the
value of the coefficient associated with the average travel time across the modes is lower as compared
to the generic travel time value based on the actual choice made by the individuals. The following
parameters are deduced for the different models specified the steps carried out to estimate the base
model.

6.2.3. Metro Model
A similar approach to the train model is adopted to estimate and select the base model for the metro
model. The process of estimation as explained in section6.2.1. In case of the metro the best per­
forming model is model 1 in terms if all the parameters. However, the betas estimated for each of the
mode is insignificant (refer appendix..). Furthermore, to have a transferable framework for all modes of
transport it is only viable to follow a similar modelling process. Moreover, as discussed in chapter 4, as
the alternatives pertaining to cycling and car are grouped into one alternative. In that case the average
travel time is considered across the modes to estimate the mix mode betas for the cycle and car alterna­
tives. For the model with generic access and egress parameters performs the worst as per the values
of all the parameters considered. Model 3 which as the generic parameters and mix­mode parameters
performs better than model 2. Hence, the model 3 is the base model, the estimated parameters are
depicted in table6.2.

BASE MODEL METRO
In the case of the metro model, the base model is deduced using the same framework to the train. The
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Model Model 1 Model 2 Model 3
Mode specific parameters Generic parameters Generic parameters with mix mode

No of parameters 20 10 14
ℒ(𝛽0) ­842.174 ­842.174 ­842.174
ℒ(�̂�) ­553.339 ­604.594 ­583.262

−2[ℒ(𝛽0) − ℒ(�̂�)] 577.67 475.16 517.925
�̄�2 0.319 0.270 0.291
AIC 1146.678 1229.188 1194.524
BIC 1126.755 1269.227 1250.578

Table 6.2: Base Model performance (Metro)

table below depicted, the iteration of the base model. Note that that the parameter estimation results
are attached in the appendix A.
Base model estimation (Metro)

Robust
Parameter Coeff. Asympt.

number Description estimate std. error 𝑡­stat 𝑝­value
1 ASC𝑐𝑎𝑟𝑎𝑐𝑐𝑒𝑠𝑠 ­3.70 0.754 ­4.91 0.00
2 ASC𝑐𝑎𝑟𝑒𝑔𝑟𝑒𝑠𝑠 ­5.16 0.709 ­7.28 0.00
3 ASC𝑐𝑦𝑐𝑙𝑒𝑎𝑐𝑐𝑒𝑠𝑠 ­3.16 0.507 ­6.24 0.00
4 ASC𝑐𝑦𝑐𝑙𝑒𝑒𝑔𝑟𝑒𝑠𝑠 ­2.45 0.459 ­5.35 0.00
5 ASCPT­PT ­3.44 0.390 ­8.82 0.00
6 ASC𝑃𝑇−𝑤𝑎𝑙𝑘 ­1.35 0.338 ­3.98 0.00
7 ASC𝑤𝑎𝑙𝑘−𝑃𝑇 ­2.11 0.355 ­5.93 0.00
8 𝑏𝑒𝑡𝑎𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0654 0.0153 ­4.28 0.00
9 𝑏𝑒𝑡𝑎𝑐𝑎𝑟−𝑚𝑖𝑥−𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0180 0.0111 ­1.62 0.10
10 𝑏𝑒𝑡𝑎𝑐𝑎𝑟−𝑚𝑖𝑥−𝑒𝑔𝑟𝑒𝑠𝑠 ­0.114 0.0626 ­1.82 0.07
11 𝑏𝑒𝑡𝑎𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑎𝑐𝑐𝑒𝑠𝑠 ­0.145 0.0326 ­4.45 0.00
12 𝑏𝑒𝑡𝑎𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0448 0.0235 ­1.91 0.06
13 𝑏𝑒𝑡𝑎𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0468 0.0176 ­2.66 0.01
14 𝑏𝑒𝑡𝑎𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 0.133 0.0853 1.56 0.12

Summary statistics
Number of observations = 405
Number of excluded observations = 0
Number of estimated parameters = 14

ℒ(𝛽0) = −842.174
ℒ(�̂�) = −583.262

−2[ℒ(𝛽0) − ℒ(�̂�)] = 517.824
𝜌2 = 0.307
�̄�2 = 0.291

The table above depicts the parameters to analyze the performance of the model. In the case of
the metro, the weights associated with the access mode is higher as compared to the egress modes.
Moreover, the travel time beta associated with the main mode is positive and insignificant. It can be
attributed to the fact that the metro network is only available in the city of Amsterdam. Furthermore, the
trips to, from and within Amsterdam are considered. For the respondents travelling to and from outside
Amsterdam, the journey duration is expected to be longer. Furthermore, the metro network is a high
frequency dense urban network. Thus, it is plausible that the value of travel time of the main mode is
insignificant and positive. The betas for the access travel time have a lower weight as compared to the
egress travel time.

6.2.4. Analysis
6.2.5. Train model and Metro model: Hypothesis testing
The hypothesis is tested by adding each variable at a time to deduce if the variable is significant pa­
rameter and then added to the final model. As the same hypothesis are tested on the metro and train
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both are depicted in a comparative format. The coefficient and the robust p­value estimated for the
train and metro for each individual hypothesis tested on the base model.

Car ownership
Hypothesis tested: The respondent is likely to use a car for access or egress if the household owns
one.
The expected outcome is that the value of car ownership is significant, positive.
Mode Value of parameter Significance (Robust p­ value)
Train 0.885 0
Metro 1.68 0.01

As shown in the table the car ownership parameter is added to the alternatives comprising of the car
used as an access or egress mode. The coefficient is positive, high, and significant. It is an expected
outcome and is in line with the literature. Car ownership is depicted to be a significant variable that
affects mode choice. It is necessary to consider that this study addresses the access and egress mode
choice to and from public transport. For metro, The value of the coefficient for car ownership is signif­
icant and positive and high. Hence, it implies that car ownership has a significant relationship to the
choice of car as the mode for access and egress. Also, the value is high, it can be attributed to the fact
that for the trips carried out by respondents from outside Amsterdam it is necessary to reach the city to
access the metro services. Dutch context car ownership is expected to have a significant relationship
with the adoption of multi­modal trips as well (Krygsman & Dijst, 2001).

Age
Hypothesis tested:The age­group within the range of 18­24 are highly likely to select the alternatives
with public transport mode for access and egress.
This assumption is made considering that Dutch students have free public transport when pursuing ed­
ucation. This variable is added to the alternatives comprising public transport for access and egress.
Mode Value of parameter Significance (Robust p­ value)
Train 0.818 0
Metro 0.247 0.31

The age group of 18­24 has a significant and positive coefficient when added to the public transport
alternatives. It is in line with literature in the Dutch context. Additionally, the value of the travel time
for students is lower as compared to working professionals. Hence, the factors such as longer waiting
and vehicle time don’t hinder there. The age is a significant parameter, when it comes to the choice
of public transport as the access or egress mode. However, depending on the cultural context the
relevant age group changes. In a study done in China HSR (High­speed rail) is more likely that older
people would select the public transport mode choice (H. Yang et al., 2019). However, in a case on
studies carried out in Dutch context, it is expected that the respondents that belong to the age group
of 18­ 24 are more likely to select public transport as the mode for access and egress as they have the
advantage of having public transport free as students (Shelat et al., 2018), (Krygsman & Dijst, 2001).
However,The parameter of age is not as significant in the case of the metro. It is a positive coefficient;
however, it is not a significant parameter even though it is positively correlated. Furthermore, studies
depict that age is not always an important factor affecting the adoption of multi­modal transport choices
but in this case, it is.

Household composition
Hypothesis tested: Couple with others or children are more likely to opt for public transport or car as it
is expected that it’s easier to travel in groups.
Mode Value of parameter Significance (Robust p­ value)
Train 0.245 0.04
Metro 0.0284 0.90

The relation, when added as a test, is a significant and positive coefficient when added to the car and
public transport alternative. It is considered that households comprising of families with children are
expected to have a preference to be able to choose alternatives allowing them to travel in a group. Fur­
thermore, the studies carried out in the American context suggest that people with larger families and
more responsibilities are more likely to select fewer complex trips and prefer cars. However, studies
here suggest that the household composition comprising more than 2 members are likely to choose PT
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and cars. It is an insignificant parameter when combined with other variables in the final model. Having
PT subscription associates positively with PT and cycle usage (Ton2019a).For the metro model, the
value of the coefficient is associated with positive but not significant. However, when a model with all
the socio­demographic variables is added the household composition doesn’t stay a significant param­
eter. It can be attributed to the fact that the main mode of transport is the train which is a mode of public
transport itself. However, studies suggest that the household with children have a negative correlation
with the adoption of multi­modal transport (Krygsman & Dijst, 2001).

Trip purpose
Hypothesis tested: Respondents having their trip purpose of work are more likely to use active modes
for access and egress.
Mode Value of parameter Significance (Robust p ­ value)
Train 0.597 0
Metro 0.164 0.6

The hypothesis suggests that for the trip purpose of work the respondents prefer to use active modes
i.e., walking and cycling for access and egress to and from the train station Shelat et al., 2018, Ton et al.,
2020. The coefficient is positive and significant. Furthermore, it remains significant for the optimized
model with all the parameters. Thus, the trip characteristic of the trip purpose is an essential variable
that affects the mode choice for access and egress. This observation is echoed in other studies as
well. It is necessary to consider that in the context of the Netherlands with a relatively well­developed
cycling infrastructure the choice of the cycle for access and egress is expected. Furthermore, in the
final model, it is a significant variable impacting the mode choice for access and egress.
For the metro model The value of the coefficient is associated with positive but not as significant. It can
be attributed to the facilities available at the train station as compared to the metro station are more;
eg: cycle parking facilities etc.

Employment status
Hypothesis tested: Respondents with full time jobs prefer to use active modes (walking and cycling)
for access /egress.
Mode Value of parameter Significance (Robust p ­ value)
Train 0.707 0
Metro ­0.322 0.13

It is a variable added to the alternative comprising active modes i.e., walking and cycling as access and
egress modes. The variable is dummy coded. It can be expected to be correlated to the trip purpose to
a certain extent. However, the coefficient of full­time workers is positive and significant not only in the
initial model but also in the final model with all parameters. Having a full­time job suggests that a fixed
timetable is expected to be followed and hence the value of time is higher as well. This is in line with
the studies carried out in the Dutch context. Full­time workers are highly likely to adopt the cycle­train
combination (Shelat et al., 2018). For the metro model is negative but not as significant. There are
studies suggesting that a part­time job has a more positive correlation with cycling as a mode than a
full­time job (Ton et al., 2019). However, this also depicts that base on the mode of public transport
adopted the preference changes. It can be argued that the availability of cycle parking facilities at the
train stations makes it more viable for the commuters to use cycles to access and egress the train
station as compared to the metro station.

Education level
Hypothesis tested: highly educated individuals are more likely to use active modes i.e., walking and
cycling for access and egress.
Mode Value of parameter Significance (Robust p­value)
Train 0.246 0.01
Metro 0.178 0.14

This parameter is modelled in an ordinal suggesting it would be expected with the increase in the level
of education the chance of selecting an active mode of transport is higher. It is in line with literature that
suggests that highly educated professionals are more likely to select an active mode of transport. In the
case of the train model, the coefficient obtained for this variable is significant and positive. However, in
the case of the final model, it is not as significant. Literature suggests that highly educated professional
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with full­time jobs is more likely to select active modes for transport (Shelat et al., 2018). It is expected
that the higher the level of education more likely are the users to adopt active modes for access and
egress purposes. In case of the metro model the level of educations has a positive but insignificant
relation.

Gender
Hypothesis tested: Men are more likely to use cars for access and egress.
Mode Value of parameter Significance (Robust p­value)
Train ­0.173 0.34
Metro 0.711 0

Gender is dummy coded in the model. The hypothesis suggests that males are expected to choose
alternatives with the car with access and egress modes. The results suggest that gender is not as
significant and is negatively correlated. However, it is in line with what literature depicts. Especially
in the Dutch context gender is not a significant variable that affects mode choice. Furthermore, it also
suggests that males are more likely to select active modes. Additionally, as it is observed in the de­
scriptive analysis, men and women are equally represented. Furthermore, men are less likely to use
car alternatives for travelling to the station (Chakour & Eluru, 2014).

Income
Hypothesis tested:Respondents having a higher income have more chance of using a car for access
and egress.
Mode Value of parameter Significance (Robust p­value)
Train ­0.232 0.22
Metro 0.158 0.73

The variable is dummy coded in the model. Income is an insignificant factor and positively correlated
with the adoption of cars as an access/egress mode to and from the station. It is in line with the stud­
ies in the Dutch context suggesting that high­income working professionals chose more sustainable
modes of transport. Studies suggest that for cases even when cars might be available a more con­
scious choice is made by the individuals (Ton et al., 2020). In case of the metro model, the income is
having a negative and insignificant coefficient suggesting it does not play a crucial role in the choice of
car as the preferred mode for access and egress. There is a possibility that due to the limited availability
of metro services outside Amsterdam car seems to be the more comfortable option.

Urban density
Hypothesis tested: Higher the urban density is more prone to select the alternatives with public trans­
port access.
Mode Value of parameter Significance (Robust p­value)
Train 0.156 0.20
Metro ­0.104 0.66

It is expected public transport accessibility is higher in dense urban areas. The urban density vari­
able depicts the level of urban density of the residential area of the respondent. Thus, the hypothesis
suggesting that the variable of high urban density is added to alternative select public transport as the
access mode. The value of the coefficient is not as significant but is positive. It is expected as the
case study of Amsterdam is considered in this case thus it is expected that the residential area of the
respondent is relatively more urban. For the metro model, the coefficient of urban density is negatively
correlated with the use of public transport. It is necessary to note that the public transport access is
considered is bus and tram, the train is not included in this model. Hence, there is a possibility as bus
networks are available in suburban areas as well, hence it is highly possible that the area is not urban.
However, studies support that in urban areas the use of public transport is higher. In addition to that,
studies suggest that in the Dutch context the Urban density has a significant impact on the choice of
multi­modal trips (Krygsman & Dijst, 2001), (Shelat et al., 2018).

6.2.6. Combined MNL model estimation
The final MNL model is estimated in the case of train and metro by introducing all the significant param­
eters as tested individually and then optimized. The travel time parameters, even when not significant
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at p­ value 0.05 or 0.01, are still kept as a part of the model to understand the influence of the time on
the various access and egress modes.
Combined model estimation (Train)

Robust
Parameter Coeff. Asympt.

number Description estimate std. error 𝑡­stat 𝑝­value
1 𝛽𝑎𝑔𝑒 0.841 0.146 5.76 0.00
2 ASC𝑐𝑎𝑟𝑎𝑐𝑐𝑒𝑠𝑠 ­1.39 0.396 ­3.50 0.00
3 ASC𝑐𝑎𝑟𝑒𝑔𝑟𝑒𝑠𝑠 ­1.46 0.536 ­2.72 0.01
4 ASC𝑐𝑦𝑐𝑙𝑒−𝑐𝑦𝑐𝑙𝑒 ­2.33 0.428 ­5.44 0.00
5 ASC𝑐𝑦𝑐𝑙𝑒−𝑃𝑇 ­1.72 0.338 ­5.11 0.00
6 ASC𝑐𝑦𝑐𝑙𝑒−𝑤𝑎𝑙𝑘 ­0.0626 0.202 ­0.31 0.76
7 ASC𝑃𝑇−𝑐𝑦𝑐𝑙𝑒 ­1.89 0.388 ­4.87 0.00
8 ASC𝑃𝑇−𝑃𝑇 ­1.36 0.336 ­4.05 0.00
9 ASC𝑃𝑇−𝑤𝑎𝑙𝑘 ­0.544 0.190 ­2.87 0.00
10 ASC𝑤𝑎𝑙𝑘−𝑐𝑦𝑐𝑙𝑒 ­0.710 0.358 ­1.98 0.05
11 ASC𝑤𝑎𝑙𝑘−𝑃𝑇 ­1.45 0.310 ­4.66 0.00
12 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 0.912 0.208 4.39 0.00
13 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0211 0.00731 ­2.88 0.00
14 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0384 0.0197 ­1.95 0.05
15 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ­0.00620 0.00274 ­2.27 0.02
16 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0585 0.0139 ­4.19 0.00
17 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0652 0.0251 ­2.60 0.01
18 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 0.575 0.187 3.08 0.00
19 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 0.379 0.186 2.04 0.04

Summary statistics
Number of observations = 1187
Number of excluded observations = 0
Number of estimated parameters = 19

ℒ(𝛽0) = −2846.302
ℒ(�̂�) = −2539.503

−2[ℒ(𝛽0) − ℒ(�̂�)] = 613.598
𝜌2 = 0.108
�̄�2 = 0.101

Alternative specific con­

stant The alternative specific constants depict the preference of the population. The reference alter­
native is the walk­train­walk. The alternative specific constant is insignificant and has the highest value
suggesting that the preference to use the cycle­train­walk is the same as walk­train­walk. The public
transport­ train­ cycle has the highest negative value suggesting that is the least preferred alternative.
It is expected that the passengers prefer to utilize other modes for the egress side of the trip over cycle
due to asymmetry caused due to the availability of vehicles on the egress side of the trip. Furthermore,
in the case of public transport, the level of service indicators such as punctuality, frequency of the ser­
vice are influential factors as well.

As compared to the individual model whereinmore parameters are significant; the socio­demographic
variables significant in the final model are car ownership, age, trip purpose of work and full time employ­
ment. The value of the travel­time bets i.e. 𝛽𝑎𝑐𝑐𝑒𝑠𝑠,𝛽𝑒𝑔𝑟𝑒𝑠𝑠,𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 depict that all the trip legs are
not not valued the same. Similar to the values in the base model the access and egress are weighed
higher than the main mode travel time. The parameter for egress us weighed slightly higher than ac­
cess. All the parameters are negatively correlated depicting that travel time causes dis­utility to the
choice. Car ownership has highest positive weight indicating the if the individual’s household owns a
car there is a higher possibility to utilize it for access and egress. Age is also a significant factor in the
combined model. It is line with expectations that for the youth i.e. the age­group 18­24 that consists
of students are very likely to adopt public transport modes for access and egress. Hence, it depicts
that the incentivization of free public transport for collage going students encourages that particular
segment of the society to adopt public transport usage for access and egress. In terms of trip purpose
of work and fully employed individuals are more likely to utilise active modes for access and egress
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to and from the train station. It is to be notes that the weight of the employment status i.e. full time
employment is higher as compared to the purpose of travel indicating that full time employment is more
influential adoption of active modes for access and egress.
The utility function for the combined model (Train) is as follows;

Alternative(walk­walk) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

Alternative(walk­cycle) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑤𝑎𝑙𝑘−𝑐𝑦𝑐𝑙𝑒

Alternative(walk­PT) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠∗
𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑎𝑔𝑒 ∗𝐴𝑔𝑒18−24𝑦𝑒𝑎𝑟𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗
𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 − 𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑤𝑎𝑙𝑘−𝑃𝑇

Alternative(cycle­walk) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑐𝑦𝑐𝑙𝑒−𝑤𝑎𝑙𝑘

Alternative(cycle­cycle) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑐𝑦𝑐𝑙𝑒−𝑐𝑦𝑐𝑙𝑒

Alternative(cycle­PT) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝐴𝑆𝐶𝑐𝑦𝑐𝑙𝑒−𝑃𝑇

Alternative(PT­walk) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝛽𝑎𝑔𝑒 ∗ 𝐴𝑔𝑒18−24𝑦𝑒𝑎𝑟𝑠 + 𝐴𝑆𝐶𝑃𝑇−𝑤𝑎𝑙𝑘

Alternative(PT­cycle) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 +
𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑡𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ∗𝑇𝑟𝑖𝑝−𝑝𝑢𝑟𝑝𝑜𝑠𝑒𝑤𝑜𝑟𝑘 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−𝑠𝑡𝑎𝑡𝑢𝑠 ∗𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡−
𝑠𝑡𝑎𝑡𝑢𝑠𝐹𝑢𝑙𝑙𝑡𝑖𝑚𝑒−𝑗𝑜𝑏 + 𝛽𝑎𝑔𝑒 ∗ 𝐴𝑔𝑒18−24𝑦𝑒𝑎𝑟𝑠 + 𝐴𝑆𝐶𝑃𝑇−𝑐𝑦𝑐𝑙𝑒

Alternative(PT­PT) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 ∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗
𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑎𝑔𝑒 ∗ 𝐴𝑔𝑒18−24𝑦𝑒𝑎𝑟𝑠 + 𝐴𝑆𝐶𝑃𝑇−𝑃𝑇

Alternative(car access­mix egress) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒
+ 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 ∗ 𝐴𝑔𝑒𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 + 𝐴𝑆𝐶𝑐𝑎𝑟−𝑎𝑐𝑐𝑒𝑠𝑠

Alternative(Mix access­ car egress) = 𝛽𝑚𝑖𝑥−𝑚𝑜𝑑𝑒−𝑎𝑐𝑐𝑒𝑠𝑠∗𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒∗
𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝∗𝐴𝑔𝑒𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 +𝐴𝑆𝐶𝑐𝑎𝑟𝑒𝑔𝑟𝑒𝑠𝑠

Combined Model estimation (Metro)
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Robust
Parameter Coeff. Asympt.

number Description estimate std. error 𝑡­stat 𝑝­value
1 ASC𝑐𝑎𝑟−𝑎𝑐𝑐𝑒𝑠𝑠 ­5.94 0.790 ­7.52 0.00
2 ASC𝑐𝑎𝑟−𝑒𝑔𝑟𝑒𝑠𝑠 ­5.37 0.784 ­6.84 0.00
3 ASC𝑐𝑦𝑐𝑙𝑒−𝑎𝑐𝑐𝑒𝑠𝑠 ­2.58 0.381 ­6.76 0.00
4 ASC𝑐𝑦𝑐𝑙𝑒−𝑒𝑔𝑟𝑒𝑠𝑠 ­1.80 0.363 ­4.98 0.00
5 ASC𝑃𝑇−𝑃𝑇 ­2.82 0.258 ­10.93 0.00
6 ASC𝑃𝑇−𝑤𝑎𝑙𝑘 ­0.895 0.167 ­5.34 0.00
7 ASC𝑤𝑎𝑙𝑘−𝑃𝑇 ­1.42 0.179 ­7.91 0.00
8 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 1.66 0.637 2.61 0.01
9 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0680 0.0167 ­4.07 0.00
10 𝛽𝑐𝑎𝑟−𝑚𝑖𝑥−𝑎𝑐𝑐𝑒𝑠𝑠 ­0.0226 0.0113 ­2.00 0.05
11 𝛽𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑎𝑐𝑐𝑒𝑠𝑠 ­0.144 0.0320 ­4.51 0.00
12 𝛽𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0293 0.0172 ­1.70 0.09
13 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ­0.0293 0.00840 ­3.49 0.00

Summary statistics
Number of observations = 405
Number of excluded observations = 0
Number of estimated parameters = 13

ℒ(𝛽0) = −842.174
ℒ(�̂�) = −595.233

−2[ℒ(𝛽0) − ℒ(�̂�)] = 493.882
𝜌2 = 0.293
�̄�2 = 0.278

Alternative specific constants The reference alternative is walk­metro­walk. The ASC of the alter­
native with car access and mix mode has the most negative value depicting that it is the least preferred
alternative as per the choices made by the population. The less negative value is of the public transport­
metro–walk alternative. Hence it is the second most preferred alternative selected by the population.
The travel time parameter for the car access with mix mode egress and the main mode are not signifi­
cant at 90% interval and hence the optimized version of the model does not comprise these parameters.
However as the objective is to model access and egress mode choice the travel time parameter for car
egress can be replaced with the generic parameter value estimated i.e. 𝛽𝑒𝑔𝑟𝑒𝑠𝑠. In case of the metro
model the car ownership is the only significant socio­demographic variable, with a very high value.
The access, egress and the main mode trip legs equally. The beta estimated for the main mode is
not significant (p­value greater than 0.10) and shows a positive correlation with time. Consequently on
the further optimization of the model the beta for main mode is removed from the model. The egress
parameter weighs lower than the access mode almost by a factor of 2. The reason behind obtaining
such a value can be attributed to the fact that as the metro is only available in the city, for the individuals
visiting from outside the city need to travel longer to reach the metro station location. The only signifi­
cant socio­demographic variable is the car ownership. It is indicative that car is convenient to access
the stations especially for the trips outside the city of Amsterdam. The utility function for the combined
model (Train) is as follows;

Alternative(walk­walk) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

Alternative(walk­PT) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑤𝑎𝑙𝑘−𝑃𝑇

Alternative(cycle access­mix egress) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑚𝑜𝑑𝑒−𝑒𝑔𝑟𝑒𝑠𝑠 ∗
𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑐𝑦𝑐𝑙𝑒𝑎𝑐𝑐𝑒𝑠𝑠−𝑚𝑖𝑥𝑒𝑔𝑟𝑒𝑠𝑠

Alternative(mix access­cycle egress) = 𝛽𝑐𝑦𝑐𝑙𝑒−𝑚𝑖𝑥−𝑚𝑜𝑑𝑒−𝑎𝑐𝑐𝑒𝑠𝑠∗𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠∗
𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑚𝑖𝑥𝑎𝑐𝑐𝑒𝑠𝑠−𝑐𝑦𝑐𝑙𝑒𝑒𝑔𝑟𝑒𝑠𝑠

Alternative(PT­walk) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑃𝑇−𝑤𝑎𝑙𝑘
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Alternative(PT­PT) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙 − 𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝐴𝑆𝐶𝑃𝑇−𝑃𝑇

Alternative(Car access­mix mode egress) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠∗𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑡𝑟𝑎𝑣𝑒𝑙−
𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠 + 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 ∗ 𝐴𝑔𝑒𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 + 𝐴𝑆𝐶𝐶𝑎𝑟𝑎𝑐𝑐𝑒𝑠𝑠−𝑐𝑎𝑟𝑚𝑖𝑥𝑚𝑜𝑑𝑒𝑒𝑔𝑟𝑒𝑠𝑠

Alternative(mixmode access­car egress) = 𝛽𝑎𝑐𝑐𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠 + 𝛽𝑒𝑔𝑟𝑒𝑠𝑠∗𝑡𝑟𝑎𝑣𝑒𝑙−𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠
+ 𝛽𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 ∗ 𝐴𝑔𝑒𝑐𝑎𝑟−𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 + 𝐴𝑆𝐶𝑐𝑎𝑟𝑚𝑖𝑥𝑚𝑜𝑑𝑒𝑎𝑐𝑐𝑒𝑠𝑠−𝑐𝑎𝑟𝑒𝑔𝑟𝑒𝑠𝑠

6.2.7. Mixed logit model
The random error component is added to the utility suggested in the base model. There are multiple
nesting structures accessed to deduce the correlation between the different overlapping modes.The
mixed logit model with the random error components is tested on the model. The random error compo­
nents are added for alternatives having the same mode for access and egress. This is done to capture
the correlation across the different alternatives having the samemodes for access and egress. The val­
ues of the random error components is insignificant and hence the MNL model insights are applicable.
It also suggest that the multi model trip is perceived as a synthetic mode itself rather than having the
individual access, main and egress mode components. The error­component structure is as follows;

𝑈𝑀𝐿−𝑚𝑜𝑑𝑒𝑙 = 𝑉𝑀𝑁𝐿−𝑀𝑜𝑑𝑒𝑙 + 𝜖𝑎𝑐𝑐𝑒𝑠𝑠−𝑚𝑜𝑑𝑒

𝑈𝑀𝐿−𝑚𝑜𝑑𝑒𝑙 = 𝑉𝑀𝑁𝐿−𝑀𝑜𝑑𝑒𝑙 + 𝜖𝑒𝑔𝑟𝑒𝑠𝑠−𝑚𝑜𝑑𝑒
As shown in the equation above one only comprising access and egress only are nested.

𝑈𝑀𝐿−𝑚𝑜𝑑𝑒𝑙 = 𝑉𝑀𝑁𝐿−𝑀𝑜𝑑𝑒𝑙 + 𝜖𝑎𝑐𝑐𝑒𝑠𝑠−𝑚𝑜𝑑𝑒 + 𝜖𝑒𝑔𝑟𝑒𝑠𝑠−𝑚𝑜𝑑𝑒

Where as in the equation depicted above both access and egress modes are accounted for. On the
model estimation it is deduced that for both train and metro the error­component values are not signif­
icant. Hence, it implies that the different alternatives are treated independently despite having modes
that are overlapping amongst the alternatives. It is not necessarily in line with literature. In the study
conducted by Arentze and Molin, the alternatives with the same main modes exhibit a correlation. Fur­
thermore , multiple iterations suggest that the none of the error components are significant and hence
the MNL model is considered to be the used for analysis as the final model results.

Note that that the parameter estimation results are attached in the appendix D.

6.3. Discussion
Model performance
The conventional four­step model is often used for modelling various travel choice dimensions. The
Dutch National model, the Swedish model are a few examples of the application of the four­step model
using discrete choice models. The decision rule applied is utility maximization. Frequently used mod­
els used in practice comprise MNL and NL models. Due to the assumptions and the simplicity of such
models they often hinder the realistic depiction of choice dimensions. Furthermore, there is increasing
evidence that the choices are heterogeneous. Hence new and more complex models can be applied.
The base model only comprises the travel time parameters. For the train and metro, it is observed that
adding parameters leads to a better model in terms of the goodness of fit. The AIC and BIC criterion
also suggest that the value minimizes for the final model. In the case of the train model comparing the
base model with the additional parameters is better as compared to the base model. It is expected as
the goodness of fit improves with the increase in the number of parameters. In this approach, a simul­
taneous approach is adopted to mode choice. It is to be noted that there are not enough observations
across all the alternative lading to the alternatives that combine the different alternatives.

TRAIN
The travel time parameters in case of the train suggests that the value of the beta estimated for the
main mode travel time in the train is ­0.00602, where as in the study conducted by Arentze and Molin
the beta estimated for train as the main mode in a multi­modal trip is ­0.060 (Arentze & Molin, 2013).
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The access and egress are weighed higher than the main mode travel time (Arentze & Molin, 2013).
The access time is weighted as ­0.0211, ­0.0585, where as it ranges from ­0.073 to ­0.110 as per the
study by Arentze and Molin. For the coefficients of egress modes the values are weighted slightly
higher than access time. The estimated values of the egress results are ­0.0384, ­0.0652. The values
from the study suggest the a range from ­0.069 to ­0.130 Arentze and Molin. The values are slightly
higher than the ones estimated in this study, it can be due to the nature of data collection of stated
preference hence at times the values are over­emphasized due to the bias. Age has a significant and
positive correlations as it can be confirmed by literature as well. The age group of 18­24 comprises of
university going students and hence due to the PT subscription are very likely to use public transport
(Krygsman & Dijst, 2001; Ton et al., 2019; Van Kampen et al., 2020). Car ownership is a significant and
positive variable the value is 0.912 and is significant. Trip purpose of work has a significant and positive
correlation with work purpose with a coefficient of 0.379, the mode choice determinants estimated in
the study conducted by Ton et al. it is also depicted that the trip purpose of work has a positive coeffi­
cient with the mode choice of public transport, the value of the coefficient is 6.51, 2.29 and 2.09. Thus,
the working professionals are expected to adopt public transport and active modes for travelling for
work. The coefficient for full time employment is 0.575 and significant. Full­time employed individuals
are more likely to adopt multi­modal trips as well (Krygsman & Dijst, 2001).

METRO
the value of the travel time parameters in case of metro as the main mode is positive and insignificant.
In the study by Arentze and Molin the parameter for public transport modes is 0.016 for short trips.
However, it is insignificant so it is removed from the final model. The access and egress travel time
coefficients are not weighed higher than the main modes but are significant. The travel time for access
is weighed higher than the egress travel time. It is contrary to the expected norm wherein it is expected
that egress is weighed higher due to uncertainty of availability of modes. However, it can be explained
by the scale and availability of the metro. For the individuals commuting from outside the city the jour­
ney is longer. The travel within the city is more compact and the users expect to use other modes for
the shorter distance. Consequently, the individuals are more sensitive to the access travel time. The
only socio­demographic variable that impacts the mode choice is the car­availability. Hence, it is in line
with expectations. The other attributes tests might not be as significant as in the case the trips to , from
and within the city are considered. Within the city with a well developed cycle infrastructure it might
imply that it is a competing mode rather than a complementing mode. Additionally, for individuals who
own cars, its is a more convenient option have a less complex trip.

6.3.1. Comparison of Train and Metro model
Comparing the base model
The figure 6.1 showcases the comparison of the base model’s with travel time estimates for the train

Figure 6.1: Comparison of the betas estimated in the base model
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and metro. It can be observed that the individuals are more sensitive to the to the access and egress
travel time to and from metro as compared to the train. The value of the travel time beta of the metro
access is approximately 3 times that of the train and that of egress is 1.2 times that of the train. Contrary
to the weights for access and egress the coefficient for main­mode travel time is not as significant but
positive as compared to the train. In case of the train the value is negative and significant. It is expected
that for the trips originating from outside Amsterdam the the in­vehicle time of the main mode travel
is longer in case of the train as compared to the metro. It is likely that the time to access and egress
is higher than the in­vehicle time for the metro as it is an urban rail system restricted to a smaller region.

Figure 6.2: Comparison of the ASC estimated in the base model

As shown in figure 6.2, in both cases all the ASC values are negative depicting that walking as
access and egress is the most preferred overall. It is plausible as walking does not require any addi­
tional vehicle and is a free in terms of cost. In case of the metro the overall ASC are weighted more
negatively as compared to the train. The value of the ASC suggests when the train is the main mode
the Public transport access and egress is least preferred and for the alternative with mix mode and car
egress is the lest preferred in case of the metro. It is plausible in case of the train it can be expected
that facilities such as parking facilities for cars might not be easily available and might also have an
associated cost. For the train having public transport access and egress might not be possible due
to issues such as to synchronization of the different public transport time­tables and the availability of
public transport in the vicinity. Moreover, with the cycling infrastructure available in the Netherlands,
the cycle­train combination provides flexibility to the individual. Note that only the attributes estimated
in both models are compared.

The figure 6.3 shows the betas estimated in the individual hypothesis tested with the base model.
It can be observed that the in case of the betas estimated for the income, gender, employment status
and urban density the value for metro and train have an opposite sign. It depicts that males would
prefer to use car to access and egress metro station but not the train. For the income parameter it can
be interpreted that high income earners do not prefer to use cars to access and egress train stations
where as it is vice versa for metro. The beta estimated for employment status suggests that full time
employed individuals favour the use of active modes such as cycling and walking to access and egress
to and from the train station. However, this is not the case with metro users. The attribute is not as
significant in case of the metro model. Thus, it depicts that for both the train and metro the mode choice
behaviour cannot be expected to be the same. It is attributed to various other factors such as the type
of network, station facilities, attitudes towards to them etc. It is to be noted that for both the models the
gender, income and urban density are not significant attributes.
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Figure 6.3: Comparison of bets estimated for Hypothesis testing

Comparing the final model
Tt is observed that amongst the socio­demographic variables tested, the only significant variable is car
ownership for the metro model. It is expected that the metro system is a relatively small network and is
available in the city of Amsterdam and hence all respondents do not have direct access to it. Whereas,
in the case of the train network, it is spread across the country and within the city. This trait is also
implied via the coefficient of the travel time of the main mode in the case of the train is significant and is
negative but in the case of the metro, it is positive and is insignificant. As it is a dense, high­frequency
urban network it is a fast system catering to a smaller and limited region the in­vehicle time is expected
to be short.

Certain aspects such as the highly educated, high­income individuals with a full­time job are more
likely to adopt cycling and walking as their preferred mode of transport especially for the bike­train com­
bination (Shelat et al., 2018). This is echoed in the train model and the metro model. The common trait
observed is that the car egress travel time beta is not considered to be significant. It shall be considered
that the number of observations is lower for the car alternatives. However, it is in line with the literature
corresponding to the Dutch context the respondents are expected to use cars for uni­modal trips rather
than multi­modal trips (Krygsman & Dijst, 2001). It can be seen that bicycle substitutes walking as the
most popular access and egress mode at a lower distance for trains than for lower­level transit net­
works (Shelat et al., 2018). It can be attributed to the fact that the availability of bike parking facilities is
higher is the possibility of using cycles for access and egress. Individuals are willing to go to the fourth
closest train station for access to the station if it is said to provide facilities and better connection such
as lower number of transfer (Van Kampen et al., 2020).



7
Conclusions and Recommendation

7.1. Introduction
The goal of this chapter is to provide how the findings of the study can be used as insights for future
policy development goals. Furthermore, from a methodological perspective, the approach and its lim­
itations are also discussed. The aim of the research is to provide a theoretical framework to analyze
mode choice models to deduce the implications of the mode choice behaviour. The framework is ap­
plied for the case study and the context of the city of Amsterdam. The outcome of this research is a
framework that contributes to modelling the mode choice simultaneously for the different urban and
regional networks.

7.2. Conclusions
7.2.1. Questions
Main question: How to model access and egress mode choice simultaneously (to and from)
public transport systems for regional and urban networks?
Sub­questions:

1. What are the significant factors affecting the mode choice for access and egress to and
from public transport in a multi­modal trip?
As depicted in the literature review chapter umpteen studies comprising of stated and revealed prefer­
ence data collection systems there are umpteen factors. They are categorized in the following manner.
The following classification is made and within them, the relevant factors are defined.

Table 7.1: List of attributes from literature

Category Probable Attributes Study

Individual characteristics
Employment, age, gender, license, income, ownership of cars,
availability of free student travel, frequency of travel using
various modes.

Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Ton et al. (2019),
Ton and Shelat (2020)

Household characteristics Household size, number of vehicles per household Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Ton et al.(2019)

Trip characteristics
Distance, travel Time, Purpose,
frequency of travel via different modes,
origin and destination locations.

Mark R. et al. (1993), Debrezion et al.(2007),
Chakour, V., & Eluru, N. (2014),Yang et al. (2015),
Ton and Shelat (2020), Van Kampen et al. (2020)

Level of service variables Frequency, number of stops, in vehicle time,
waiting time

Mark R. et al. (1993), Debrezion et al.(2007),
Yang et al. (2015), Ton and Shelat (2020),
Brand, et al. (2017)

Built environment Area or region, Urban density Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Van Kampen et al. (2020),Ton and Shelat (2020)

Working condition Working hours, Travel compensation Van Kampen et al. (2020), Ton et al. (2019)
Weather characteristics Month of travel Ton et al. (2019)

Station choice Origin and destination station, area region,
type of stations, parking facilities

Debrezion et al.(2007), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Van Kampen et al. (2020),
Ton et al. (2019), Ton and Shelat (2020)

Umpteen studies depict various factors that are significantly based on the context and the focus of
research. However, to test the hypothesis fewer factors are selected to showcase the applicability of
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the model as deduced from literature and the requirements from the Municipality of Amsterdam.

2. To what extent the Discrete choice modelling approach be implemented for modelling
mode choice?
As discussed in chapter 3 the existing models are compatible with the discrete choice modelling ap­
proach. Within the choice modelling domain, many methods can be implemented but considering the
current research, the suitable approach is determined. Considering the current context and the find­
ings from the literature MNL model is implemented, then optimized using the ML model. This is done
so structure the estimation process so as to make it computationally less intense. The MNL model is
applied to deduce the significant variables and then ML model is applied with the error­components to
account for the correlations between the alternatives. It is the most commonly used approach.

The revealed preference data is used to obtain the empirical analysis. In terms of data collection,
various approaches can be considered. The type of data collected is revealed or stated preference
survey. In this case, to maintain the compatibility with the existing software and method of data collec­
tion is revealed preferences. For the context of the Netherlands a travel survey namely ODiN is carried
out annually. The objective of doing this survey is to provide data to analyze travel behaviour trends in
the Netherlands. Furthermore, it is the data source implemented in the traffic model of Amsterdam.

The alternatives are generated for specific mode­chains. The mode chains are decided based on
the most frequently used modes based on the research done in the similar context. To formulate the
relevant alternatives certain assumptions are made to prevent the explosion of the number of alterna­
tives formulated. To limit the number of alternatives trips with two inter­modal transfers are considered.
The main modes are the public transport networks such as train, metro bus or tram ideally. The access
and egress modes considered comprise a combination of public and private modes i.e. walking, cycle,
metro, bus and tram. Hence ideally the following alternatives shall be considered.

• Walk­ PT­Walk

• Walk­PT­ Bicycle

• Walk ­PT­ BTM

• Walk­ PT­ Car

• Bicycle ­ PT­Walk

• Bicycle ­PT­ Bicycle

• Bicycle ­PT­ BTM

• Bicycle ­PT­ Car

• BTM ­ PT­Walk

• BTM ­PT­ Bicycle

• BTM ­PT­ BTM

• BTM ­ PT­ Car

• Car­ PT­Walk

• Car ­PT­ Bicycle

• Car ­PT­ BTM

• Car ­ PT­ Car
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Discrete choice models are expected to be suitable for modelling the access and egress mode
choice simultaneously as it is widely used in literature and in practice the existing models.

3. How can a multi­modal trip be modelled considering the context of Amsterdam?
In the case of Amsterdam as answered in the previous question the choice set generation there are
ideally 16 alternatives that shall be considered. In the case of the socio­demographic variables, a se­
lected number of variables are selected for hypothesis testing. The socio­demographic variables are
extracted from the ODiN database. The only alternative dependent parameter considered is travel
time. As the limitation of the reported travel times is only available for the chosen alternatives. Hence
to obtain values of the chosen and non­chosen alternatives the google API algorithm is implemented
to extract the travel time of access and egress. To do as the centroids of the origin and destination
location are input parameters leading to a bit of discrepancy in the exact travel time values. The main
mode travel time is the same as the reported time.

The framework suggests taking a structured approach to deduce the various policy implications.
Two models are analysed one with the train as the main mode and the other with the metro as the
main mode of transport. The modelling is done using an MNL model and once the significant variables
are deduced it is implemented in the final model and optimized. As travel time is the only parameter
that varies with the alternatives specified a base model is analyzed with the travel time parameter i.e.
access time, egress time and main mode and the alternative specific constants. The base model is
deduced with the utility function as follows;

𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 = 𝛽𝑇𝐴∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑎𝑐𝑐𝑒𝑠𝑠+𝛽𝑀𝑇∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑚𝑎𝑖𝑛−𝑚𝑜𝑑𝑒+𝛽𝑇𝐸 ∗𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒𝑒𝑔𝑟𝑒𝑠𝑠+𝐴𝑆𝐶𝐴𝑀−𝐸𝑀
Where, 𝛽𝑇𝐴, 𝛽𝑇𝑀, 𝛽𝑇𝐸 are the estimated variables for access time, main mode travel time and egress
travel time respectively for the chosen alternatives. 𝐴𝑆𝐶𝐴𝑀−𝐸𝑀 depicts the alternative specific constant,
AM is the access mode and EM is the egress mode.

The next step is to add the socio­demographic variables to the base model individually to test the
formulated hypothesis is significant; The formula is as follows;

𝑉𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠−𝑡𝑒𝑠𝑡 = 𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 is the coefficient that is estimated for the selected attribute for testing the particular hypothesis.
Once all the significant variables are deduced a combined MNL model is formulated and optimized as
follows;

𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝑁𝐿) = 𝑉𝑏𝑎𝑠𝑒−𝑚𝑜𝑑𝑒𝑙 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠1 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠1 + 𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠2 ∗ 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠2 + ......

For the final round of analysis, a Mixed Logit model is implemented to account for the expected corre­
lation amongst the alternatives. This is expected as the mode across the modes­chains overlap.

𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝐿) = 𝑉𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑−𝑚𝑜𝑑𝑒𝑙(𝑀𝑁𝐿) + 𝜖𝐴𝑀 + 𝜖𝐸𝑀
Where, 𝜖𝐴𝑀 is the error component for access mode and 𝜖𝐸𝑀 is the error component for the egress
mode for the particular alternative. This approach is considered to be suitable as it allows to deduce
the impact of the different socio­demographic variables and then combine it into one model.

4. What are the impacts of the factors affecting the access and egress mode choice for train
and metro (as main mode)? What are the differences between them?
The various hypothesis are tested and in both train and metro models. Though the data depicts a sim­
ilar trend the outcomes are different for both. It is observed that in the case of the individual model.

In the case of the train, the travel time parameters suggest that the egress travel time is weighted
more highly and negatively as compared to the access time. The main mode travel time is negatively
weighted but has the lowest values. This suggests that the access and egress travel time is weighted
highly and has a higher impact on the mode choice. Longer access and egress travel time deters the
passengers from using a particular public transport mode.
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In the case of the metro model, the access is weighted more heavily as compared to the egress
time. It is a plausible finding as the availability of the metro services is only within the city of Amsterdam
and is a dense network hence egressing is in an urban and dense area; making it a more walk­able
environment. The access depends on the availability of the vehicles at the home end. Furthermore,
for the trips made outside Amsterdam, the distance and duration for access/egress are longer.

For the metro model, there is also the limitation of the data available. As the data regarding the sta­
tion choice was not available, based on the reported travel time and the mode chosen the station was
deduced. Additionally, the travel time of the main mode has a positive coefficient which is insignificant.
This is expected as the metro network is an urban network and the trips that originate and end outside
Amsterdam are likely to higher travel times.

In case of the train model, for the policy hypothesis tested, individually the outcomes are in line with
the literature. Car ownership is a significant variable. In the final MNL model, the significant variables
are car ownership, age group 18­24 years, trip purpose and full­time work. Car ownership has the
highest value of the coefficient. Suggesting that if the car is available, people are more likely to use it
for access and egress. The age group hypothesis suggests that the people belonging to the age group
of 18­24 are more likely to use public transport for access and egress. It is in line with literature wherein
it is suggested that the people who work full time and are highly educated prefer to use active modes
for access and egress. It is also interesting to see that given the Dutch context the use of cycles is
much higher here. In addition to that having a full­time job suggests that the work timings are expected
to be fixed throughout the week.

In the case of the metro model, car ownership is the only significant factor that remains. It suggests
that the metro has a higher chance of being a competing mode to metro than an access and egress
mode. A similar trend can be also observed for cycling trips the number of observation cycles as ac­
cess and egress mode with respect to the metro is to access the regions within the city it is preferred
to use that as the single mode of transport.

Furthermore, a more complex and advanced ML(Mixed Logit) model with the random error com­
ponent is introduced to capture correlations across the alternatives having same access and egress
modes. However, for the train and metro model the error components turned out to be insignificant
suggesting that though the mode chain behaves as a synthetic combined mode itself for the user.

7.2.2. Conclusion
As suggested in the literature there is umpteen research in the field of modelling of access and egress
mode choice. However, the simultaneous choice is not investigated in that depth. Furthermore, for an
urban setting, the lower­level networks play an important role. Currently, the four­step model with the
discrete choice modelling is adopted in western European countries. Hence it is necessary to deduce
a compatible model compatible with the existing framework. Thus, discrete choice models are adopted
for analysis. In the case of the Netherlands, the National and regional models are strategic models are
analysed. For the larger urban regions, Amsterdam, Rotterdam and Hague area etc. have models.
Literature suggests various factors are significantly based on studies carried out in different contexts
and modelling methods.

The data used in this study is ODiN (on der Weg) it is a study conducted by CBS on a yearly basis.
The advantage of this methodological approach is that it is designed to be flexible and applicable based
on what policy implications require to be tested.

Comparing the systems of the metro and train the cycle also in a way is a competing mode on
an urban level for the metro. For the visitors within the city, it is more comfortable to use bikes. It is
important to note that the dominant use of cycle is a function of the cultural context and it is not always
expected to be the case for other countries.

It is an adaptable framework for any city overall. The main point of difference is the contextual pa­
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rameters that affect the choice set generated. Additionally, it is a more applicable system in an urban
context as it is expected that the availability of public transport choices is higher in urban regions. There
has been a growth in car ownership over the period time however the cycling has remained a constant
mode.

The socio­demographic variables impact the access and egress mode choice for trains more promi­
nently as compared to the metro, in the case of Amsterdam. One reason might be that the metro has
a higher ability to be a feeder mode for the trains rather than the main mode. For residents within the
city, it can be expected that there are other choices such as cycles that provide them with a higher
convenience to travel rather than make transfers. However, they are contextual parameters, and this
might not be the case in other cities and other modes might be more dominant.

Simultaneous access and egress mode choice modelling depicts how the travel time attribute is
weighted among the different trip legs namely access, egress and main trip leg. Moreover, the analy­
sis of the results suggest that the the perception of travel time access and egress to and from different
modes of public transport varies. For the train model the individuals are less sensitive to access travel
time as compared to egress and main mode trip legs. Where as in case of the metro it is the opposite
for access and egress travel time. In addition to that the main mode travel time have completely differ­
ent perceptions.

The dominance of the car ownership variable might also suggest that having a car and travelling
from out of the city is a more convenient alternative than using the metro. The metro is used in conju­
gation with walking and other public transport modes.

The aremanymodelling approaches that can be adopted, studies suggest that hybrid modelling pro­
cesses can also be adopted or other more complex and advanced models can be used. The trade­off
is of course is the computation time. However in this case a more complex ML model was considered
and the results depict that there is no correlation amongst the alternatives having the same access and
egress modes.

Limitations
The pre­specified mode chains are extracted as choice alternatives. As the literature suggests there
are a lot of permutations and combinations that can be generated, the feasible mode chains are de­
termined based on the studies in the existing context and based on the data available. The number
of alternatives is limited. It is a rather complex problem to address mathematically, and a particular
approach is only considered. Not all the provided alternatives need to be always available to all indi­
viduals. Considering that the Netherlands has a pro cycling approach it can be assumed that cycling
is an alternative that is always available. As the data suggests that the people using other modes of
transport also have access to cars.
Furthermore, the integration of the route choice is also the feedback loop that is taken into consider­
ation. The research addresses the mode choice perspective for a transport model and not the route
choice component. It is assumed that the route chosen by the individual is the optimal one. Depend­
ing on the parameter that is to be optimized for the route choice such as travel time, travel costs and
distance etc. there are multiple approaches that can be taken.

The data used is a travel survey which is a form of revealed preference survey. Though a lot of data
is available from the data, newer ways of data collection systems such as GPS, GFTS would be able
to provide more real­time information. Also, the values are reported so there might be inconsistencies
in the real value and the reported value. Thus, the use of the data to make more accurate predictions
would be preferred.

The travel time values are deduced using the google API algorithm which is not exactly the reported
value. Additionally, the travel costs are not considered in the case only travel time is the variable con­
sidered and is expected to vary amongst the alternatives.
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The validation of the model is not done due to the limitation in time and data. It would be useful
to validate the results of the model using an external data source to validate it. Moreover, techniques
such as the K­means clustering can be adopted to determine the predictive power of the model.

7.3. Discussion
The framework is adaptable to the different systems of public transport. Moreover the aim is to provide
a framework that can be applied in different cultural contexts as well. The points to be noted for the
choice set generation considered is a similar approach to other studies having maximum two intra­
modal transfers. As the trip becomes more complex than that the likelihood of making a more complex
trip reduces.

Comparing the travel time parameters weight of travel time access and egress is higher as com­
pared to the main mode for both train and metro. This would suggest that more focus in the decision
making process of mode selected is given to access and egress. Hence, to encourage the users to
adopt public transport as their main mode the access and egress must be the emphasized upon. Av­
erage travel conditions are used in the case study, it can be expected the for off peak hours the overall
value of access and egress and main mode value would be higher. Factors such as crowding, waiting
etc become more prominent during peak hours.

In terms of the socio­demographic variables , it seems to have a higher impact on the access and
egress mode choice in case of the train model. It is expected to be a function of the availability of such
a network in the entire country, In case of the metro it is only available within the city. However, for a
different city in in a different country the results might not be the same. In case of the modelling ap­
proach as suggested in the Chapter 2, there are various methods. In the current research the starting
point for modelling is the starting point is the MNL model. The limitation of the MNL model is that it is
assumed that the all alternatives are independent, which in reality is not always the case.

To account for the correlations an ML model is is further analysed. The results suggests that the
correlations are insignificant, thus suggesting that the alternatives are independent. It depicts that the
individual takes the whole trip into consideration when choosing the mode. It is an interesting insight
that the whole trip is considered as a single entity without any correlations within the alternatives hav­
ing the same access and egress modes. It has to be noted that it is what the data represents in this
context. When applying a similar framework to another context such as a different city it is very likely
that there are correlations between the alternatives.

Thus it can be deduced that modelling access and egress mode choice provides insights that the
depending the context and the main mode of public transport the access and egress mode choice be­
havior changes. To integrate the access and egress modes more effectively the factors affecting mode
choice for the different modes of public transport shall be considered. As depicted in that analysis the
travel time is perceived differently for the train and metro model. There are un­observed attributes that
lead to such results.

Car­ownership is the only relevant attribute for metro. It can be interpreted that as the trips to
and from outside Amsterdam are considered it emphasized on the car availability to access the metro
system which is only available in Amsterdam. If the case study only comprised trips within the city
of Amsterdam, it can be expected that car ownership might not matter as much but factors such as
frequency of cycle usage, availability of cycle parking infrastructure etc might be more important for
both the train and metro model. Moreover, as the context is the Netherlands that cycling becomes a
competing mode to Public transport in the city rather than a complementing mode. This is expected as
it can be observed from the data that the share of trips with cycle as the access and egress mode is
not high especially as compared to the train. Another significant parameter in addition to travel time is
also travel costs. walking for access and egress is the popular choice amongst the individuals.

Besides focusing on the technical aspects such as synchronizing the time­tables, optimizing the
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frequencies it is useful to understand underlying behavioural traits. Market segmentation of the users
can be carried out to understand the user profiles of the the different modes. To implement the model
for another context such as another Dutch it is likely that city such as Rotterdam having a similar size
and availability of infrastructure might produce similar results. However if the framework is transferred
to another European city it is necessary to consider the generic modes of transport in that region to
determine the alternatives.

7.4. Further research
As deduced in the first question there are many factors in literature that affect mode choice. However,
it depends on the requirement and the policy insights required the model is expected to be applicable.
Hence in the current analysis, not all the factors are considered. In order to analyze the impact of mo­
bility hubs additional variables such as the availability of parking spaces, accessibility to P+R facilities,
Level of service of the public transport services etc can be added to the model and it can be used to
analyse and test the hypothesis. Additionally, the analysis of the impacts of the various shared micro­
mobility platforms can be done using the same framework but with different access and egress choices.

Further research can be done to analyze how the metro system or an urban system competes with
cycles as the main mode of transport within the urban regions. As suggested by the results of the
model, in the case of the metro model the socio­demographic variables are insignificant. Additionally,
micro­mobility points are becoming increasingly popular. However, it must be considered that the al­
ternatives such as trip purpose plays an important role. Moreover, contextual variables such as the
willingness to cycle for a certain distance and time matter. In the Dutch context, cycling is en­grained
as a part of the lifestyle hence it is widely accepted and adopted. Thus, the analysis suggests the car
ownership is a very important factor and to encourage multi­modal trips would be something that can
be ventured into further. Additionally, the research how such urban transport systems and cycles at
time act as more competing modes rather than complementary modes. It can be studied further.

Travel cost is also a parameter that has a significant impact on mode choice and varies with the
alternative chosen. Similar analysis can be carried out considering travel costs such as fuel cost, park­
ing costs etc. instead of travel time. The results could be useful input to design pricing schemes to
encourage more public transport users. As this study focuses on the mode choice perspective the
route choice can be further integrated with the system. Additionally, the results from travel time and
travel cost comprising models can be compared to understand what the individuals are more sensitive
to.

Points regarding the competing station choice integration are not considered. For example certain
station choices would optimise the overall travel time of the individual as compared to the one chosen
by them. Hence an additional step to integrate decision making for the station choice with the mode
choice can be investigated. In theory the individual might have better options to chose for access and
egress and may be optimum in case of time and convenience. They might not be aware of all the
available alternatives.

Using the real­time data and integrating the route choice perspective would be a more advanced
method such as heuristics that can be implemented to deduce the choice set generation. TheMLmodel
suggests for the current research that there are no correlations between the alternatives. Studies such
as Wen et.al.,(2012) depicts the use of hybrid models to capture the un­observed latent variables. A
similar approach creating a hybrid model that allows for accounting for the taste heterogeneity amongst
the alternatives can be carried out to deduce if it is truly the case that the alternatives are independent
though the access and egress mode is common amongst the alternatives.

In the current studies the revealed preference survey ODiN is the data source. For analysing partic­
ular factors that might be attitude or perception based can be added to the exiting framework by making
a combined revealed and stated preference structure. Furthermore, the insights from the current re­
search can also be used to determine the choice situations.
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7.5. Contribution to science and practice
This section describes what the findings of the research contribute to science and practice.

7.5.1. Value to science
The methodological approach allows for modelling access and egress mode choice simultaneously. As
depicted in chapter 1 most studies focus on access or egress but the simultaneous access and egress
mode choice modelling is not addressed in a greater depth. The current research provides a starting
point to develop it further. The other added value of this research is that it provides a transferable
framework that can be applied to other networks. Furthermore, it can help compare how the access
and egress mode choice behaviour differs across public transport modes.

Moreover, it is expected to be transferred to the different modes of public transport. It also depicts
that all modes of public transport do not exhibit the same kind of mode choice behaviour. When de­
signing policies for a more sustainable and car free environment and encourage public transport the
different factors that can be focused on can be deduced.

7.5.2. Value to practice
As a discrete choice modelling approach is implemented it is expected to be more compatible with the
existing systems. In the transport modes used in practice the ’discrete choice modelling’ method is the
most popular approach. The modelling approach provides sort of a tool to allowing to model access and
egress mode choice simultaneously so it can be applied when framing policies to integrate the different
modes. Furthermore, based on the requirement or policy goal allows to test different hypothesis so as to
understand if it is significant. Hence on a strategic level is useful for practitioners to implement and use.

It is an important insight that suggests that the all modes of public transport do not exhibit a similar
mode choice behaviour. Hence, having more tailor made policies could be more effective to combine
modes more seamlessly. To provide a more well integrated network with public and private modes the
behavioural aspects play an important role. The study depicts that the different forms of public transport
cannot be treated same. It depicts which part of the trip leg impacts the access egress mode choice
and more focused research can be done to find what improvements are needed to nudge individuals
towards more sustainable modes. As it is suggested in the study that the trip purpose and employment
status play an important role. Hence policies that enable employer’s to encourage the use of public
transport can be implemented e.g. designing pricing schemes that favour the the employers to provide
better public transport access to their employees.

For future developments such as extension of the metro or train lines it might be useful to know if
consider scenarios where in it can be checked if the adding more facilities is viable to dig deeper into
infrastructure development. Moreover, the government can be aware of the factors that shall be taken
into consideration during the feasibility studies of the development of such large scale infrastructure
projects.
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ABSTRACT

With the infrastructure development in the cities and urbanisation there has been a need to manage
the car traffic to make the cities more livable. Moreover to improve the accessibility within urban
areas providing a well integrated network of public transport is necessary. To encourage the users to
use public transport, understanding the access and egress mode choice behaviour is crucial. In the
current state of the art access and egress mode choice is not modelled simultaneously. Furthermore,
it is often assumed that the access and egress mode choice behaviour is similar for different public
transport mode, but is not always the case. Thus, to address these research gaps the current research is
carried out to provide a modelling approach that allows modelling access and egress simultaneously.
Additionally, compare different modes of public transport i.e. train and metro to deduce if the
factors affecting mode choice are the same. A discrete choice modelling approach is implemented to
estimate the models. Revealed preference data source ODiN (On der weg) is used for the analysis
and estimation of the model. The modelling process comprises of a base model onto which the
different hypothesis is tested to deduce the factors that impact mode choice. Significant parameters
are considered and a combined model is estimated for train and metro as the main mode. The findings
suggest that travel time is experienced differently in the access, egress and main leg of the trip for
both train and metro. Further more, the way time is experienced for access and egress is not the same
for metro and train.

Keywords access · egress · simultaneous mode choice · travel time

1 Introduction

In urbanized regions, the increased use of cars has led to traffic and congestion problems. To solve this issue, policies
encouraging the users to adopt a more integrated network with public transport are necessary. Considering the case of
the Netherlands, where the bike infrastructure is well-developed, cars still have the highest share i.e. 47% Harms and
Kansen [2018] as compared to other modes.

However, with time there has been an increase in the use of cycles overall especially for access and egress to and from
the train stations. This indicates the willingness of the users to shift towards more sustainable modes. To integrate the
modes and provide a more seamless experience more insights into multi-modal transport need to be investigated. Hence,
the study aims to understand the mode choices of travellers. Usually, the trips that comprise the use of public transport
are multi-modal. Thus, improving the door-to-door connectivity and accessibility to public transport is the need of
the hour. In order to understand the implications of certain policies to improve the current conditions and improve
accessibility transport models are used. Transport models are created as tools that can be used for decision-making. The
information transport models are expected to provide are impacts of policies relating to implications of alternative
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transport on land-use investments and policies etc.

To achieve this aim modelling approaches that take the multi-modal choice behaviour. Transport models are usually
implemented to deduce policy implications. Four-step models are popular for the purpose of modelling the various
choice dimensions [Ton et al., 2019]. In western European countries such as Sweden, Netherlands and Denmark,
the adoption of a four-step transport model is popular. With the development in research and technology, there are
different models such as activity-based models, agent-based models etc. Umpteen modelling approaches are available
but discrete choice modelling approach is often implemented [Ton et al., 2019]. However, the current systems are based
on the classical four-step model. Hence, the current study is focused on implementing the discrete choice modelling for
mode choice models to maintain compatibility with the existing systems.

1.1 Access and egress mode choice

As discussed in the previous section the world is willing to move towards a more car free economy. To implement
such policies understanding of the travel behaviour is necessary. Mode choice is a key step to deduce policy
implications [Ortúzar and Willumsen, 2011]. Thus, to gain a more realistic perspective of the mode choice involving
a multi-modal trip chain, it is essential to understand the mode choices for access and egress travel to and from
public transport. To explain access and egress a multi-modal trip is defined. A trip is defined as the travel from an
origin to a destination. A trip comprising the use of more than one mode is a multi-modal trip. Walking, cycling,
public transport and car are the different modes considered [Fiorenzo-Catalano, 2007]. Thus, a multi-modal trip
can be further divided into three parts i.e. access leg, main leg and egress leg [Fiorenzo-Catalano, 2007]. The
access leg is the part of the trip from origin to the transfer node to the main leg. Similarly, the egress leg is the
transfer from the main leg trip to a destination. In the case of the multi-modal perspective, the various transport
systems are expected to be integrated in a way that there is a smooth transfer between the different modes. The fol-
lowing paragraphs describes what the current approach in research is carried out to model access and egress mode choice.

Studies focus on either access mode or egress mode individually or both separately. In the study conducted by Wen et
al (2012) focuses on access mode choice only for high speed rail [Wen et al., 2012]. The (Nested Logit) NL model
with latent classes is estimated to deduce the preferences of the users. The findings suggest that the travelers are
cost sensitive. The future research shall be carried out to deduce a more generalized model allowing the integration
of access and egress mode choices. By analysing access and egress mode choice separately, it is deduced that the
distance plays an important role in the choice of access and egress mode [Krygsman and Dijst, 2001]. Ton et. al. (2020)
investigates the factors affecting access mode choice along with station choice for cycling and walking as access modes.
The study focuses on the factors affecting the access and station choice from tram as the main mode. However, for
other public transit modes it is expected that the same factors might not be relevant. The mode for access and egress is
cycling and walking. MNL (Multinomial Logit Model) model based on the distance of access and station. The study
by Azami et. al. (2020) focuses on the region of Orlando to model access and egress to and from public transport.
The factors affecting mode choice for the different modes including the micro-mobility modes are deduced [Azimi
et al., 2020]. Two separate models are implemented for access and egress mode choice. MNL models are implemented
for analyses of the model. The findings are limited to the context of the region. Additionally, the transfer-ability is
not is not accessed. In this study it is assumed that all the forms of public transport are expected to have the same
factors affecting mode choice [Azimi et al., 2020]. Hence, one of the limitations of the above-mentioned studies is that
simultaneous access and egress mode choice is not considered.

A study conducted in China multi-modal choice behavior is modelled for intercity travel. The main modes comprise of
airplane, train, express-bus and HSR (High Speed Railway). To model the factors affecting mode choice, to deduce the
factors affecting mode choice, access and departure mode choice are considered. BMNL (Bayasian Multinomial Logit)
model is implemented which is a Bayesian based discrete choice models [Yang et al., 2015]. This research considers
access mode choice and departure mode choice as factors that effect the main mode choice. Thus, it provides insights
how the access and egress are weighed depending on the different main modes available. Thus, it is a variable and the
alternatives are the main modes, but does not address modelling the access and egress simultaneously. Moreover, it is
limited to the context of the location of the case study. The research done by Waerden et. al.(2018) provides insights
into the role of main modes and access modes on the decision to chose between car or train as the prime mode of
travel. Hence, access and egress is not the main focus though it is considered. The study mainly focuses on access
mode choice with the main travel mode. The trade off between train and car as the main mode is deduced. Mixed
logit (ML) model is estimated to deduce the implications [Waerden and Waerden, 2018]. It depicts that the attributes
related time and cost are influential. It provides insights into which factors shall be considered to encourage the car
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users to switch to train. However, various factors such as the trip purpose are not considered. The study by Yang et al
(2019) focuses on access and egress mode choice to and from the high speed rail in China. The modelling of access and
egress mode choice is done is separate stages. Separate models are analyzed for the business and leisure travelers
[Yang et al., 2019]. Studies also determine the trade-off between uni-modal and multi-modal trips in the context of the
Netherlands. Furthermore, the trade off between the service quality, travel time and travel costs are deduced [Arentze
and Molin, 2013]. Insights into how the different stages of the trip such as access time, egress time and in-vehicle time
are weighted is provided. However, in this case the public transport is considered as one mode and no differentiation
amongst them is not carried out.

Hence, most studies focus on access or egress individually. Some consider them as factors for a generalized approach
towards public transport. The study by Yang et al (2015) provide a more comprehensive approach towards mode
choice modelling for access and egress mode choice for the metro in the city of Nanajing. The focus is on the
satisfaction of metro commuters. In this case the focus is only on one mode of public transport. Most studies
consider all the modes of public transport as one assuming the that the behavior amongst all the modes of public
transport is same, or the focus is only on a particular mode of public transport. This suggests there is not much
research in the comparison between the travel behavior between the modes. Studies do not necessarily compare
the different public transport modes (within the same context) to deduce if similar factors affect the access and
egress mode choice. Form a societal perspective to encourage the use of public transport, it would be fruitful
to gain insights into what are the differences are so as to provide tailor made policies addressing the different
modes of public transport. Furthermore, there is a need for a more generalized modeling approach that integrates
access and egress mode choice to determine the factors affecting the access and egress mode choice[Wen et al.,
2012].Hence, the simultaneous access and egress mode choice is not investigated in depth. Thus, a comprehensive
method to model access and egress in a single trip and analyse the required factors in the given context is the existing gap.

The state of the art is provide a modelling framework that allows for the modelling of simultaneous access and egress
mode choice. Moreover, provides insights into the factors affecting the mode choice in a single model. Secondly,
provide an approach that is transferable to different public transport modes. Moreover, deduce if the assumption that
mode choice behaviour for the different public transport modes is the same.
The first step is to deduce the factors affecting the access and egress mode choice as per the current state of the art. The
section2, depicts the different factors that affects access and egress mode choice.

2 Literature review

To determine the relevant variables to be considered when modelling access and egress travel behaviour the existing
literature is reviewed and the factors that can be considered are classified and determined in this section. To realistically
model the user’s choices, the attributes impacting the individual’s mode choices must be considered. The mode
choice factors are classified into three parts; the first is the characteristics of the trip maker (it comprises age, income,
availability of car license, etc) [Ortúzar and Willumsen, 2011]. Second is the characteristics of the journey such as
trip purpose, time of day, group size, etc. The third is the characteristic of the transport facility travel time, distance,
in-vehicle time, etc [Ortúzar and Willumsen, 2011].

Moreover, these sections can be sub-divided into more classifications. The division of the different categories for mode
choice can be made into three parts i.e. multi-modal travel variables, socio-demographic variables and residential
environmental variables [Krygsman and Dijst, 2001]. The study by Yang et al (2015) carried out to determine the
satisfaction of metro commuters divides the factors into the personal attributes and the journey details [Yang et al.,
2015]. Some studies consider the personal characteristics as a category and define the attributes per particular mode
[Yang et al., 2019]. However, in the case of mode choice involving active modes (i.e. cycling and walking), the factors
affecting access and egress mode choice can be categorised as; characteristics of individual characteristics, household
characteristics, built environment, season and weather characteristics, work conditions, and trip characteristics [Ton
et al., 2019, Shelat et al., 2018]. Similarly, in a multi-modal trip, the factors are allocated to categories of variables, such
as socio-demographic variables, LoS (Level of Service) parameters, trip characteristics, land-use and built environment
factors, and station characteristics [Chakour and Eluru, 2014]. Thus, based on the approaches considered in literature;
the following classification is made for the factors affecting the access and egress mode choice.

• Individual characteristics
• Household characteristics

3
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• Built environment

• Work conditions

• Trip characteristics

• Station characteristics

• LOS (Level of service)

The following subsections describe the significant variables for the provided classifications based on the current state of
art. Moreover, the variables belonging to the various categories as depicted in the table as follows;

Table 1: List of attributes from literature
Category Probable Attributes Study

Individual characteristics
Employment, age, gender, license, income, ownership of cars,
availability of free student travel, frequency of travel using
various modes.

Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Ton et al. (2019),
Ton and Shelat (2020)

Household characteristics Household size, number of vehicles per household Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Ton et al.(2019)

Trip characteristics
Distance, travel Time, Purpose,
frequency of travel via different modes,
origin and destination locations.

Mark R. et al. (1993), Debrezion et al.(2007),
Chakour, V., & Eluru, N. (2014),Yang et al. (2015),
Ton and Shelat (2020), Van Kampen et al. (2020)

Level of service variables Frequency, number of stops, in vehicle time,
waiting time

Mark R. et al. (1993), Debrezion et al.(2007),
Yang et al. (2015), Ton and Shelat (2020),
Brand, et al. (2017)

Built environment Area or region, Urban density Mark R. et al. (1993), Chakour, V., & Eluru, N. (2014),
Van Kampen et al. (2020),Ton and Shelat (2020)

Working condition Working hours, Travel compensation Van Kampen et al. (2020), Ton et al. (2019)
Weather characteristics Month of travel Ton et al. (2019)

Station choice Origin and destination station, area region,
type of stations, parking facilities

Debrezion et al.(2007), Chakour, V., & Eluru, N. (2014),
Yang et al. (2015), Van Kampen et al. (2020),
Ton et al. (2019), Ton and Shelat (2020)

Factors affecting mode choice selected for analysis As depicted in the table 2 literature depicts that there are umpteen
factors that affect mode choice. However, there are limitations pertaining to data availability and time constraints few
relevant factors are selected to be tested. The important factors based the current literature review are deduced in the
following paragraph.

In case of individual characteristics, their impact are context dependent. Car ownership is a significant variable in
relation to mode choice [Krygsman and Dijst, 2001, Arentze and Molin, 2013]. Moreover, age and gender in many
cases are significant [Van Kampen et al., 2020]. In the study [Azimi et al., 2020] the of the GFTS (General Transit Feed
Specification) and the GIS (Geological Information Systems) data is utilized to make separate models for access and
egress. The findings suggest that car ownership, age, income are significant, access and egress distance [Azimi et al.,
2020]. Similarly, in the study by Yang et al. the access and egress mode choice preferences were collected via a stated
preference survey for the HSR (High speed Rail) corridor in Shanghai China. Two separate models were analyzed for
the access and the egress stage for business and leisure travellers [Yang et al., 2019]. The findings suggest that car
ownership, age, income , access and egress distance are significant. In the case of the business travellers age, income
affects the choice of the users [Yang et al., 2019].

For the Household characteristics, factors such as the household composition determines the size of the household
and the travel group. Households comprising of children can be expected to prefer private modes as it would more
convenient for them to make complex trips [Hensher, 2005]. Many studies suggest that the mode choice behaviour is
highly impacted by trip purpose [Yang et al., 2019]. In association to that the employment status and the work hours
impacts the attitudes towards mode choice.
The built environment and the urbanity class in a way depicts the accessibility and attitudes towards modes [Krygsman
and Dijst, 2001]. The influence of the trip characteristics is significant as well. The analysis of train commuter
behaviour is carried out by latent segmentation method [Chakour and Eluru, 2014]. Wherein simultaneously two
segments are considered; one is the station first and access mode second and the segment 2, with the access mode first
station second. Findings suggest that the travel time is a significant indicator, a better level of service at the station is
influential [Chakour and Eluru, 2014]. Additionally, the built environment plays an important role in the business and
leisure travellers are less sensitive to the egress time as compared to the access time [Yang et al., 2019].
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A stated preference survey is carried out to investigate travel costs and travel time trade-off that the travellers make
when choosing the modes of travel available [Arentze and Molin, 2013]. Moreover, as the travel distance increases the
chances of multi-modal transport increases more dominant in medium-range trips [Arentze and Molin, 2013, Krygsman
and Dijst, 2001]. Modes such as walking, has a strong distance decay function, the users drop off substantially after 2.5
km (approximately the maximum walking distance) [Krygsman and Dijst, 2001]. On the egress side, the problem of
asymmetric mode availability is evident, with more users having to rely on walking and public transport to reach their
final destinations. Many travellers substitute the bicycle or private car for walking, bus, or taxi. Hence, depending on
the mode of transport and the distance the selection of particular access and egress mode is affected. Moreover, prefer
using cycles for egress distances over bicycles due to the uncertainty in cycle availability on the egress end [Shelat
et al., 2018].
Thus the following attributes are considered;

• Car ownership

• Gender

• Age

• Household size

• Trip purpose

• Employment status

• Urbanity class

2.1 Modelling approach

The discrete choice modelling approach will be adopted so as to maintain the compatibility with the existing systems.
The following paragraphs describe the different mathematical models used in literature for modelling access and egress
mode choice

MNL (Multinomial Logit) models are adopted by a majority of the studies to analyse access and egress mode choice
behaviour [Azimi et al., 2020].Hence, the MNL model is considered suitable for deducing the access and egress mode
choice. In the given study by Azimi et al., the access and egress are modelled separately. This model is chosen as it is
considered that the alternative mutually exclusive. Moreover, the computation time is lower due to the closed-form
mathematical structure of MNL models [Young et al., 2018]. To deduce the mode choice for metro commuters, the
access and egress mode choice MNL model is adopted for the four modes (i.e. subway, bus, taxi, car) considering car as
the reference mode [Yang et al., 2019]. Furthermore, study by Ton et al. to deduce the determinants for the use of active
mode for access and egress mode choice where the MNL model is used to determine the significant variables as it has a
more efficient computation time. Once the significant variables are used to determined, an MMNL (Mixed Multinomial
Logit) is applied as the model fit is better (which is tested using the likelihood ratio test).

The study by Arentze and Molin implements a ML (Mixed multinomial Logit) framework to model travellers
preferences towards multi-modal networks [Arentze and Molin, 2013]. In the above mentioned study, to account for the
correlated terms between the main modes a error component is added to the utilities of the alternatives having the
same main mode. Thus, a ’shared error component’ is added to the utility. This enables to account for the common
unobserved attributes amongst the different modes [Arentze and Molin, 2013]. Similarities on the level of access
and egress stages are not taken into consideration. To have a parsimonious approach, only the important sources of
covariance are considered in the model [Arentze and Molin, 2013]. The added advantage of the error component model
structure is that it provides more flexibility as compared to hierarchically nested model structures [Arentze and Molin,
2013].

To analyse the access mode choice behaviour to the high speed railway in Taiwan, a latent class NL (Nested
Logit) model is adopted. Contrary to the popular choice of MNL models this approach is implemented as the
latent class can provide further insights into the number, sizes and the characteristics of the segments [Wen et al.,
2012]. The latent class MNL model exhibits the IIA (Independence of Irrelevant Alternatives) property within the
segments. The modelling was done for latent class MNL models and latent class NL models. As the goodness of
fit is better for the likelihood ratio test at 5% significance level [Wen et al., 2012]. In the research conducted by
Waerden and Waerden, to deduce the significant attributes that affect the decision of the access and main mode
choice, an ML (Mixed Logit) model is considered. The investigation of the individuals choice is carried out using
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a mixed logit (ML) model with panel effects. Such a model structure takes into consideration random taste varia-
tion in the population and the fact that a decision-maker can make more than one decision [Waerden and Waerden, 2018].

In the study by Li et al. the Bayesian-based model is adopted, as has higher accuracy. The advantage of this method is
that it allows for complete uncertainty of the parameters through posterior distribution [Li et al., 2020]. The added
advantage of this method is that it avoids over-fitting issues and numerically intensive likelihood function maximization
[Li et al., 2020]. Some studies adopt the binary logistic regression model. In the study by Krygsman and Dijst the aim
is to analyse the factors that impact the choice of multi-modal trips and it is analysed using the binary logistic regression
model. Also, in the study by Yang et al. a similar modelling approach is implemented to determine the factors affecting
the metro commuters satisfaction. In this study, the model for each predefined mode-chain, a model is estimated and the
factors impacting the choice of the mode chain is analysed. Such a modelling approach estimates the variables by an
iterative likelihood procedure [Yang et al., 2015]. In the study by Ton et al., station choice behaviour of cyclists is
analysed wherein the MNL modelling approach is adopted to estimate the attributes that impact the station choice.

Thus, it can be observed that there are various approaches considered however MNL is the most prominent approach as
it is simple and is computationally efficient. In the case of a situation that there is a correlation between the alternatives
to allow more flexibility more advanced models such as the ML models are preferred. However it is computationally
more intensive to implement ML models. However, the real-world validation is not possible at times so it is difficult to
justify the use of more complex models [Young et al., 2018]. To sum it up, many for the various combinations of travel
choice dimensions such as mode choice (in this case) the extensions or variations of the MNL and the NL (Nested
Logit) model are used [Ton, 2014]. However, to account for the correlation within the trip chains for mode choice ML
would be an ideal method of modelling mode choice.

3 Modelling framework

To have a more structured approach certain hypothesis are formed for the selected factors and tested individually onto
a base model. the schematic diagram of the process is as shown in figure 1. The base model comprises of the travel

Figure 1: Flowchart of the method

time variables along with the alternative specific constants. The utility function for the base model with the travel time
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parameters is as follows;
Vbase−model = βTA ∗ traveltimeaccess + βMT ∗ traveltimemain−mode + βTE ∗ traveltimeegress +ASCAM−EM

Where, βTA, βTM , βTE are the estimated variables for access time, main mode travel time and egress travel time
respectively for the chosen alternatives. ASCAM−EM depicts the alternative specific constant, AM is the access mode
and EM is the egress mode. The final model is a compilation of the different hypothesis. Due to the limitation of time
and data, for a selected attributes hypothesis are formulated. The attributes are added to the relevant alternatives. The
coefficients are estimated and checked if they are significant at 90% and 95% interval. The following equation depicts
the utility function for estimating the model testing the hypothesis.

VHypothesis−test = Vbase−model + βattribute ∗Attribute
βattribute is the coefficient that is estimated for the selected attribute for testing the particular hypothesis. For the
attributes that are significant a model with the combined attributes is estimated.

VFinal−model(MNL) = Vbase−model + βattributes1 ∗Attributes1 + βattributes2 ∗Attributes2 + ......

It is optimized considering all the significant factors. The study by Wen et al. the modelling comprises of two
steps where in in the initial step MNL model is estimated and then the more advanced model of Latent class model
is implemented. Moreover, in the study carried out by Arentze and Molin to capture the error terms are added to
correlation between the alternatives when they have same main modes and so are expected to have similar unobserved
characteristics. Furthermore, once the model is optimized for the MNL model, the Final optimization is carried out by
implementing the error component ML model. The ML model is implemented to as it is a more complex model which
can account for the correlation between the different alternatives having the same access and egress mode.

VFinal−model(ML) = VFinal−model(MNL) + ϵAM + ϵEM

Where, ϵAM is the error component for access mode and ϵEM is the error component for the egress mode for the
particular alternative. There are multiple approaches that can be applied using an ML model. In the current study
the error-component structure is considered to be the most suitable approach. This method suggests that the error
components are added to the alternatives that create the correlations among the different alternatives [Train, 2002,
Arentze and Molin, 2013, Wen et al., 2012]. In case of standard modelling approach such as MNL the unobserved
portion of the utility due to the IIA property and the restrictive substation patterns the correlations amongst the
alternatives are not account for Arentze2013, Train2002. Hence, this approach is adopted in the study. Furthermore, the
ML model is estimated using the Halton draws method. It is method that adopts a procedure and takes intelligent draws
[Arentze and Molin, 2013, Train, 2002].

For a given mode the same mode is repeated for access /egress, thus, to capture the correlation across the different
alternatives having the same access and egress modes, the mode across the alternatives is same it is expected that there
is a correlation.

To generate the alternatives the alternatives are created using mode chains with the selected public transport mode and
the for access and egress the generic modes are used such as walking, cycling, car and public transport.

4 Case Study: City of Amsterdam

The number of inhabitants in Amsterdam is about 850,000. Including the regions surrounding Amsterdam the number
of inhabitants is approximately 1,350,000. The area covered 250km2 [Brands et al., 2020]. There are mainly there
services existing in the region of Amsterdam for the public transport namely the train, bus, tram and metro. As it is a
highly urbanized region there are more services available. The train network comprises 10 station within the city. The
metro network has 52 station and 4 lines forming a network that is 41 km long. The bus network can be divided into the
bus and night bus network consisting of 43 lines (32 regular bus / 11 night bus). The tram network has 15 lines and 500
stations forming a rail network of 80.5 km long 1.

5 Data

5.1 Data description

there predominant ways to collected data is via revealed and stated preferences. In this section the data used in literature
is discussed in depth. Revealed preferences comprise the observed behaviour, such data is usually collected in the form

1https://amsterdammap360.com/amsterdam-tram-map: :text=Amsterdam
%20Tram%20Maptext=Amsterdam%20tram%20is%20a%20transit,(80%2C5%20km
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travel surveys. In the context of Netherlands a National Travel survey is carried out on a yearly basis. Revealed and
stated preferences are used by various studies to deduce the mode choice behaviour. As depicted in table ??, most
studies selected are based on travel surveys such as travel diaries. NTS (National Travel Survey), OViN (Onderzoek
Verplaatsingen in Nederland) and ODiN (On Der Weg in Nederland ), MPN (Mobiliteitspanel Nederland) are national
travel surveys carried out every year in the Netherlands. In the case of stated preference, the questionnaire is designed
so as to address the perceptions of the users.
The structure of the data comprises trips made by the individual, each row depicting one trip leg made using a particular
mode of transport. Each column depicts a particular variable. Hence, multiple records form a trip. Thus, there are 203
variables. They depict the record number of trips, aggregation of the different variables (Trip motive is aggregated
for the overall trip as well). Urban regions such as Amsterdam, Rotterdam and The Hague area have more detailed
responses. Certain questions are made addressing particular trip makers (questions associated with car ownership). The
data comprises umpteen variables that address the individual characteristics, socio-demographic characteristics and
travel characteristics [Shelat et al., 2018]. It can be further divided into different categories. This is depicted in the
table below. Based on what is relevant to the research the variables are depicted. The variables are associated with a
person, displacement, ride, and weight factor. The factors associated with a person are the socio-demographic variables,
household variables, vehicles ownership etc. In case of displacement and ride, data associated with the transport mode,
purpose, distance travelled in each trip etc. Weight is addressed by weighting factors. As the focus of the study is
to analyze multi-modal trip to and from public transport, the data must be pre-processed to form trips that comprise
public transport and the main mode and the access and egress legs. The current data-set comprises data from 2018 and
2019. However, it must be noted for the future that in 2018 the data is considered from august 2018 as it is expected
to be a change in the mode choice and travel behavior due to the operation of the NZL (Noord-Zuidlijn) line. The
study conducted by Brands et al., the impact of the NS line is accessed based on the analysis of the smart-card data.
The findings from this research suggested that the there is a shift n the over all usage of Public transport, there is an
increase of approximately 4% increase in the total ridership in terms of the journey [Brands et al., 2020]. Despite the
modifications carried out on the existing bus and tram lines, there is a positive impact on the metro ridership [Brands
et al., 2020].

Table 2: List of attributes based on available data

Category Probable Attributes (based on data available)

Individual characteristics

Employment, age, gender, license, income, ownership of
cars, availability of free student travel,
frequency of travel using various modes,
main mode of transport displacement

Household characteristics Household size, number of vehicles per household

Trip characteristics Distance, travel time, travel purpose, frequency of travel
via different modes, origin and destination locations.

Level of service variables Additional data required
Built environment Area or region
Working condition Working hours, car provided by the employer
Weather characteristics Reporting month
Station choice Origin and destination station, area, region, train stations used

5.2 Data Pre-processing

The data is extracted in such a way that the individual trips are converted into a multi-modal trip chain. Hence, the data
is pre-processed to convert it from individual trips to origin–destination trips. As the data set is available in SPSS
the first mode of filtration was SPSS, all the observations with trips comprising more than one trip was filtered out.
Furthermore, the trips comprising of public transport as a part of the trip chain was extracted from that. To divide
the trips into the different alternatives of the pre-specified mode chains. The transfer nodes are 2, so the number of
trip legs are 3. Hence ,to filter out the data the multi-modal trips having 3 trip legs, observations with more than
2 trip legs are extracted. The data-set consists of a variable namely ’Ant-rit’ depicting the number of trip legs car-
ried out by the respondent. Thus, all the observations having more than 2 trip legs are filtered in SPSS using that variable.

From the filtered data the observation of each trip leg is to be formulated into a complete trip for further analysis.
This process is carried out in MATLAB . The first step comprises dividing the data into socio-demographic data and
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trip-related data. The focus is on trip-related data to obtain the sequence of the mode-choice in the trip and the origin
and destination pin code. The trip related variables comprise trip purpose, trip origin and destination pin-code, number
of trips made, a mode used for the trip etc.

The data is filtered are manually to extract the different mode chains using the filter and sort function. Two models will
be analyzed using the data set. One model is the train model, which comprises of train as the main mode. The main
mode is fixed to train/metro and the access and egress mode are varied. Also, if walking is the part of the access or
egress trip for motorized modes or cycles then walking is considered a part of single access or egress leg. Whereas,
if walking is the only mode of transport to and from the station then it is considered as a separate alternative. Public
transport modes if walking is part of the trip for PT access or egress trip it is considered as one mode.

5.2.1 Alternatives considered

0.5

Figure 2: Train

0.5

Figure 3: Metro

Figure 4: Distribution across alternatives

As shown in the figure 2 the distribution across the alternatives suggests that the alternatives with walk as the access
has the highest share. Where as the alternatives having car as the access or egress mode has the least share. The
number of observations within the car alternatives is not prominent. The total number of observations for train
model is 1187 and for the metro model is 405. In case of the metro as the main mode as depicted in figure 3 the
alternatives with walk as access and egress has the highest share. In this case the alternatives consisting of cycle
and car as the access or egress mode is lower as compared to other modes. Such a distribution is in line with expectations.

According to the study carried out by Krygsman and Dijst active modes such as walking and cycling are preferred
as access modes for about 80% of all the access stages. Moreover, walking is also a connecting mode of
transport. Thus, walking forms a continuous and flexible access mode that requires comparatively lesser amount
of infrastructure [Fiorenzo-Catalano, 2007]. Furthermore, in the case of the egress side, asymmetric availability
is expected. Walking is the more dominant mode in that case. Additionally, there are monetary costs associated
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with public transport services. Thus the distribution of the choices across the alternatives is plausible [Brand et al., 2017].

The distribution of the choice of the data set is also representative of the choices described in the literature as well in the
Dutch context. In the study by Shelat et al. it is suggested that 82.6% of the trips are carried out 82.8% trips are carried
out using the train and the rest comprise bus tram and metro as the mode of transport. As suggested in the literature
the availability of cycle parking facilities is an integral part of the choice of the cycle as the preferred mode and metro
stations are usually not equipped with such facilities.

5.2.2 Additional Data

The data only comprises postal pin codes of origin and destination. Thus, the centroid of the postal pin-codes extracted
from GIS (Geographical Information System) is used to deduce the origin and destination nodes. In the case of the train
model, the origin and destination train station are specified in the data. Hence, the access and egress travel distance
and time (for the chosen and non-chosen alternatives) are extracted using the google API algorithm. The algorithm
performs calculations for future events. Hence, a weekday is considered and the off-peak, hence the time fixed for
deducing the travel time Ton et al. [2020]. The google API deduces the travel time (and travel distance) for the modes
namely transit (Public transport), driving, walking, and cycling. The origins and destinations can be specified in the
form of coordinates or addresses.

A similar approach is implemented to generate the choice sets for deducing the how further individuals are willing to
cycle to access the station by Van Kampen et al.. However, in the case of the metro stations observations the stations
are determined. The coordinates of the metro station locations are extracted using GIS. Based on the reported access
and egress time in the data set the time the probable station location is deduced. A loop is added to the google API
algorithm. The logic for all the origins and destination locations as per the chosen mode the station that has the travel
time closest to the reported time is considered.

5.3 Hypothesis testing

Considering the insights from the data analysis and the re-categorized data the hypothesis is formulated. The attribute is
introduced as a dummy variable except for the level of education. The level of education is added as an ordinal variable.
For the car ownership the hypothesis suggesting that owning a car makes it more likely to choose the alternative that
consists car for access and egress.
Hypothesis tested: The respondent is likely to use a car for access or egress if the household owns one.
For the subcategories pertaining to the age group the highest share is of the 25-34 years (refer table3). However, as
suggested in multiple studies that dutch students obtain access to free public transport thus incentivising them to use
public transport.
Hypothesis tested:The age-group within the range of 18-24 are highly likely to select the alternatives with public
transport mode for access and egress.
This assumption is made considering that Dutch students have free public transport when pursuing education. This
variable is added to the alternatives comprising public transport for access and egress.
As suggested the table 3, the higher share of individuals have the motive to travel for work or business. Furthermore, in
the Dutch context professionals travelling for work purposes are expected to select active modes for access and egress
Shelat2018, Ton2019. The hypothesis is as follows;]
Hypothesis tested: Respondents having their trip purpose of work are more likely to use active modes for access and
egress.
The household composition has family as the highest share amongst the categories. It is expected that individuals with
families would prefer to chose modes that allow for a group to travel hence alternatives with car and public transport as
access and egress modes.
Hypothesis tested: Couple with others or children are more likely to opt for public transport or car as it is expected
that it’s easier to travel in groups.
Employment status depicts that the highest share of the individuals have a full time job (refer table 3). From table
3, it is evident that the individuals with a full time job select active modes (i.e. walking and cycling) for access and
egress especially for the individuals selecting trains as the main mode as compared to the metro users. Additionally, the
individuals with full time jobs are more likely to use active modes for access and egress as they have a fixed routine to
follow Shelat2018. The hypothesis is formulated as follows;
Hypothesis tested: Respondents with full time jobs prefer to use active modes (walking and cycling) for access
/egress.
As shown in table 3, the highest share of the individuals are highly educated. Especially, for alternatives comprising of
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Variable Categories considered Frequency Frequency Percentage Percentage
(Train) (Metro) (Train) (Metro)

Car ownership Car owned 712 238 60 59
No car owned 475 167 40 41

Age > 18 years 17 45 1 11
18-24 years 262 90 22 22
25-34 years 406 105 34 26
35-49 years 235 80 20 20
50-64 years 201 67 17 17
≥ 65 years 66 18 6 4

Household Single 330 91 28 22
composition Couple 366 99 31 24

Family 491 215 41 53

Trip purpose Work/Business 674 171 57 42
Shop/Services 58 41 5 10

Education 149 76 13 19
Recreation/Visit 306 117 26 29

Employment No pay 275 121 23 30
status Part-time 43 30 4 7

(upto-12 hours)
Part-time 124 45 10 11

(12-30 hours)
Full-time 745 209 63 52

Education No training 13 30 1 7
level Primary 7 11 1 3

Lower-vocational 43 28 4 7
Secondary-vocational 294 131 25 32
Higher-professional 830 205 70 51

Urbanity Highly urban 660 241 56 60
class More urban 338 109 28 27

Moderately urban 116 31 10 6
Low urban 58 24 5 6
Not urban 15 0 1 0

Gender Male 590 183 50 45
Female 597 222 50 55

Income High 281 124 24 31
Medium 434 149 37 37

Low 472 132 40 33
Table 3: Sub categories of selected variables

cycling as the access and egress mode followed by walking. Where as, for metro users as shown in table ?? a similar
trend is observed for cycling. Hence, the hypothesis posited is as follows;
Hypothesis tested: highly educated individuals are more likely to use active modes i.e., walking and cycling for
access and egress.
As suggested in the data (refer table 3) higher share of the respondents live in highly urban areas. It is expected as the
main mode of transport is a public transport mode. Moreover, urban areas are expected to have more access to public
transport. Living in dense urban regions encourages the adoption of multi-modal trips as well [Krygsman and Dijst,
2001]. Thus, it can be expected that the individuals that lived in highly urban areas are more likely to chose public
transport for access and egress. The hypothesis is as follows;
Hypothesis tested: Higher the urban density is more prone to select the alternatives with public transport access.
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The gender is more or less equally distributed across the alternatives. So it can be expected that the impact of gender as
high as expected. However to test it the following hypothesis is formulated;
Hypothesis tested: Men are more likely to use cars for access and egress
It can be expected that individuals earning a high income can afford more expensive modes of transport such as cars
and can be expected that they are more likely to use cars for access and egress. Hence, the hypothesis is follows;
Hypothesis tested:Respondents having a higher income have more chance of using a car for access and egress.
However, it can be observed from the table 3 that the dominant classification is the middle-income individuals.

6 Results and Analysis

As depicted in the modelling process the base model is is estimated and the hypothesis is tested individually and the
variables that are significant are added to the combined model and the values are estimated. The results depict the
estimation of the parameters for the combined model. The results obtained from the individual hypothesis is discussed
in analysis section.

6.1 Results

6.1.1 Combined model estimation

Combined model estimation (Train)
Robust

Parameter Coeff. Asympt.
number Description estimate std. error t-stat p-value

1 βage 0.841 0.146 5.76 0.00
2 ASCcaraccess -1.39 0.396 -3.50 0.00
3 ASCcaregress -1.46 0.536 -2.72 0.01
4 ASCcycle−cycle -2.33 0.428 -5.44 0.00
5 ASCcycle−PT -1.72 0.338 -5.11 0.00
6 ASCcycle−walk -0.0626 0.202 -0.31 0.76
7 ASCPT−cycle -1.89 0.388 -4.87 0.00
8 ASCPT−PT -1.36 0.336 -4.05 0.00
9 ASCPT−walk -0.544 0.190 -2.87 0.00

10 ASCwalk−cycle -0.710 0.358 -1.98 0.05
11 ASCwalk−PT -1.45 0.310 -4.66 0.00
12 βcar−ownership 0.912 0.208 4.39 0.00
13 βaccess -0.0211 0.00731 -2.88 0.00
14 βegress -0.0384 0.0197 -1.95 0.05
15 βmain−mode -0.00620 0.00274 -2.27 0.02
16 βmix−modeaccess -0.0585 0.0139 -4.19 0.00
17 βmix−modeegress -0.0652 0.0251 -2.60 0.01
18 βemployment 0.575 0.187 3.08 0.00
19 βtrip−purpose 0.379 0.186 2.04 0.04

Summary statistics
Number of observations = 1187
Number of excluded observations = 0
Number of estimated parameters = 19

L(β0) = −2846.302

L(β̂) = −2539.503

−2[L(β0)− L(β̂)] = 613.598
ρ2 = 0.108
ρ̄2 = 0.101

Alternative specific constant The alternative specific constants depict the preference of the population. The
reference alternative is the walk-train-walk. The alternative specific constant is insignificant and has the highest
value suggesting that the preference to use the cycle-train-walk is the same as walk-train-walk. The public
transport- train- cycle has the highest negative value suggesting that is the least preferred alternative. It is
expected that the passengers prefer to utilize other modes for the egress side of the trip over cycle due to
asymmetry caused due to the availability of vehicles on the egress side of the trip. Furthermore, in the case of
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public transport, the level of service indicators such as punctuality, frequency of the service are influential factors as well.

As compared to the individual model wherein more parameters are significant; the socio-demographic variables
significant in the final model are car ownership, age, trip purpose of work and full time employment. The value of the
travel-time bets i.e. βaccess,βegress,βmain−mode depict that all the trip legs are not not valued the same. Similar to the
values in the base model the access and egress are weighed higher than the main mode travel time. The parameter for
egress us weighed slightly higher than access. All the parameters are negatively correlated depicting that travel time
causes dis-utility to the choice. Car ownership has highest positive weight indicating the if the individual’s household
owns a car there is a higher possibility to utilize it for access and egress. Age is also a significant factor in the combined
model. It is line with expectations that for the youth i.e. the age-group 18-24 that consists of students are very likely to
adopt public transport modes for access and egress. Hence, it depicts that the incentivization of free public transport for
collage going students encourages that particular segment of the society to adopt public transport usage for access and
egress. In terms of trip purpose of work and fully employed individuals are more likely to utilise active modes for
access and egress to and from the train station. It is to be notes that the weight of the employment status i.e. full time
employment is higher as compared to the purpose of travel indicating that full time employment is more influential
adoption of active modes for access and egress.
Combined Model estimation (Metro)

Robust
Parameter Coeff. Asympt.

number Description estimate std. error t-stat p-value
1 ASCcar−access -5.94 0.790 -7.52 0.00
2 ASCcar−egress -5.37 0.784 -6.84 0.00
3 ASCcycle−access -2.58 0.381 -6.76 0.00
4 ASCcycle−egress -1.80 0.363 -4.98 0.00
5 ASCPT−PT -2.82 0.258 -10.93 0.00
6 ASCPT−walk -0.895 0.167 -5.34 0.00
7 ASCwalk−PT -1.42 0.179 -7.91 0.00
8 βcar−ownership 1.66 0.637 2.61 0.01
9 βaccess -0.0680 0.0167 -4.07 0.00

10 βcar−mix−access -0.0226 0.0113 -2.00 0.05
11 βcycle−mix−access -0.144 0.0320 -4.51 0.00
12 βcycle−mix−egress -0.0293 0.0172 -1.70 0.09
13 βegress -0.0293 0.00840 -3.49 0.00

Summary statistics
Number of observations = 405
Number of excluded observations = 0
Number of estimated parameters = 13

L(β0) = −842.174

L(β̂) = −595.233

−2[L(β0)− L(β̂)] = 493.882
ρ2 = 0.293
ρ̄2 = 0.278

Alternative specific constants The reference alternative is walk-metro-walk. The ASC of the alternative with car
access and mix mode has the most negative value depicting that it is the least preferred alternative as per the choices
made by the population. The less negative value is of the public transport-metro–walk alternative. Hence it is the second
most preferred alternative selected by the population.
The travel time parameter for the car access with mix mode egress and the main mode are not significant at 90% interval
and hence the optimized version of the model does not comprise these parameters. However as the objective is to model
access and egress mode choice the travel time parameter for car egress can be replaced with the generic parameter value
estimated i.e. βegress. In case of the metro model the car ownership is the only significant socio-demographic variable,
with a very high value. The access, egress and the main mode trip legs equally. The beta estimated for the main mode
is not significant (p-value greater than 0.10) and shows a positive correlation with time. Consequently on the further
optimization of the model the beta for main mode is removed from the model. The egress parameter weighs lower than
the access mode almost by a factor of 2. The reason behind obtaining such a value can be attributed to the fact that as
the metro is only available in the city, for the individuals visiting from outside the city need to travel longer to reach the
metro station location. The only significant socio-demographic variable is the car ownership. It is indicative that car is
convenient to access the stations especially for the trips outside the city of Amsterdam.
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6.2 Analysis

Figure 5: Comparison of bets estimated for Hypothesis testing

The figure 5 shows the betas estimated in the individual hypothesis tested with the base model. It can be observed that
the in case of the betas estimated for the income, gender, employment status and urban density the value for metro and
train have an opposite sign. It depicts that males would prefer to use car to access and egress metro station but not the
train. For the income parameter it can be interpreted that high income earners do not prefer to use cars to access and
egress train stations where as it is vice versa for metro. The beta estimated for employment status suggests that full time
employed individuals favour the use of active modes such as cycling and walking to access and egress to and from the
train station. However, this is not the case with metro users. The attribute is not as significant in case of the metro
model. Thus, it depicts that for both the train and metro the mode choice behaviour cannot be expected to be the same.
It is attributed to various other factors such as the type of network, station facilities, attitudes towards to them etc. It is
to be noted that for both the models the gender, income and urban density are not significant attributes.

Comparing the final model
Tt is observed that amongst the socio-demographic variables tested, the only significant variable is car ownership for the
metro model. It is expected that the metro system is a relatively small network and is available in the city of Amsterdam
and hence all respondents do not have direct access to it. Whereas, in the case of the train network, it is spread across
the country and within the city. This trait is also implied via the coefficient of the travel time of the main mode in the
case of the train is significant and is negative but in the case of the metro, it is positive and is insignificant. As it is a
dense, high-frequency urban network it is a fast system catering to a smaller and limited region the in-vehicle time is
expected to be short.

Certain aspects such as the highly educated, high-income individuals with a full-time job are more likely to adopt
cycling and walking as their preferred mode of transport especially for the bike-train combination Shelat2018. This is
echoed in the train model and the metro model. The common trait observed is that the car egress travel time beta is not
considered to be significant. It shall be considered that the number of observations is lower for the car alternatives.
However, it is in line with the literature corresponding to the Dutch context the respondents are expected to use cars for
uni-modal trips rather than multi-modal trips StephanKrygsman. It can be seen that bicycle substitutes walking as the
most popular access and egress mode at a lower distance for trains than for lower-level transit networks Shelat2018. It
can be attributed to the fact that the availability of bike parking facilities is higher is the possibility of using cycles for
access and egress. Individuals are willing to go to the fourth closest train station for access to the station if it is said to
provide facilities and better connection such as lower number of transfer VanKampen2020.
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6.2.1 Discussion

7 Conclusion and Recommendations

As suggested in the literature there is umpteen research in the field of modelling of access and egress mode choice.
However, the simultaneous modelling of mode choice is not investigated in that depth. Furthermore, for an urban setting,
the lower-level networks play an important role. Currently, the four-step model with the discrete choice modelling
is adopted in western European countries. Hence it is necessary to deduce a compatible model compatible with the
existing framework. Thus, discrete choice models are adopted for analysis. In the case of the Netherlands, the National
and regional models are strategic models are analysed. For the larger urban regions, Amsterdam, Rotterdam and Hague
area etc. have models where in the discrete choice modelling is implemented. Literature suggests various factors that
affect mode choice significantly based on studies carried out in different contexts and modelling methods. The data
used in this study is ODiN (on der Weg) it is a study conducted by CBS on a yearly basis. The advantage of this
methodological approach is that it is designed to be flexible and applicable based on what policy implications require to
be tested. Comparing the systems of the metro and train the cycle also in a way is a competing mode on an urban level
for the metro stations. For the visitors within the city, it is more comfortable to use bikes. It is important to note that
the dominant use of cycle is a function of the cultural context and it is not always expected to be the case for other
countries. It is an adaptable framework for any city overall. The main point of difference is the contextual parameters
that affect the choice set generated. Additionally, it is a more applicable system in an urban context as it is expected that
the availability of public transport choices is higher in urban regions. There has been a growth in car ownership over the
period time however the cycling has remained a constant mode. The socio-demographic variables impact the access and
egress mode choice for trains more prominently as compared to the metro, in the case of Amsterdam. One reason might
be that the metro has a higher ability to be a feeder mode for the trains rather than the main mode. For residents within
the city, it can be expected that there are other choices such as cycles that provide them with a higher convenience to
travel rather than make transfers. However, they are contextual parameters, and this might not be the case in other
cities and other modes might be more dominant. The dominance of the car ownership variable might also suggest that
having a car and travelling from out of the city is required to reach metro station. The metro is used in conjugation
with walking and other public transport modes more. The are many modelling approaches that can be adopted, studies
suggest that hybrid modelling processes can also be adopted or other more complex and advanced models can be used.
The trade-off is of course is the computation time. However in this case a more complex ML model was considered and
the results depict that there is no correlation amongst the alternatives having the same access and egress modes.

7.0.1 Limitation

The pre-specified mode chains are extracted as choice alternatives. As the literature suggests there are a lot of
permutations and combinations that can be generated, the feasible mode chains are determined based on the studies
in the existing context and based on the data available. The number of alternatives is limited. It is a rather complex
problem to address mathematically, and a particular approach is only considered. Not all the provided alternatives need
to be always available to all individuals. Considering that the Netherlands has a pro cycling approach it can be assumed
that cycling is an alternative that is always available. As the data suggests that the people using other modes of transport
also have access to cars.
Furthermore, the integration of the route choice is also the feedback loop that is taken into consideration. The research
addresses the mode choice perspective for a transport model and not the route choice component. It is assumed that the
route chosen by the individual is the optimal one. Depending on the parameter that is to be optimized for the route
choice such as travel time, travel costs and distance etc. there are multiple approaches that can be taken. The data
used is a travel survey which is a form of revealed preference survey. Though a lot of data is available from the data,
newer ways of data collection systems such as GPS, GFTS would be able to provide more real-time information. Also,
the values are reported so there might be inconsistencies in the real value and the reported value. Thus, the use of the
data to make more accurate predictions would be preferred. The travel time values are deduced using the google API
algorithm which is not exactly the reported value. Additionally, the travel costs are not considered in the case only
travel time is the variable considered and is expected to vary amongst the alternatives. It is assumed that the optimal
alternative is selected by the respondent in terms of station choice. However, there might be more optimal paths in
terms of cost and time that are not known to the respondent and they end up making a particular choice.

7.1 Discussion

The framework is adaptable to the different systems of public transport. Moreover the aim is to provide a framework
that can be applied in different cultural contexts as well. The points to be noted for the choice set generation considered
is a similar approach to other studies having maximum two intra-modal transfers. As the trip becomes more complex
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than that the likelihood of making a more complex trip reduces. Comparing the travel time parameters weight of travel
time access and egress is higher as compared to the main mode for both train and metro. This would suggest that
more focus in the decision making process of mode selected is given to access and egress. Hence, to encourage the
users to adopt public transport as their main mode the access and egress must be the emphasized upon. In terms of the
socio-demographic variables , it seems to have a higher impact on the access and egress mode choice in case of the
train model. It is expected to be a function of the availability of such a network in the entire country that it is more
prominent. In case of the metro it is only available within the city. However, for a different city in in a different country
the results might not be the same. For the current research is the starting point for modelling is the is the MNL model.
The limitation of the MNL model is that it is assumed that the all alternatives are independent, which in reality is not
always the case. To account for the correlations an ML model is is further analysed. The results suggests that the
correlations are insignificant, thus suggesting that the alternatives are independent. It depicts that the individual takes
the whole trip into consideration when choosing the mode. It is an interesting insight that the whole trip is considered
as a single entity without any correlations within the alternatives having the same access and egress modes. It has to be
noted that it is what the data represents in this context. When applying a similar framework to another context such as a
different city it is very likely that there are correlations between the alternatives.

7.2 Further research

As deduced in the first question there are many factors in literature that affect mode choice. However, it depends on
the requirement of the policy insights. Hence, in the current analysis, not all the factors are considered. In order to
analyze the impact of mobility hubs additional variables such as the availability of parking spaces, accessibility to P+R
facilities, Level of service of the public transport services etc can be added to the model and it can be used to analyse
and test the hypothesis. Additionally, micro-mobility points are becoming increasingly popular. However, it must be
considered that the alternatives such as trip purpose plays an important role. Moreover, contextual variables such as the
willingness to cycle for a certain distance and time matter. In the Dutch context, cycling is en-grained as a part of the
lifestyle hence it is widely accepted and adopted.
Further research can be done to analyze how the metro system or an urban system competes with cycles as the main
mode of transport within the urban regions. As suggested by the results of the model, in the case of the metro model the
socio-demographic variables are insignificant. Thus, the analysis suggests the car ownership is a very important factor
and to encourage multi-modal trips would be something that can be ventured into further. Additionally, the research
how such urban transport systems and cycles at time act as more competing modes rather than complementary modes.
It can be studied further.
As this study focuses on the mode choice perspective the route choice can be further integrated with the system Points
regarding the competing station choice integration. The decision making for the station choice are not integrated. In
theory the individual might have better options to chose for access and egress and may be optimum in case of time and
convenience. They might not be aware of all the available alternatives. Using the real-time data and integrating the
route choice perspective would be a more advanced method such as heuristics that can be implemented to deduce the
choice set generation.
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Train Base model iterations 

 

 

Figure 1 Access and egress mode specific parameters 
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Metro Base model iterations 
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Mixed logit model iterations 
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