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Abstract

Travel behavior models are essential for transportation planning and policy
development, addressing challenges like traffic congestion, environmental
impact, and equitable access. By analyzing how individuals make travel
choices, these models support decisions related to infrastructure investment
and resource allocation. These models cover various aspects of travel
, including activity planning, route selection and travel time and are
constantly being revised. One of the key ground of improvements are the
emergence of novel data sources, significantly advancing the understanding
of travel behavior and overall transportation planning. This thesis fits
within the stream of studies that investigates travel behavior models
using novel data sources to guide policies that enhance mobility, support
sustainability, and promote equity in transportation systems, by means of 4
distinct papers.

Paper 1 focuses on adapting mobile network data to Scaper, a dynamic
discrete choice model. The Scaper framework, originally designed for
activity generation and scheduling based on travel survey data, is tailored
to handle the big data source and adapt accordingly. The study develops
probabilistic models by integrating observed and latent states to infer
trip attributes from cell tower observations. It employs a backward
induction method to compute the expected value function, using Stochastic
Expectation-Maximization for parameter estimation. This paper offers
a methodological contribution, demonstrating the potential of how to
effectively adapt an activity based model Scaper to new data sources. To
illustrate the usefulness of this framework, we emphasize its application in



Paper 2. This new framework is used for assessing mobility inequality and
segregation before and during COVID-19 in Stockholm. This shows how
we can use these models and data to further investigate mobility patterns
during times of crisis and to envision a more resilient transport system that
promotes equity.

In line with the thesis’s scope of integrating sustainability into research,
we use route choice models and GPS traces to investigate cycling behavior.
Paper 3 primarily focuses on cyclists’ route preferences in the Netherlands.
Notably, cyclists, including commuters, do not always choose the shortest
path. Instead, various factors influence their decisions, raising the important
question: how can we design infrastructure that aligns with cyclists’
preferences and encourages more frequent cycling? the detailed GPS traces
allowed for to investigate various aspects of the route beyond distance,
for instance, number of junctions, traffic lights, presence of nature, etc.
This paper utilizes two approaches to address this question. The first
is theory-driven based on logit models, the Path Size Logit (PSL) and
the Pairwise Combinatorial Logit (PCL), both rooted in random utility
maximization principles and designed to account for route overlap among
choices. The second is a data-driven approach using deep learning to
predict route choices through a one-dimensional Convolutional Neural
Network. We conducted a sensitivity analysis to uncover key patterns
in the deep learning model, offering insights into the factors influencing
route preferences. By comparing these two approaches, we emphasize their
strengths and limitations while showing how GPS data integrates with them
to uncover key factors influencing cyclists’ route choices. This paper guides
policymakers in designing efficient and appealing cycling routes.

Paper 4 expands the scope by incorporating GPS data alongside
sociodemographic information to examine cycling behaviors, particularly
in a cross-border context. Data were collected from three cities, namely,
Braga, Istanbul and Tallinn. The focus is on travel time: What are the
average and range of travel time for cyclists in different cities? How do
factors such as age, and gender influence travel time? Are there differences
between different cities? Travel time is a crucial variable for travel demand
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modeling but more so for cyclists, as they do not always prioritize speed. A
longer trip isn’t necessarily worse; it might even be preferred if the shorter
alternative is more exhausting. Novel data sources like GPS traces collected
over period of months in three different cities provides the opportunity to
understand these complex and comparative behavioral contexts. Cycling
underscores not only the value of time but also the quality of time spent
engaging in the activity. It’s within this context that travel time modeling
becomes particularly important to investigate. Using a survival analysis
approach, specifically the Latent Class Accelerated Failure Time (LCAFT)
model, Paper 4 reveals how distance, trip purpose and bike type influence
the travel time of cycling and identifies potential latent classes in different
age groups and gender.
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Sammanfattning

Modeller for resebeteende é#r avgorande for transportplanering och
policyutveckling, eftersom de hanterar utmaningar som trafikstockningar,
miljopaverkan och rattvis tillgang till transporter. Genom att analysera
hur individer fattar resebeslut stodjer dessa modeller beslut kring
infrastrukturinvesteringar och resursférdelning. Modeller for resebeteende
omfattar olika omraden, inklusive aktivitetsplanering, ruttval och resetidens
langd. Dessa modeller forbattras i takt med att nya datakéllor blir
tillgangliga, vilket leder till en okad forstaelse for resebeteende. Denna
avhandling undersoker resebeteende med hjilp av nya datakallor for att
ge végledning for policy som forbattrar mobilitet, stodjer héallbarhet och
transportjamlikhet.

Artikel 1 fokuserar pa att anpassa mobilnatsdata till Scaper, en dynamisk
diskret valmodell. Scaper-ramverket, som ursprungligen utvecklades for
aktivitetsgenerering och schemaldggning baserat pa resvaneundersokningar,
anpassas héar till denna typ av storskaliga data.  Studien utvecklar
sannolikhetsmodeller genom att integrera observerade och latenta tillstand
for att hérleda reseattribut fran mobilmastobservationer. En bakatrekursiv
metod anvinds for att berdkna den forvintade vérdefunktionen, och
parametrarna estimeras med hjalp av stokastisk Expectation-Maximization.

Denna artikel bidrar metodologiskt genom att visa hur Scaper effektivt
kan anpassas till nya datakallor. For att belysa ramverkets anvindbarhet
lyfter vi fram dess tillimpning i Artikel 2, dar den utvecklade modellen
anvéands for att analysera mobilitetsjadmlikhet och segregation fére och under
COVID-19 i Stockholm. Studien visar hur dessa modeller och data kan



bidra till att undersoka mobilitetsmonster i kristider och ge insikter om
hur ett mer motstandskraftigt transportsystem kan utformas for att framja
jamlik tillgang till transporter.

I enlighet med avhandlingens syfte att integrera hallbarhet i forskningen
anvander vi GPS-spar for att frimja aktiva transportmedel, sarskilt cykling.
Artikel 3 fokuserar framst pa cyklisters ruttpreferenser i Nederléinderna. Det
ar vart att notera att cyklister, inklusive pendlare, inte alltid véljer den
kortaste viagen. I stallet paverkar olika faktorer deras beslut, varvid vi kan
stalla fragan: hur kan vi utforma infrastruktur som Overensstammer med
cyklisters preferenser och uppmuntrar till mer frekvent cykling?

Denna artikel anvinder tva metoder for att besvara denna fraga. Den forsta
ar en teoridriven metod baserad pa logitmodeller: Path Size Logit (PSL)
och Pairwise Combinatorial Logit (PCL), bada grundade i principerna
for slumpméssig nyttooptimering och utformade for att ta hansyn till
ruttéverlapp mellan valmaojligheter. Den andra &r en datadriven metod som
anvander djupinlarning for att forutsdga ruttval genom ett endimensionellt
konvolutiskt neuronnétverk (ConvlD). Vi genomférde en kéinslighetsanalys
for att identifiera viktiga monster i djupinlérningsmodellen, vilket ger
insikter i de faktorer som paverkar ruttpreferenser.

Genom att jamfora dessa tva metoder betonar vi deras styrkor och
begransningar samtidigt som vi visar hur GPS-data kan integreras med dem
for att identifiera nyckelfaktorer som paverkar cyklisters ruttval.

Artikel 4 utvidgar perspektivet genom att inkludera GPS-data tillsammans
med sociodemografisk information for att undersoka cykelbeteenden,
sérskilt i ett grédnsoverskridande sammanhang. Data samlades in fran tre
stader: Braga, Istanbul och Tallinn. Fokus ligger pa restid: Vad ér den
genomsnittliga restiden och variationen i restid for cyklister i olika stdder?
Hur paverkar faktorer som alder och koén restiden? Finns det skillnader
mellan olika stader?

Restid ar en avgorande variabel inom modeller for reseefterfragan, men dnnu
mer s& for cyklister, eftersom de inte alltid prioriterar hastighet. En langre
resa dr inte nodvindigtvis simre; den kan till och med foredras om det



kortare alternativet ar mer anstringande. Nya datakéllor som GPS-spar,
insamlade under flera manader i tre olika stader, ger mojligheten att forsta
dessa komplexa och jamférande beteendemonster.

Cykling understryker inte bara véirdet av tid utan ocksa kvaliteten pa
tiden som spenderas pa aktiviteten. Det dr i detta sammanhang som
modellering av restid blir sarskilt viktig att undersoka. Genom att anvinda
en overlevnadsanalytisk metod, specifikt Latent Class Accelerated Failure
Time (LCAFT)-modellen, visar Artikel 4 hur distans, resans syfte och
cykeltyp paverkar cyklisters restid och identifierar potentiella latenta klasser
inom olika aldersgrupper och kon.
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Introduction

Modern societies face major challenges with transportation systems. Rapid urban
growth puts pressure on infrastructure, causing traffic congestion and straining public
resources. At the same time, transportation impacts the climate, and growing
inequalities create uneven access to reliable mobility. The complexity of modern
cities, with unpredictable travel patterns and changing systems, makes it harder to
develop effective and equitable transportation solutions.

Amid these challenges, the question arises: what do we aim to achieve in urban
mobility? The answer lies in sustainability. This ideal extends far beyond simply
reducing emissions [Isetti et al., 2020]; it serves as a fundamental pillar in addressing
cities” broader sustainability challenges. Urban mobility, with its complex and
multi-layered nature, requires us to study its interconnected elements, identify
real challenges, and craft effective solutions. Achieving this transition is often
difficult, as sustainability demands a holistic approach that encompasses the
entire system—spanning technology, energy, and effective planning policies and
practices. Key components of sustainable mobility include promoting multimodality
by encouraging eco-friendly options like biking, walking, and public transit.
Additionally, reducing transportation disparities across social and demographic
groups is crucial to ensuring equitable access for all. Another vital priority is
achieving resilience, which ensures that transportation systems remain functional
and reliable during crises and emergencies in our ever-changing world.

Advances in connectivity and digitization have created new opportunities to address
these challenges and achieve these goals. Big data technologies offer insights into
mobility patterns and transport system dynamics. Smartphones provide unique
mobility data from mobile networks, GPS, and Wi-Fi, delivering detailed and



real-time views of travel behavior. This wealth of data strongly supports the
development of travel behavior models, helping us investigate when, where, how,
and why people travel. By integrating theory with the insights derived from data,
decision-makers are guided to craft concrete actions to address mobility challenges.
The fusion of traditional approaches with emerging technologies offers a pathway to
creating equitable, sustainable, and resilient urban transportation systems.

1.1 Aim

The overall aim of this thesis is to bridge traditional and new models with new data to
enhance decision support in sustainable mobility planning. By applying econometric
and machine learning techniques, the thesis provides new insights into transportation
across a variety of contexts. It walks through numerous facets of modeling daily trips,
ranging from activity-based modeling to route choice and travel time estimation and
using different types of data. All of this is carried out to investigate travel behavior
to improve transportation policies.

The thesis is situated within the context of sustainable transportation systems,
focusing on advancing equitable access to mobility options and promoting active and
environmentally friendly transportation, with a particular emphasis on how policies
can help achieve these goals. It integrates new data sources and modeling techniques,
examining the intersections between data, models, and policy through four studies:

e Paper 1 uses mobile network data to estimate Scaper, an activity-based
Dynamic Discrete Choice Model (DDCM) originally developed by
[Vastberg et al., 2020], which previously relied on travel survey data.
Our findings highlight the flexibility of activity-based DDCMs in integrating
new data sources through appropriate modifications within a well-established
modeling framework.

o Paper 2 employs mobile network data within the new Scaper framework
to address a planning issue: how daily patterns of segregation fluctuate,
particularly in response to global crises like COVID-19. This approach
provides insights into the spatiotemporal dimensions of urban segregation and
inequality.



o Paper 3 incorporates GPS data into a framework that juxtaposes theory-driven
models (Logit-based) and data-driven models (neural networks) to examine the
factors influencing route choices among commuters. The findings have direct
policy implications for infrastructure planning aimed at promoting cycling by
investigating commuter preferences.

o Paper 4 integrates GPS and survey data with latent class survival models
to examine within-between differences in cycling travel time among diverse
sociodemographic groups in three European cities and to provide insights for
culturally tailored transport policies.

1.2 Purpose

Transportation comes fundamentally from a socioeconomic need. People need to
travel to accomplish basic objectives or tasks that require transfer from one location
to another. This includes searching for food, work, trading goods and commodities,
and personal fulfillment. A student needs to travel to the school, a doctor must
consult her patient in the office. Transportation is what brings people to live, work,
and interact.

Transportation research plays a role in the improvement of our societies on multiple
levels. It is essential for building better infrastructure, providing safer conditions for
travelers, and adapting to technological changes. For centuries, transportation has
been pivotal in enabling trade and facilitating commerce, business, expansion, and
societal engagement. National welfare is strongly impacted by the effectiveness and
advancement of transportation [Rodrigue and Notteboom, 2024].

The quality of transportation systems is linked to enhancing market growth
and economic competitiveness. Having a robust effective transportation system
that facilitates individuals and companies to move and expand brings valuable
social and economic welfare. Countries with advanced transportation systems
and infrastructures generally rank as leaders in manufacturing and trade
[Kim, 2012, Levinson et al., 1999, Allen and Arkolakis, 2022].

In the past decades, as society has become more complex, the traditional focus
on economic growth has shifted to be more holistic to include sustainability as



a major element in the planning equation [Wang et al., 2018a]. Transport and
urban planners have been seeking new approaches to deal with contemporary issues
[Lyons and Davidson, 2016, Hrelja, 2015]. Urbanization, climate change, inequality
and segregation are reshaping the way planners integrate transportation systems.
Sustainable Development Goals (SDGs) set up by the UN, have been providing
government and policymakers a comprehensive and global scope to foster a more
sustainable strategic planning and implementation. The SGDs cover a wide range
of areas, to name a few; sustainable cities and Communities (SDG 11), reduced
inequality (SDG 10), and Climate actions (SDG 13).

A sustainable transport system is about the capacity to provide mobility and
accessibility in an inclusive way to meet the needs of people, in a safe and least
damageable manner to the environment [Potter, 2007, Litman and Brenman, 2012].
The transport ecosystem should also be designed to be accessible to all, including
users whose access to current standard transportation services is difficult.
Transport solutions should provide equality of access when it comes to different
socio-demographics such as gender, age or economic level.

However, transportation also plays a significant factor in air pollution, traffic
congestion and road accidents. Transport is one of the largest contributors of CO2
emissions, due to the increase of vehicles powered by fossil fuels, coming from cars,
trucks, ships, trains, and planes. It accounts for more than a third of greenhouse gas
emissions from end-use sectors [International Energy Agency, 2023]. Decarbonizing
transport systems involves reducing the system’s reliance on fossil fuels by shifting
to more eco-friendly alternatives, such as bikes, electric vehicles and promoting the
use of public transport [Gota et al., 2019, Danielis et al., 2022].

Urban and transport planners are responsible for developing reliable transport
solutions that are green, efficient, and equitable. Planning requires a deep
understanding of the dynamics of mobility and how things might change in the
future. This is where transport modelers come into play to extract insights from
current and historical data to investigate mobility and to lead planners to adopt
the relevant strategies and policies for reshaping a sustainable travel behavior
[Jonsson, 2008, Lovelace et al., 2020].

Forecasting how and where people will be traveling under certain conditions
(e.g. change of land use for work-related purposes, response to a pandemic,



building a new metro line) leads to the adoption of better solutions for future
mobility systems. Strategic interventions can lead some travelers to alter their
behaviors in different ways, including travel mode, route, and departure time
[Jahangir et al., 2019, El Zarwi, 2017]. A shift in the demand will then bring a
change in traffic flow patterns in terms of aggregate demand, peak hours, and
distribution of travel volume.

Transportation planning involves considering a range of measures and policies. This
is what is called "What-if” analysis, an approach that enables modelers to examine
the different scenarios’ outcomes and develop a set of recommendations for the future
[Lyons et al., 2021, Pettit et al., 2020]. Travel demand models take into account the
transport-related decision processes that influence human mobility, thus enabling
planners to assess individual travel responses to changes; this includes assessing
whether a new line is needed, how the public transportation network should be
developed to foster accessibility in different regions, how railway timetables should
be scheduled to efficiently meet the demand, or how to design and build cycling
infrastructure that will increase biking travel demand.

For decades, transportation modelers have used collected data, primarily derived
from travel surveys where individuals or households report their travel patterns
through paper, phone interviews, or web surveys [Stopher and Greaves, 2007,
Torre-Bastida et al., 2018]. Today’s digital revolution has yielded a huge amount
of new types of data from mobile network operators, smartphone apps, and
smart cards, complementing traditional survey data. Big data derived from
these sources have been used to uncover mobility patterns, and identify major
behavioral factors that explain travel behaviors e.g. route and mode choice
[Neilson et al., 2019, Torre-Bastida et al., 2018].

However, many questions remain unresolved in this field, such as: How can
traditional models be updated with novel data? When are data-driven approaches
more suitable than theory-driven ones? What new policy insights emerge from new
data and models? Are certain policy concerns harder to address without traditional
data like travel surveys? When is more data beneficial, and when are new models
necessary? This thesis contributes to addressing these questions across four papers
focusing on travel behavior modeling using novel data sources, such as mobile
networks and GPS data. The thesis also highlights how data and models, if used



effectively, can offer relevant insights into various aspects of sustainability (see Table
1).

Paper Data Model Policy

P1 Mobile Network DDCM Assess differences in mobility
between high and low groups
to implement targeted mobility
solutions, reducing transport
disparities for low-income
groups.

P2 Mobile Network DDCM Develop  policies  addressing
spatial inequality and reducing
segregation during crises like
pandemics.

P3 GPS PSL, PCL, ConV1D | Identify  factors influencing
commuters’ route choices to
support infrastructure fostering
cycling for commuters.

P4 GPS + Survey LCAFT Implement
sociodemographic-sensitive
infrastructure planning to
reduce disparities in different
cities.

Table 1: Data, models, and policy implications in the thesis.

1.3 Specific research objectives

This thesis is focused on improving transportation systems while promoting
sustainability. It develops advanced transportation models by applying both
theoretical and data-driven approaches to investigate and predict travel behavior.
It provides also empirical case studies in five different European cities, helping
transportation planners and policymakers develop effective, equitable, and
sustainable transportation systems. Additionally, the thesis uses novel data sources
such as mobile networks and GPS data to create flexible models that offer insights
into travel behavior and support sustainable urban planning.

The research objective of Paper 1 is to adapt an established activity-based model
to incorporate new data, specifically mobile network data. Building upon a robust
modeling foundation of Scaper, this research focuses on enhancing the model’s
adaptability to process and analyze large datasets, allowing it to estimate trip



attributes and provide a synthetic population’s trip sequence in different zones. By
integrating latent models within the estimation process and applying a stochastic
expectation-maximization approach, we upgrade the model’s ability to infer detailed
mobility patterns from incomplete data of cell towers. Paper 1 develops a novel
framework that extends the model’s capabilities to accommodate new data sources
while maintaining its core structure. Additionally, it integrates equity considerations
by applying the model through a case study in Stockholm, comparing mobility
differences between high- and low-income groups.

Paper 2 provides an empirical framework for assessing mobility differences between
high- and low-income groups during the COVID-19 pandemic, focusing on how the
pandemic influenced movement patterns, social interactions, and spatial segregation
across these groups. Based on the new Scaper framework developed in Paper 1,
we use newly available data to re-estimate and simulate four models—two each for
pre- and during COVID-19 conditions for both income groups in Stockholm. This
simulation of synthetic populations allows us to critically evaluate mobility disparities
during the pandemic, offering insights into the social dynamics and disparities that
emerged under the pandemic.

Paper 3 uncovers insights into route choice preferences among e-bike commuters.
Specifically, this research investigates the factors that influence cyclists’ route
selection, examining which attributes are most valued and contribute to the
decision-making process. The study employs both theory-driven logit models and
data-driven deep learning techniques to identify influential factors. Using a case
study of high school commuters in Nijmegen, Netherlands, this paper offers a
comparative analysis of these approaches, providing a deeper understanding of route
choice dynamics for e-bike infrastructure design.

Paper 4 investigates sociodemographic differences in cycling behavior, focusing on
travel time patterns across various trip attributes. This study models travel time
as influenced by factors such as trip distance, weather, trip purpose, and bicycle
type, and it explores how these factors impact different cyclist groups. Using case
studies from three cities with diverse cycling cultures Istanbul (Turkey), Tallinn
(Estonia) and Braga (Portugal), this paper aims to identify latent cyclist classes
and assess within-and-between group differences in cycling travel time. This study



contributes to the development of equitable infrastructure for cyclists across borders,
by investigating their behavior.

1.4 Structure of the thesis

The content of this thesis is structured as follows: Section 2, covers the different
types of data used: travel surveys, mobile network and GPS data. In section 3,
the thesis dives into the theory-based approaches like discrete choice, latent and trip
duration models. It introduces dynamic discrete choice models, particularly Scaper
and its background (Papers 1 and 2). In section 4, data-driven methods like machine
learning and deep learning are discussed. Section 5 highlights the contributions of
the papers. It also sheds light on the overall sustainability relevance of this thesis
and discusses both theoretical and data-driven approaches. Furthermore, it examines
the limitations of the study and provides recommendations for future work. Lastly,
section 6 highlights the practical and policy implications of the conducted research,
underlining how the models presented in this thesis can inform more sustainable,
equitable, and resilient transportation systems for urban planners and policymakers.



Data Sources

The fuel for models is data. Models are adapted to fit data, not the other way around.
Data is essential for the development, validation, and application of models. This
section highlights the various types of data used in this thesis. It begins with travel
survey data, a fundamental type of data that has been extensively used for decades
in transportation and mobility research. This traditional data forms the foundation
upon which Scaper was initially developed [Véstberg et al., 2020]. In Papers 1 and
2, we adapted the DDCM framework of Scaper to incorporate a novel type of data,
mobile network data, which is also discussed in this section. Finally, we introduce
the data type used in Papers 3 and 4: smartphone GPS data.

2.1 Travel Survey Data

Travel survey data have been a key data source for transport planners and
researchers since the 1970s [Stopher and Greaves, 2007]. Travel survey data monitor
and describe mobility. This data is still used today as it addresses people’s daily
travel on a given day, including the start and end times, the locations of travel,
the modes of transport, and the purpose and duration of activities. It generally
includes information about individuals, such as socioeconomic and demographic
characteristics, as well as household factors like size, structure, and car availability.
Travel survey data may also include details such as trip cost, companionship,
parking availability, and vehicle type. This complete information about how, why,
where, and how far people travel within an urban context makes travel surveys
important.



Travel surveys play a vital role in collecting information about individuals’
travel patterns, preferences, and the factors influencing their travel decisions.
As cities expand and populations grow, investigating these travel behaviors
becomes increasingly important. The data collected is instrumental in improving
transportation systems, such as designing new infrastructure, enhancing public
transit, and creating safer and more convenient travel options. The quality of data
collected in travel surveys is crucial, as it directly impacts the accuracy of transport
models, analysis, and the effectiveness of policy and planning decisions. Poor-quality
data can result in misguided priorities and ineffective transportation strategies,
whereas high-quality data provides a robust foundation for transportation planners,
modelers, and policymakers to make informed decisions.

Although national travel surveys provide valuable insights, they face several
limitations. [Richardson et al., 1996] identifies three primary sources of systematic
error that must be considered and addressed when conducting travel surveys. These
errors contribute to potential bias and distortion of the data, and they can be
grouped into the following categories: Non-response, Non-reporting and inaccurate
reporting.

2.2 Mobile Phone Data

The revolution of ICT has given rise to what is now known as big data. The
widespread use of mobile phones, enabled by various sensors, has introduced a novel
source of this data. Over the past decade, mobile phone data have been instrumental
in investigating mobility patterns [Xu et al., 2015, Csdji et al., 2013]. Big data have
played a key role in developing more sustainable and smarter cities by enhancing
intelligent transportation systems and providing insights into where, when, and how
people move [Welch and Widita, 2019].

As noted by [Choujaa and Dulay, 2009], there are two primary methods for tracking
a user’s location: location systems and motion systems. RF (radio frequency) signals
are used to determine the location of mobile phone devices. These signals include
data from cellular networks (CDR), GPS, Wi-Fi, and Bluetooth. Built-in sensors
such as accelerometers are employed to monitor the motion status of mobile phone
devices.
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Papers 1 and 2 rely primarily on cellular network-based data, while Papers 3 and 4
use data from smartphone GPS. In this section, we will focus on mobile phone data
collected through cell towers and smartphone GPS-based data.

2.2.1 Cellular network-based Data

Cellular network-based data is the most frequently used type of mobile phone data
for travel behavior research [Phithakkitnukoon, 2022, Sakamanee et al., 2020]. This
data is collected by telecom companies under strict licensing agreements that protect
user privacy. Telecom companies operate cellular networks that span large geographic
areas, enabling users to connect to the network. As users make calls, send SMS
messages, or use the internet, the network logs these events, creating time-stamped
records of their locations and activities. This form of data collection is known as
event-based data. It captures specific user interactions with the network, and it’s
called Call Record Details. In contrast, another form of data collection is known
as network-driven data. Unlike event-based data, network-driven data is collected
periodically and does not depend on specific usage, resulting in more stable and
higher temporal granularity. This data is gathered consistently over time, offering
finer temporal resolution compared to event-based data. When it comes to spatial
resolution, network-driven data can range from several hundred meters to just a few
meters. The accuracy depends on several factors, such as the density of the cellular
network and type area [Wang et al., 2018b).

A major concern with this type of data is the protection of user privacy.
One of the most commonly used approaches is anonymization, which typically
involves removing personal identifiers, such as names, and applying hashing
techniques [Gedik and Liu, 2007]. However, even though names are removed,
other sociodemographic information, such as age, gender, or location patterns, can
potentially reveal someone’s identity. This raises concerns about the ability to
track or re-identify users, making privacy protection a critical issue in mobile data
research.

To mitigate these risks, methods like the k-anonymity model have been applied
[Gedik and Liu, 2007, Calabrese et al., 2014].  K-anonymity ensures that each
individual in the dataset cannot be distinguished from at least k others based on
their attributes, thereby reducing the risk of re-identification. Other important
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privacy models related to this include l-diversity, t-closeness, and LKC-privacy.
Among these, k-anonymity has been the most widely known and utilized model
over the past two decades.

2.2.2 Smartphone GPS-based Data

Smartphones, now a daily necessity, usually come with GPS, making them a useful
tool to replace dedicated GPS devices for collecting travel data. With built-in
GPS, smartphones can passively track travel patterns and help identify important
travel behaviors, like the modes of transportation used. GPS-based smartphone
apps can easily record detailed information about a person’s movements, such as
destinations visited, distances covered, travel times, and routes taken, with little
effort. Location-based apps have become essential in our daily routines, powering
services like navigation, ride-sharing, weather updates, and social check-ins.
These apps depend on GPS and geolocation technologies to deliver real-time,
location-specific information. Geolocation identifies a device’s physical location by
gathering data from GPS, Wi-Fi networks, cell towers, and IP addresses, allowing
for more accurate and reliable location tracking.

With the widespread adoption of GPS-enabled devices like smartphones
and tablets, combined with the growing trend of personal device ownership,
data collection for travel behavior models have advanced significantly
[Lue and Miller, 2019, Bierlaire et al., 2010, Huang et al., 2021].  The flexibility
offered by applications on these devices enables passive data collection with minimal
effort from participants. Smartphone GPS data presents a powerful new tool
for tracking travelers’ movements, offering a more accurate and efficient method
for collecting route data. Compared to Call Detail Records (CDR), which rely
on triangulation from cellular network signals and provide less precise location
information, GPS data stands out for its higher accuracy, making it ideal for
monitoring travel patterns. This technology has been applied across various research
contexts to measure exposures and activities, significantly broadening the scope of
space-time analyses. By capturing not just trip origins and destinations but also
the chosen routes, smartphone GPS provides deeper, more comprehensive insights
into travel behaviors [Barabino et al., 2024, Ge and Fukuda, 2016].
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Methodological Background

We start with the discrete choice models, emphasizing random utility and, more
specifically, logit-based models, as they are embedded in all the papers. Next,
we discuss the four-step model, a classic approach that introduces us to the
activity-based model, which is central to Papers 1 and 2. Following this, we delve
into the framework of the dynamic discrete choice model and provide an overview
of Scaper, which is our core model in Paper 1 and Paper 2.

We then move on to latent models, highlighting the difference between latent class
and latent variable models, as they are respectively used in Paper 4 and Paper 1.
Lastly, we transition to duration modeling, the foundation of Paper 4. This includes
an introduction to linear regression as a classical approach and extends to more
advanced models, such as survival models, with a particular focus on the Accelerated
Failure Time (AFT) model.

3.1 Discrete Choice Models

Discrete choice models are of paramount importance in transportation research,
particularly for predicting travel behaviors such as choices related to the mode
of transportation, destinations, and routes [Ben-Akiva and Lerman, 1985]. These
models are grounded in the theory of random utility maximization (RUM), which
suggests that when people have several choices, they assess the attributes of each
option and select the one that maximizes their utility [Train, 2009].

Microeconomically, the models assume that travelers are rational and behave as if
they are utility maximizers, selecting options that provide them with the highest
perceived benefit. This assumption does not imply that people explicitly calculate
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utility in their minds while making choices. Instead, it suggests that individuals have
an implicit ranking system for alternatives. This system prioritizes the option that
provides the highest utility, leading to the observed choice. It is about the actual
decision-making process rather than a conscious computation.

Our research, particularly in Papers 1 and 2, is built on top of the Scaper model,
which deals with how individuals schedule activities and make choices such as
whether to take a trip, which mode of transport to use, and when to complete
their activities. These decisions are conceptualized as discrete choices, and analyzed
within a framework that examines how individuals plan their day. They choose
destinations, time slots, travel modes, and activities from a finite set of alternatives.

In Paper 3, we investigate why cyclists select certain routes over others. The choices
are modeled based on the cyclists’ preferences. From this microeconomic perspective,
the chosen route represents the option the traveler prefers most among the available
alternatives. If another option had been more favorable, it would have been chosen
instead.

To dive deeper, discrete choice models are underpinned by two key theoretical
frameworks: Luce’s strict utility theory and Thurstone’s random utility theory. On
one hand, Luce’s theory assumes a deterministic decision-making process, in which
the probability of selecting a particular alternative is proportional to the utility
associated with that alternative relative to others. On the other hand, Thurstone’s
random utility theory introduces a stochastic element into the decision-making
process, where the utility of each alternative consists of both deterministic and
random components. Under this framework, the probability of selecting a specific
alternative depends on its utility exceeding that of all other available options.

One of the most widely applied discrete choice models is the logit model, which
has become a key tool for analyzing and predicting decision-making behaviors based
on the principle of utility maximization. The logit model calculates the probability
of selecting an option by comparing its relative utility to others, expressed in an
exponential form.

The logit model is widely used in transportation forecasting because of its simple and
clear mathematical structure, making it easy to apply and interpret. Its popularity
comes from the fact that the formula for calculating the probabilities of different
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choices is straightforward and provides a closed-form solution. Multinomial Logit
(MNL) models were originally based on work by Luce (1959), who introduced the
idea that the choice between two options is not influenced by the presence of other
alternatives, a principle known as independence from irrelevant alternatives (ITA).

MNL model primarily relies on other three assumptions. One is that the random
components of the utilities for different choices are independent and follow a specific
distribution (type I extreme-value or Gumbel). Second is that all individuals respond
similarly to changes in the attributes of the alternatives, an assumption known
as homogeneity. Third, these models assume that the error variance-covariance
structure, which accounts for random variations, is the same across all individuals,
known as homoscedasticity.

A major criticism of the MNL model is its reliance on the ITA assumption, which
implies that the utility of one choice is not affected by the presence or characteristics
of other options. This can lead to unrealistic predictions, especially when a new
option (e.g. route) is introduced that is similar to existing ones. The model predicts
that the market shares of the existing alternatives will drop proportionally, which
doesn’t always reflect real-world behavior when the new alternative is closely related
to others. This assumption emphasizes that to use MNL, the alternatives should be
uncorrelated in any way. This ensures that the choices are independent from one
another and that one choice does not overlap with another alternative.

For example, in Paper 3, this assumption is violated. A choice set where route
alternatives have overlapping segments introduces the problem of dependence. As a
result, using a simple MNL model in such cases might not be appropriate.

This has led to the development of more advanced models, such as Nested Logit (NL)
or Path-size Logit (PSL), which address these limitations by allowing for correlations
between similar choices.

The NL model provides more flexibility by allowing correlations between similar
choices, relaxing the strict ITA assumption. The NL model was first proposed by
[McFadden, 1977]. It is a generalization of the MNL model that is based on the
idea that some alternatives may be joined in several groups, called nests. The error
terms may then present some correlation in the same nest, whereas error terms of
different nests are still uncorrelated. In Paper 3, we focused on a type of Pairwise
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Combinatorial Logit (PCL) that falls under the category of Generalized NL. By
incorporating correlations between the utilities of pairs of cyclist routes, the PCL
model captures situations where a cyclist’s preference for one route provides insight
into their inclination toward another. The utilities of alternatives can be correlated
among routes. When such correlations are present, the PCL model can offer better
predictions of preferences over the MNL model.

Logit-based models play an integral role in each paper, serving distinct purposes.
Papers 1 and 2 integrate logit models within an action-state framework, including
the new cell model component. Paper 3 directly applies PSL and PCL models to
analyze and estimate individuals’ route choices. Paper 4 employs MNL models to
determine the probability of individuals belonging to latent classes based on observed
characteristics.

Since Paper 3 introduces logit models as applied methods for route choice modeling,
we highlight this application in more detail in the next section.

3.2 Application: Route Choice Modeling

Travelers are typically unable to evaluate all possible routes to their destination
due to a large number of options available. As a result, many route choice models
assume that travelers make decisions in a two-step process. In the first step, they
employ heuristics to identify a subset of potentially favorable and possible routes. In
the second step, they select one of these routes based on its specific characteristics
[Di and Liu, 2016].

A significant challenge in route choice analysis is the issue of route overlap.
Overlap introduces a statistical complication, as alternatives are no longer
independent. To address the issue of route correlation, particularly in large-scale
route choice problems, several models have been developed. Notable examples
include the C-Logit model [Cascetta et al., 1996] and The Path-Size Logit (PSL)
[Ben-Akiva and Bierlaire, 1999, Ben-Akiva et al., 2004]. These models were
designed to overcome limitations in traditional route choice models, especially in
handling the overlaps. By incorporating correction terms, they account for the
shared links between routes, significantly improving prediction accuracy. These
models aim to improve the accuracy of route choice predictions by incorporating
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correction terms that account for the correlation between overlapping routes. In
addition, route choice models often include a range of factors, such as route length
and expected travel time, as well as other considerations, scenic value, and points
of interest along the route. By integrating both correction terms for route overlap
and these diverse factors, these models provide a more reliable and comprehensive
understanding of travelers’ behavior.

The PSL model is a variation of the MNL model. While the latter is based
on the idea that travelers choose routes by maximizing their utility, it does not
account for the overlap between routes that share common links. To solve this
issue, [Ben-Akiva et al., 2004] introduced a correction factor that measures how
much each route overlaps with others, leading to the development of the PSL. The
model includes correction terms in the route utility functions to account for the
correlation between overlapping routes. These terms reflect how unique each route
is, penalizing routes that share links with other options.

3.3 From Trip-based to Activity-based Models

Papers 1 and 2 are integrated within the RUM framework, incorporating discrete
choices throughout the process of defining trip attributes. They build upon Scaper,
an activity-based Dynamic Discrete Choice Model (DDCM).

We begin by introducing a background to understand the activity-based aspect by
highlighting the rationale for adopting such a model and its general usefulness. This
is done by first presenting a classic traditional demand model and comparing it with
the proposed approach. Following this, we introduce the dynamic discrete choice
aspect. This framework models movement through a Markov chain and solves it
using the Bellman equation. This approach captures the dynamic nature of time
while incorporating activities into a space-time state framework.

The trip-based model commonly named the four-step model, is an established
framework within the scope of travel demand modeling, which takes into account the
interaction between the various steps of the process. It was developed in the 1950s
and is based on the gravity model (proposed in 1946 by George K. Zipf), which is
incorporated into one of the steps. The model consists of four key components: trip
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generation, trip distribution, modal split, and route assignment. It is known for its
iterative features across the last three steps.

The main limitations of this process are the lack of integration between sub-models
and the oversimplification of travel demand. This oversimplification is often due to
the fact that, in many cases, the models used for each step—such as trip generation,
attraction, mode choice, and traffic assignment—are estimated as stand-alone
models. As a result, they frequently struggle to predict certain situations, such as
derived travel or demand.

While modern models may consider interactions between these stages in the
simulation phase, the conventional sequential travel demand modeling approach
used in the trip-based process often fails to adequately capture individual
decision-making processes because it focuses primarily on aggregate travel
behaviors. To address these shortcomings, advancements have been made, such
as the development of more interconnected models that handle different steps
simultaneously. One notable solution is the emergence of activity-based models,
which provide a more detailed view of travel behavior by simulating the four stages
simultaneously at the disaggregate level.

Simulating trip itinerary sequences for a population at a disaggregate level is essential
for understanding dynamics at an aggregate level. Data sources such as travel survey
data, mobile network data, or GPS provide individual-level tracking with detailed
micro-level information. This level of detail is particularly relevant to the focus of
this thesis, especially in Paper 1 and 2.

Activity-based models focus on the idea that travel demand is driven by people’s daily
activities [Rasouli and Timmermans, 2014]. These models predict when, where, and
for how long people will do activities, and the travel decisions they make to complete
them. Unlike trip-based models, which treat each trip separately, activity-based
models consider a person’s entire day, taking into account the activities they need
to do and how they schedule them. As people’s schedules fill up, their travel options
become more limited, which is important for investigating the varying flexibility
different travelers experience.

Activity-based models are built on the principle that travel is driven by the need
to participate in activities. These models aim to predict the sequence and type of
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activities individuals engage in over a specific time period while considering spatial,
temporal, and resource constraints. Using behavioral theories, they account for
individual characteristics, linking activities through sequences of trips, and assume
that individuals choose trips that maximize their overall utility.

The shift from the trip-based model to the activity-based model improves how
we understand travel behavior. The trip-based model looks at trips in isolation,
focusing on their generation, distribution, mode choice, and network assignment. In
contrast, the activity-based model considers the purpose behind trips, emphasizing
activities and schedules. The activity-based model incorporates activity generation
and scheduling, providing insights into where trips originate and the types of
activities involved. It also looks at the timing of trips, the destinations, and the
modes of transport within a full schedule of activities, rather than treating trips as
separate events. This approach better reflects real-life travel patterns and provides
more detailed insights for planning transportation systems.

3.4 Dynamic Discrete Choice Models (DDCM)

This thesis integrates two papers into the activity-based DDCM framework, building
upon it, particularly through the use of Scaper. Our focus is on developing a
framework that provides a more realistic perspective on how people plan their daily
activities and trips. Specifically, people travel not for the sake of the trip itself but
to perform activities they have planned in advance, such as commuting to work,
shopping, or going to the gym.

With the ubiquitous use of mobile networks and data records of people’s movements,
we can understand that travel is inherently tied to purposeful activities. This view
emphasizes the activity-oriented nature of the movement, where individuals navigate
space and time to fulfill primary or secondary purposes.

3.4.1 Overview

In static choice models, travelers are assumed to make daily travel decisions based
solely on immediate factors, such as how much they enjoy an activity at the moment,
current weather conditions, or ticket availability. For example, a traveler may choose
to visit a museum or a park in the morning based only on how they feel at that
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time, without considering how this choice might affect their later activities or the
overall utility of the day. In this context, static models assume the traveler is myopic,
focusing only on maximizing present utility without accounting for how today’s choice
will influence the rest of their trip.

However, in reality, day-trip decisions often have later implications, which is where
dynamic choice models become relevant. For instance, a traveler deciding whether to
start their day with a hike or a museum visit must consider not only their immediate
enjoyment but also how this decision will affect their energy levels, the timing of
meals, or the availability of other attractions later in the day. In this scenario,
a DDCM is more appropriate because it incorporates the future consequences of
current choices. The traveler isn’t just thinking about the present convenience of
visiting one site over another but is also factoring in how it will impact their ability
to enjoy activities in the afternoon or evening.

[Rust, 1987] dynamic framework is a foundational approach in this field, introducing
a model in which agents evaluate their future utility based on expected future states.
By incorporating the likelihood of different future outcomes and their associated
utilities, Rust’s model extends traditional utility theory beyond the present moment,
offering a more comprehensive view of decision-making. The primary goal of dynamic
discrete choice modeling is to estimate the structural parameters that govern this
decision-making process. Once these parameters are identified, they can be used to
simulate how agents would behave under different hypothetical scenarios, providing
insights into decision-making in both real and counterfactual environments.

However, the estimation of these parameters presents significant challenges. This is
primarily due to the complexity of solving the backwards recursion problem, which
requires iterating through multiple periods to predict future payoffs. Researchers
often rely on the principle of revealed preference, using survey data on individual
choices and outcomes to estimate these parameters.

3.4.2 Scaper

Scaper is an activity-based DDCM [Véstberg et al., 2020] designed to predict how
frequently, where, how, and when individuals travel, considering the interdependence
of daily trips and constraints of time and space. Its methodology focuses on chaining
trips throughout the day, recognizing that primary activities are restricted by specific
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time-space frameworks. The core of the model is based on the idea that activities,
which individuals engage in during different times of the day, drive the need for
travel. Thus, the utility gained from participating in these activities influences travel
decisions.

Scaper adopts a scheduling approach, enabling individuals to make decisions that
maximize their expected utility. Scaper’s decision-making process is modeled as a
Markov Decision Process (MDP), where choices are made sequentially over time. The
model incorporates uncertainties, such as unpredictable travel times, and adopts a
policy-driven approach, where actions are taken based on the current state. This
sequential nature reflects real-world decision-making, where individuals adapt their
plans as circumstances change.

The model is based on the logit framework and uses the log-sum measure to capture
consumer surplus and accessibility, from a welfare perspective. Based on random
utility theory, Scaper assumes that individuals plan their daily activities to maximize
their expected utility, balancing time spent at home in the morning and evening with
their working hours during the day. Throughout the day, individuals can engage in
flexible travel and activities, leading to a sequence of trips and interactions that form
a daily activity-travel pattern. However, individuals face space and time constraints,
limiting their ability to exceed certain time or distance budgets.

The Scaper framework, initially developed by [Karlstrom and Jonsson, 2005]
focuses on modeling an individual’s travel decisions through a finite-horizon
Markov Decision Process (MDP) for daily activity and scheduling patterns. This
model emphasizes how travel decisions are made step-by-step in an uncertain
environment. In 2014, [Jonsson et al., 2014] introduced an accessibility measure,
extending the framework to an infinite horizon. This adaptation incorporated future
activities and reinterpreted the MDP’s value function as a measure of accessibility,
improving the model’s ability to evaluate long-term activity participation. Between
2014 and 2017, [Zimmermann et al., 2018] enhanced Scaper by estimating both
MNL and Mixed Logit models to better capture variations within and across
different days. [Véstberg et al., 2020] advanced the model further by building
an activity-based demand system that accounts for space-time constraints and
dependencies on previous activities.  Scaper’s log-sum accessibility measure,
introduced by [Jonsson et al., 2014], is rooted in microeconomic theory, making it
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suitable for cost-benefit analysis while staying consistent with behavioral travel
demand modeling.

Scaper’s use of Markov Decision Processes (MDPs) to model sequential
decision-making aligns with the temporal and space-dependent nature of other
types of data, such as mobile network data, which we have explored in Paper 1.

Scaper differs from models like [Dong et al., 2006] and other activity-based models
by allowing sequential decision-making in uncertain environments without imposing
strict restrictions on destinations or scheduling patterns. Constraints are applied
primarily in terms of transport, land use, and spatiotemporal considerations—such
as mandatory activities or vehicle availability—rather than relying on predefined
activity patterns or primary/secondary tours.

At each decision stage k, the expected utility is calculated as the maximum utility
that can be obtained from taking an action a in state zy, factoring in the utility from
future states. The expected utility U™** is represented as:

U™ (g, ) = max {w(zr, 0) + x(@) + Eoy,, [U™ (2151, €841)]} - (1)

Here, u(xy,a) is the immediate utility of taking action a in state xy, and €(a) is a
random utility component that follows an i.i.d Gumbel distribution.

Bellman’s equation expresses the recursive nature of the utility maximization process.
The value function V(zy) at stage k is computed using the expected utility from all
possible future states. The recursive form of the value function is:

V(zy) = B, [U™(z, €1,)] = log ( > e“(’”’“"")*Efkﬂ[Um“(z’cﬂ"’cﬂ)]) (@
acC(xr)

This equation captures the expected utility recursively, allowing Scaper to model
future decision-making patterns based on the current state xy.

To expand the scope of Scaper, Paper 1 presents an extension demonstrating the
model’s adaptability to handle mobile network data. Paper 2 illustrates how this
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adaptability can be leveraged to create synthetic mobility populations, which can be
used empirically to assess changes in mobility.

How can we address the challenge of transitioning from Scaper’s primary use of travel
survey data, which includes detailed sequential information about when, where,
why and how people travel, to working with noisy, incomplete data from mobile
network sources like cell tower coverage records? These records often contain missing
information and lack key trip attributes that Scaper relies on for estimation or
simulation. To bridge this gap and integrate mobile network data into Scaper’s
framework, we propose using a latent model that incorporates Scaper states as latent
states and cell tower observations as observed states, a new model that is further
discussed in Papers 1 and 2.

3.5 Latent Models

When discussing latent models, two key concepts might come to mind: Are we
referring to latent class models or latent variable models? It is important to
distinguish between these two, as the term “latent” is used in Papers 1 and 2 within
the extension Scaper framework but also appears in the final Paper 4. However,
these two concepts are fundamentally different. Paper 4 addresses latent class
models, while Papers 1 and 2 focus on latent variable models. To be more specific,
Papers 1 and 2 involve the use of a hidden Markov model. So, this thesis deals with
latent aspects in both senses, but in completely different contexts.

A latent variable model is a statistical framework that links a set of observable
variables to a set of latent also known as hidden variables via an emission probability.
Latent variables represent unobserved factors that influence the observed data. These
models help understand the underlying causes of the data. The causality in these
models flows from latent variables to observed variables, as the observed variables
emerge from the latent variables.

Consider the example of cell tower records. Why do we observe records connected to
a particular cell tower? It’s because the person’s location is within the coverage area
of that tower. If the records show changes, does it imply that the person is moving
to perform an activity? Or could it mean the person is still in the same area but the
signal is now overlapping with another cell tower? The interpretation depends on
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the dynamics of cell tower coverage and user movement. For instance, if the coverage
area is primarily residential, one might infer that the person’s activity aligns with
home-based behaviors. If it’s within a recreational, the activity might correlate with
the type of land use.

These observations lead to the concept of trip attributes highlighted by Scaper. The
presence of a cell tower record reflects detailed movement patterns and transitions.
These transitions depend on the current location and activity. Such observations are
driven by hidden processes of movement—the Scaper state at a given time. What
remains unobservable in network data is treated as a latent variable. We can think
of Scaper as an MDP that describes latent actions and states over time. Information
about origin, destination, mode and purpose at each timestep is latent yet influences
the observable data. These Hidden Markov Models (HMMs) provide a way to model
latent discrete states that emit a sequence of observations over time. An HMM
observes a sequence of emissions without directly knowing the sequence of hidden
states that produced them. It operates as a discrete-time, finite-state process.

How can we infer hidden states from data, those that we can’t directly observe
but are still connected to it? That’s the question a latent variable model aims to
answer. On the other hand, how can a model uncover different structures within
the data, particularly across certain variables like sociodemographic factors? This
is where a Latent Class model comes in. Latent class models are designed to
explain differences in how the dependent variable is modeled by identifying latent
(unobserved) classes. These classes group individuals into unobserved segments,
making it easier to categorize different types of populations. While these segments
aren’t directly visible in the data, the model estimates which group an individual
most likely belongs to. This segmentation provides valuable insights that can guide
more targeted strategies or policies. In this thesis, Paper 4 brings a latent class
model within a duration framework to estimate travel time for cyclists and to identify
whether there are differences across sociodemographic groups in travel time.

Latent class models can be combined with various modeling approaches, including
discrete choice models, duration models, dynamic models, and more. They serve as
both a class membership model to divide the model into K class-specific ones. The
class membership model calculates the probability of individual i belonging to class
k, while the class-specific model estimates parameters given that individual i is part
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of class k. Typically, the class membership model is defined using a logit framework.
This approach moves beyond estimating parameters in a homogeneous manner by
accounting for heterogeneity across a set of groups K. Latent classes may display
distinct behaviors, resulting in significantly different estimates across class-specific
models. The class membership model acts like an internal clustering mechanism,
where the model differentiates an individual’s behavior based on latent classes.

As mentioned earlier, the latent class approach was particularly applied in Paper 4,
where the class-specific models are trip duration models. In the following section,
duration modeling is highlighted in connection with Paper 4.

3.6 Trip Duration Models

Trip duration modeling plays an essential role in urban planning and transportation
systems. It helps determine how people move around cities and access services
[Wang et al., 2019, Bertsimas et al., 2019]. Travel time between different places
forms the foundation for measuring spatial accessibility, which is important for
ensuring sustainable growth and promoting fairness in transportation systems.
Travel time is key for assessing the overall accessibility of a city, particularly in
terms of how easily people can reach essential services like work, schools, or grocery
stores. It reflects how well the city allows its residents to participate in daily life.

For individuals, travel time estimates help plan daily commutes, choose the best
routes, and reduce stress. On a larger scale, cities use travel time data to manage
traffic, reduce congestion, and improve environmental sustainability by incorporating
various travel modes like public transport, biking, or walking into planning processes.
This approach ensures that cities are more accessible and equitable for all residents.

These motivations focus on examining travel efficiency, particularly how long it takes
to reach a destination from the same origin or destination points. For instance, an
individual traveling from an area with less frequent or limited public services may
take longer to reach the same destination compared to someone coming from a more
accessible area, even if the distance is fairly the same. This highlights the value of
minimizing travel time, as people generally don’t travel for the sake of it; they travel
to perform activities at their destination. This is especially relevant for commute
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trips using public transport, where spending longer time commuting is undesirable.
People often choose to live closer to work to reduce commuting times.

However, there are situations where travel time might not need to be minimized.
This occurs when the journey itself becomes an enjoyable activity. Active modes of
transport, such as walking or cycling, bring a different perspective. For example,
walking to go shopping or for recreational activities can be a pleasant experience,
adding value to the journey itself. Similarly, cycling to work doesn’t always mean
aiming for maximum speed, as going too fast can be exhausting. With active modes
of transport, efficiency is important, but so is the quality of the experience. This
perspective shifts how we view time; it’s not just a cost but also a balance between
efficiency and quality.

Data trip records might vary in origin and destination, showing how people travel
different distances across a city. This is illustrated in Paper 4, where the collected
GPS records represent different cyclists in various cities, each with distinct sizes,
amenities, and policies. The question is, what can we do with this data? Should
we simply estimate travel time based on variables such as distance, commute type,
or the use of e-bikes? Or should we explore deeper questions, such as identifying
latent groups with different travel behaviors? Do longer distances make people travel
much slower? Do e-bikes enable men to cycle faster than women? These questions
expand the scope of modeling travel duration by examining how individuals exhibit
differences in their travel patterns regardless of their origin or destination. Paper 4
puts this topic into practice to model cyclist travel time in three European cities.

The next sections explore two regression approaches for modeling travel time:
starting with linear regression, followed by survival models, specifically the
Accelerated Failure Time (AFT) model.

3.6.1 Linear Regression

Linear regression is a statistical method used to find the relationship between a
dependent variable (the outcome we want to predict) and one or more independent
variables (factors that influence the outcome) [Poole and O’Farrell, 1971]. The goal
is to create a linear equation that fits the data well, allowing us to make predictions
and investigate how the variables are connected. In transportation analysis, linear
regression is widely used for predicting time-related events. By looking at historical
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travel data and considering factors like traffic and road conditions, analysts can
build models that help estimate how long a trip will take. This information is
important for improving bus schedules, traffic flow, and overall travel efficiency
[Rice and Van Zwet, 2004, Zhang and Rice, 2003].

For a linear regression model to work well, several key assumptions must be met.
First, the relationship between variables should be linear. The residuals (or errors)
between predicted and actual values must be independent and have constant variance
(homoscedasticity), and they should also follow a normal distribution. Additionally,
the independent variables should not be correlated to each other. While linear
regression is simple and easy to interpret, sometimes it overfits the data, meaning
it becomes too closely aligned to the training data and doesn’t perform well with
new data. To avoid this, techniques like regularization are used. L1 (Lasso) and L2
(Ridge) are two types of regularization methods. Lasso regression helps select the
most important factors, while Ridge regression adjusts the significance of variables
to make the model more accurate.

Linear regression faces significant limitations due to its underlying assumptions. One
critical issue is the assumption that errors follow a normal distribution. This becomes
problematic when dealing with skewed variables like travel time, which is often
positively skewed. Furthermore, linear regression does not capture the changing
effects often seen in travel time data. In other words, the likelihood of a trip ending
should increase, and this is not embedded in the linear regression model, which
makes it less realistic. Alternative methods, such as survival models, address these
challenges more effectively.

3.6.2 Survival Models

Hazard-based duration models are useful tools for studying how likely an event is to
happen after a certain amount of time has passed. These models focus on the idea
that the chance of something ending, depends on how long it has already lasted. The
longer something goes on, the more likely it might be to end. This makes survival
models perfect for studying events that can change over time and for data that might
not be complete, known as censored data. These models have been used for decades
in fields like healthcare and engineering to predict things like how long a person might
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live after getting sick or when a machine might break down [Hensher et al., 1994].
They were also called "failure-time models" because they dealt with things failing.

In transportation, survival models can be applied to various areas, such as analyzing
delays at intersections, predicting accident risks based on environmental or personal
factors, or studying how quickly new technologies like electric vehicles or navigation
systems are adopted [Kim and Kwan, 2021, Wu et al., 2023]. Additionally, survival
models can help examine travel-related behaviors, such as the duration of trips, how
long people stay at home between activities, or how long it takes them to engage in
similar activities again [Lee and Timmermans, 2007, Gore et al., 2023]. Despite the
wide range of potential applications in transportation, surprisingly few studies have
used survival models in this field. However, these models hold significant promise
for improving our understanding of time-related dynamics in areas like travel time
prediction, traffic management, and the adoption of new transportation technologies.

Survival models vary from fully parametric to semi-parametric and non-parametric
approaches. The choice of method depends on the amount of information available
about the data’s underlying distribution. Parametric models are often preferred
when there is enough theoretical background to select a specific distribution, such
as the lognormal or Weibull distributions [Zhong and Hunt, 2010]. Semi-parametric
models, on the other hand, offer flexibility when the underlying hazard distribution
is less clear [Mohammadian and Doherty, 2006]. However, semi-parametric methods
can have drawbacks, such as difficulty recognizing duration effects and potential
loss of efficiency. Non-parametric methods are used when there is little information
about the baseline distribution [Bhat, 1996]. Overall, survival models are valuable for
investigating temporal dynamics in transportation, from activity duration to travel
time choices.

Consider T as a non-negative random variable representing the daily travel duration
of an individual. The hazard function h(t) at any time ¢, on a continuous time
scale, is defined as the instantaneous probability that the travel time under study
will terminate within a small interval At after time ¢, given that the event has not
yet occurred by time t. Mathematically, the hazard function is expressed as:

< t
h(t) = lim P(t_T<tA+tAz‘|T>t) 3)

At—0+
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Let f(-) and F'(-) denote the probability density function (PDF) and the cumulative
distribution function (CDF) of T, respectively. The probability that the event occurs
within an infinitesimal time interval of length At, after time ¢, is given by f(t) - At.
The survival function S(¢), which represents the probability that the event lasts at
least until time ¢, is defined as:

St)y=P(T>t)=1—-F(t) (4)
The hazard function can also be expressed as:

L f) AR/t —dS@)/dt  dinS()
"O=50~ 30 - su & 5)

The hazard function and the survival function describe the duration process.
Moreover, the shape of the hazard function plays a crucial role in understanding the
duration dynamics.

Paper 4 uses survival models, more specifically, the Accelerated Failure Time (AFT)
model.

3.6.3 Accelerated Failure Time (AFT) Models

The Accelerated Failure Time (AFT) is a parametric survival model which assumes
that covariates either speed up or slow down the life course of a process. The AFT
model adjusts survival time based on these covariates, essentially accelerating or
decelerating the "failure’ event, which could refer to endpoint [Newby, 1988].

AFT models work by assuming that survival times follow a specific distribution.
These models are most often used in industrial fields but have potential applications
in transportation analysis as well. AFT models provide a useful approach based on
the survival curve rather than hazard functions, focusing on how different factors
influence the timing of failure events.

The AFT model is also known as the log-location scale model, as it uses the logarithm
of the time variable. Originally introduced by [Pike, 1966], the statistical foundations
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were established, particularly using the Weibull distribution, though it wasn’t named
AFT at the time. The survival function in the AFT model is given by:

S(t) = So [t exp (—=F'X)] (6)

where Sy(+) is the baseline survival function, § is the coefficient vector and X the
covariates. The corresponding hazard function for the AFT model is:

—0S(t)/0t

S = hg [texp (—'X)] exp (—5'X) (7)

h(t) =

The AFT model can also be represented as a log-linear model:

Int=p3X+e (8)
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From Theory-Driven to Data-Driven
Approaches

What has been highlighted so far in the previous parts, from discrete choice models
to survival models, all fall within the spectrum of theory-driven approaches.

A theory-driven approach uses established theories to explain relationships between
variables. Researchers typically follow a structured process [Andersen, Hepburn,
2016]: identifying research gaps, developing research questions based on theory,
creating hypotheses, designing studies, collecting data, and analyzing results. This
approach has been especially important in transportation modeling, where patterns
like commuting behavior or traffic flow are studied. They can be applied to diverse
transportation scenarios, offering a consistent framework across different populations
and contexts. However, they are often limited by the high cost and time associated
with data collection, especially for complex systems. Additionally, these models
can struggle with nonlinear, stochastic phenomena and require careful calibration
of parameters, making them prone to errors if the underlying assumptions do not
match real-world complexities.

On the other hand, data-driven research in transportation takes advantage of large
datasets, such as GPS data, public transit usage records, or mobile phone data, to
uncover new patterns in how people move. Data-driven approaches use tools like
machine learning and neural networks to learn from data and make predictions.
Instead of starting with a predefined theory, researchers look directly at the data
to discover unexpected insights [Jagadish, 2015; Shmueli, Koppius, 2011]. The
process involves identifying research questions, gathering and cleaning large-scale
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mobility data, analyzing it to detect patterns, and interpreting these patterns to
draw meaningful conclusions.

Data-driven approaches represent a new paradigm of thinking, powered by machine
learning. These models rely heavily on data. In 1959, Arthur Samuel defined
machine learning as a field that enables computers to learn without being explicitly
programmed, allowing machines to exhibit behaviors similar to learning. As
computing and communication technologies have advanced, machine learning has
become increasingly capable of identifying complex and hidden patterns in large
datasets. Deep Learning is a specialized subset of Machine Learning. While Machine
Learning solves problems using statistical and mathematical approaches, Deep
Learning enhances this by incorporating neural network architectures, enabling it
to handle more complex and unstructured data.

The major strength of data-driven models is their ability to analyze massive amounts
of information and adjust to evolving conditions, offering insights that theory-driven
models may overlook. However, data-driven models also face challenges. They often
require vast amounts of data to function accurately, are computationally intensive,
and can be difficult to interpret or validate. Moreover, the patterns discovered may
not always align with existing theories, making it harder to integrate new findings
into the broader body of transportation research.

In this section, we cover the basics of data-driven approaches, focusing on deep
learning since Paper 3 used neural networks.

4.1 Deep Learning in Transportation

In recent years, transportation systems have benefited greatly from the huge
amount of data collected from various sources like sensors, GPS, and mobile
apps. Deep learning has become a powerful tool in this area because of its
ability to process large amounts of complex data.  With its multi-layered
neural networks, deep learning models can find patterns and relationships that
traditional methods often miss. For example, deep learning has been very
successful in mode and route choice predictions [Ali et al., 2021, Omrani, 2015,
Marra, Alessio Daniele and Corman, Francesco, 2021]. In this thesis (Paper 3), we
apply a deep learning approach to predict route choices.
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Traditional methods for route choice can struggle with the many factors that affect
these decisions, such as real-time traffic, road conditions, and personal preferences.
Deep learning could handle this complexity better by using real-time data to provide
more accurate and personalized route suggestions, which could save time and improve
the travel experience for users.

Deep learning can also be used in other areas like supply chain management.
Artificial neural networks (ANNSs) are very good at working with time-based
data, which is common in forecasting traffic or predicting supply chain needs
[Xiangxue et al., 2019, Tian and Pan, 2015]. These networks learn by adjusting
their internal connections and are highly effective at predicting future trends,
helping companies manage supply and demand better. As deep learning continues
to improve, its use in transportation, logistics, and other areas is likely to expand.

ANNs are nonlinear models that can approximate complex functions by combining
nonlinear components. ANNs do not require expert knowledge beforehand, as
they can be trained directly from data. This allows them to adapt to changing
conditions and learn in real time. They are considered universal approximators,
meaning they can model virtually any function given enough data and processing
power. Additionally, neural networks require very few assumptions about the data.
For example, they do not need data to follow a specific distribution, such as a
Gaussian. This flexibility makes them a powerful tool for many types of problems
where traditional statistical methods may struggle.

In the following sections, we will explain the basics and key terms of ANNs.

4.2 Building Blocks in Deep Learning

The fundamental building block of a neural network is a computational unit that
takes a set of real-valued inputs, applies a computation, and produces an output.
The core operation involves calculating a weighted sum of the inputs, including an
additional bias term, which can be formulated as:

z=b+ > wi 9)
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Here, x1, 29, ..., z, represent the inputs, wy, ws, ..., w, are their respective weights,
and b is the bias term. For notational convenience, we often express this weighted
sum using vector notation. Thus, with w as the weight vector, x as the input vector,
and b as the bias scalar, we can rewrite equation 9 as:

z=w-x+b (10)

In this formulation, z is a scalar, the result of a dot product between the weight
vector and the input vector, plus the bias.

Next, the unit applies a non-linear activation function f to the result z. This
activation function introduces non-linearity to the model, and the output of this
activation is denoted as a. Thus, the final output of the unit is:

y=a=f(z) (11)

In summary, the output y of the neural unit is derived by applying the activation
function f to the weighted sum z.

The activation function in each neuron plays a crucial role in this process. Common
activation functions include the sigmoid, Tanh, and ReLU functions, which normalize
output values within specific ranges to maintain stability during training. The goal
is to prevent the exploding or vanishing gradient problem, where the network either
diverges or learns very slowly.

In the weight space of the neural network, each neuron is assigned a weight, which
controls how much influence the input data have on the neuron’s output. The
backpropagation algorithm seeks to adjust these weights to minimize the overall
error, making the network more accurate over time.

4.2.1 Backpropagation

Backpropagation is a method used in artificial neural networks to compute the
gradient needed to update weights in the network [Rojas and Rojas, 1996]. The
process involves feeding input data into the network, where each neuron processes
the input as it passes through the layers until a result is generated at the output
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layer. The output is then compared to the expected result, producing an error value
that represents the difference between the actual output and the desired output. This
error is propagated backwards through the network, and the connection weights are
adjusted accordingly using the error gradient, allowing the network to learn over time.
By continuously fine-tuning the weights through repeated iterations of this process,
the network becomes more accurate in producing the correct outputs for given inputs.
In essence, backpropagation is used to minimize errors in the network by adjusting
weights layer by layer, helping the network to adapt and learn. Backpropagation
computes gradients by using the chain rule of calculus, which enables it to efficiently
adjust weights across multiple layers of a neural network.

4.2.2 Optimization

Before training begins, the weights in the network are usually initialized randomly.
One popular initialization method is Xavier initialization, which ensures that the
weights are small enough to allow signals to propagate through the network without
vanishing. After initialization, the network begins the forward pass, where input
data is passed through the network layer by layer, producing an output.

Many optimization techniques are applied in this context, including Gradient
Descent, Stochastic Gradient Descent, ADAM, and BFGS. In the deep learning
part, Paper 3 uses the ADAM optimizer, a first-order gradient-based optimization
algorithm for stochastic loss functions. ADAM is known for its faster convergence
and robustness across a variety of problems, making it particularly suitable for
large datasets and parameters [Kingma and Ba, 2015]. Paper 3 applies the ADAM
optimizer as implemented in PyTorch.

In contrast, when in logit models, the BFGS algorithm was used [Nocedal and Wright,
2006], as implemented in SciPy. This second-order iterative gradient optimization
method computes the Hessian matrix of the loss function. Since the Hessian matrix
forms the basis of BFGS, the memory requirements scale with the square of the
number of parameters, making it computationally demanding for models with many
parameters. BFGS remains a commonly used optimization technique when the
dataset is not large and there are not many parameters.
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4.2.3 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are primarily used for tasks involving
image and signal processing [Wu, 2017]. They work by assigning learnable weights
and biases to the neurons in each layer. CNNs are designed to automatically
detect patterns in input data, such as edges or textures in images, making them
highly effective for tasks like image classification and object detection. CNNs are
particularly popular in fields like computer vision, where they are used to analyze
images and recognize patterns.

In Paper 3, we employ a one-dimensional Convolutional Neural Network
(Conv1D) designed for route prediction. Conv1D is specifically tailored to process
one-dimensional sequence data and is commonly used in time-series predictions. Its
operation involves sliding a convolutional filter across the input sequence with a
specified step size. By employing multiple filters, the network can generate a more
complex output, where the result of a ConvlD layer is not a single element but a
vector of size, corresponding to the number of filters. The filter in a Conv1D layer
is a set of learnable weights that the network optimizes during training.

The convolution operation multiplies the filter values by the corresponding input
values within a segment of the sequence, summing the results to produce an output
value for that segment. This structure is particularly well-suited to our study of route
choice, as it enables the application of shared weights across different alternatives.
This approach aligns with the principle of the logit model, where general parameters
are applied similarly across alternatives.
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Contributions and Discussion

The four papers presented in the thesis focus on travel behavior modeling for
sustainable mobility. An overview of these papers and their contributions is
provided in the section below.

In Paper 1, we contribute to the field of travel behavior modeling by introducing a
novel latent-based framework built upon Scaper, an activity-based Dynamic Discrete
Choice Model (DDCM) [Véstberg et al., 2020]. While Scaper traditionally relies
on travel survey data for parameter estimation, our approach integrates mobile
network data as a flexible and scalable alternative. Our key advancement lies in
treating individual positions as latent variables, with the locations of cell towers
serving as the observed data points. This shift to mobile network data allows us to
overcome traditional limitations, such as the dependence on detailed travel surveys,
while capturing large-scale spatiotemporal mobility patterns. By applying backward
induction, we compute the expected value (EV) function starting at the end of
the day, and we estimate the model using a stochastic expectation-maximization
(StEM) algorithm. The proposed framework successfully infers trip attributes, such
as travel time, activity duration, mode, and trip purpose, directly from cell tower
records using this latent-based approach. The effectiveness of our framework is
demonstrated through a case study focused on daily travel demand in Stockholm,
Sweden. We show that the estimated model can infer and simulate various trip
attributes, enabling a comprehensive comparison of mobility patterns across different
socioeconomic groups. This analysis is conducted at an aggregate level, highlighting
the model’s ability to derive detailed trip information from mobile network data.

The pandemic provided a unique opportunity to explore how a major crisis affects
existing inequalities, particularly in terms of how different groups adapted their daily
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travel behaviors during and before the crisis [Caselli et al., 2022, Hu et al., 2021].
Paper 2 highlights how the pandemic may have reshaped patterns of segregation
and unequal access to mobility in Stockholm. By focusing on the dynamic nature of
these changes, we provide insights into how inequality might change, particularly in
response to external shocks like the COVID-19 pandemic. While studies have shown
that the pandemic profoundly disrupted mobility behaviors, few have delved into
its effects on mobility equity [Caselli et al., 2022, Assoumou Ella, 2021]. The results
showed a significant reduction in trip duration, frequency, and presence in central
areas during the day, with more pronounced effects among low-income groups. The
pandemic notably increased spatial segregation, with the segregation index rising over
15%. This study fills that gap by examining how the pandemic may have deepened
preexisting social stratification, as wealthier groups often possess more resources and
greater flexibility to adapt to disruptions. Paper 2 provides a detailed perspective on
social stratification in daily mobility, including key factors such as trip destinations,
distances traveled, duration, and frequencies. This approach offers urban planners a
powerful tool to identify and address inequities in mobility, helping to design more
inclusive transportation systems and policies, especially in the case of large-scale
disruptions like the COVID-19 pandemic.

Paper 3’s framework is divided into two approaches: a theory-based approach and a
data-driven approach. The theory-based approach is grounded in well-established
behavioral assumptions that guide the modeling process. These assumptions
allow us to interpret the estimated parameters more clearly, offering insights into
the underlying decision-making process and enabling us to assess the statistical
significance of each factor. On the other hand, the data-driven approach is designed
to maximize predictive accuracy by learning directly from the data with minimal
reliance on predefined assumptions. While this method may seem less interpretable,
we address this by applying sensitivity analysis [Shu and Zhu, 2019]. Paper 3
investigates the preferences of e-bike commuters, incorporating not only trip and
infrastructure-related factors but also nature-related attributes, such as the presence
of green spaces or scenic routes. This approach helps us capture the broader
factors influencing e-bike commuters’ route decisions. Particularly, we use GPS
data from e-bike commuters making high school trips in Nijmegen, Netherlands,
to predict their route choices. The paper focuses on using random utility models,
particularly logit-based models, as well as deep learning methods like Conv1D, to
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predict route choices. The insights from our study can be used to inform decisions
on infrastructure improvements, route planning, and policy development to better
accommodate and encourage e-bike usage. Logit-based models offered insights
into factor significance, while a neural network significantly improved prediction
accuracy (39% to 81%) at the cost of interpretability. Both approaches revealed
that e-bike commuters prefer shorter, efficient routes with fewer traffic lights and
value natural settings. However, longer routes with more nature are not necessarily
favored, indicating a preference for efficient commuting despite a desire for natural
surroundings.

Promoting bike usage in urban areas is a key strategy for reducing traffic congestion
and enhancing safety. A crucial aspect of encouraging more people to bike is
understanding the factors which influence travel time dynamics. Paper 4, we
investigate how various trip and demographic characteristics affect travel time across
three culturally distinct cities—DBraga, Istanbul, and Tallinn—using a survival
model. This approach allows us to uncover how sociodemographic factors influence
cycling patterns differently in each city. The empirical contribution of the paper
found that commuting significantly impacts cycling time across different cities, with
non-female cyclists generally completing trips faster. Electric bikes notably reduce
travel time, especially for younger cyclists, highlighting the potential for time-saving
benefits through targeted policies. By examining these diverse urban environments,
we offer insights into how local conditions shape biking behavior, emphasizing the
importance of context-specific policies to promote cycling. Ultimately, this research
advances the understanding of biking demand and can guide the design of more
effective cycling policies and infrastructure tailored to each city’s demographic and
cultural context.

5.1 Sustainability relevance

5.1.1 Overview of challenges

Better knowledge of travel patterns is important for mobility planning and achieving
goals such as the adoption of clean-fuel vehicles, fostering cycling, and promoting
equity. Mobility is strongly linked to equity, from economic justice to accessibility
and safety [Vigar, 2002, Colleoni, 2016]. Taking into account the differences in travel
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patterns across groups, whether based on gender or economic status, is therefore key
to achieving sustainability.

The main characteristics of travel behavior can be framed within this set: origin,
destination, purpose, time, distance, mode of transport, and route choice. Travel
behavior models analyze where, when, why, and how people choose to travel to their
destinations. By investigating the factors behind travelers’ choices, urban planners
are guided in designing infrastructure that fosters more sustainable transportation
options, such as public transport, cycling and implementing appropriate land use
policies that promote equity. Travel behavior models provide a toolbox to better
allocate resources effectively, such as where to build new lanes, install EV stations,
or construct a new transit line [Ouyang and Xu, 2022, Engebretsen et al., 2017].

This thesis explores key aspects of sustainable mobility by combining novel data
with theory-driven and data-driven approaches to model travel behavior in various
settings, addressing mobility issues to be solved by providing concrete knowledge for
planners and policymakers. The scope of this thesis falls into two main categories:
addressing spatial inequality and segregation (Papers 1 and 2), and promoting cycling
for everyone (Papers 3 and 4).

5.1.2 Socio-spatial Inequality and Segregation

Traditionally, segregation has been investigated from a static perspective, focusing
on how residential areas are divided based on income, race, or education levels. By
definition, residential segregation measures refer to the degree of separation between
two or more population groups based on where they live. Different home locations
bring a different set of access, primarily for commuting and secondarily for other
purposes. Many studies [Grimes, 1993, Anderson et al., 2003] conducted in the field
of segregation fall under this umbrella of residential segregation. However, spatial
segregation in cities is much more complex than just where people live. In order to
account for this complex nature, it is important to consider other activity locations
beyond residential areas. People spend most of their time outside the home, whether
for work, school, shopping, or leisure activities. Expanding the scope to include other
areas where a person can be located beyond their residence adds another valuable
aspect to assessing segregation among different groups.
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With the rise of mobility concerns, as well as the availability of diverse data providing
information on where people are, studies have developed a more dynamic view of
segregation by considering individuals’ daily movements and out-of-home activities
[Li et al., 2022, Miiirisepp et al., 2022]. These resources, such as travel surveys,
GPS, mobile phone records, and social media platforms, contribute to a shift toward
a more dynamic study of segregation and spatial inequality.

Where people are traveling to and for what purpose provides valuable insights into
inequalities in service availability or transport access. Methods like the trip-based
model, activity-based models, and machine learning models analyze the frequency,
duration, and purpose of trips (e.g., commuting, shopping) to identify patterns of
inequality, from individual trip decisions to broader spatial patterns and access to
services.

In Paper 1, we address these issues by presenting a novel framework that adapts
mobile network data in a pre-existing model, in order to estimate and simulate daily
trip sequences for both low- and high-income areas in Stockholm. This analysis
allows us to examine existing inequalities under normal circumstances. In Paper
2, we expand on this framework by exploring the impact of COVID-19 on mobility
patterns and the fluctuations in segregation among different socioeconomic groups
during the pandemic.

5.1.3 Cycling for Sustainability

Cycling for everyone has been a priority in many cities around the world. Cycling
as a common culture can help reduce inequality and decrease reliance on private
vehicles. It’s more common to see that, high-income individuals may rely on private
cars, while low-income individuals often depend solely on public transport. Cycling
can bridge this gap and reduce social inequality. Men and women should have equal
opportunities to cycle, a way to bring people together and create a more inclusive
society. Cycling contributes to multiple aspects of sustainable development and can
be seen as an accelerator for these goals. As stated in United Nations Chronicles, "It
is the healthiest, most environmentally friendly, inclusive, and cost-efficient mode of
transportation”.

How can policymakers encourage people to cycle more or adopt multimodal solutions
that include cycling, whether for commuting or leisure? This challenge can be
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addressed through education and promoting a culture of cycling via public relations
of bike-sharing systems, financial incentives, and discounts to encourage participation
[Pucher and Buehler, 2009, Pooley et al., 2013].

Meanwhile, tools like quantitative modeling can also provide insights by uncovering
hidden patterns in data. For example, we might observe differences in behavior
across gender, but how precise can we be in assessing these differences? How
do we test and quantify them? Revealed data shows us the choices people have
made, but models can help us understand why they made those choices, rather than
others. What factors contributed to those decisions? Of course, models don’t claim
to provide fully accurate answers to such complex questions, but they can bring
us closer to understanding the patterns behind those choices [Basarié¢ et al., 2016,
Yang et al., 2014].

In Paper 3, we explore GPS data to analyze commuters’ route choices, investigating
what factors influence them to select one route over another. We incorporate
this novel data into a framework that juxtaposes theory-based and data-driven
approaches, providing insights into infrastructure development that promotes
cycling. This framework highlights potential interventions to encourage a shift from
polluting transportation modes to active cycling.

Paper 4 builds on this by promoting the concept of "cycling for everyone." Using
GPS and sociodemographic data, we identify latent classes of cyclists, allowing us
to examine how travel times vary among different groups. This approach uncovers
sociodemographic disparities in cycling experiences and provides targeted insights
for policy-making.

5.2 Theory-Driven versus Data-Driven Approaches

This thesis adapts these approaches to a diverse range of data types. The strength of
this work lies in the diversity of data sources, models, and their policy implications.
By applying theory-driven and data-driven approaches, the research tackles key
challenges in the field. The theory-driven aspect is present in each paper, with
clearly defined parameters and assumptions.
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Although Scaper (Papers 1 and 2) is rooted in a theory-driven approach, it hints
at a data-driven methodology, namely Inverse Reinforcement Learning (IRL).
Both Scaper and IRL employ frameworks designed to model decision-making over
time, capturing sequences of actions or states. Scaper is rooted in DDCM, which
conceptually aligns with MDP, the foundational framework for IRL. These two
approaches share a goal-oriented perspective: Scaper models travel and activity
patterns to maximize expected utility, while IRL infers the reward functions
that guide observed behaviors. In both cases, agents aim to optimize their
decisions—Scaper agents seek to maximize utility, while IRL agents maximize
cumulative reward.

By assuming rational utility maximization, Scaper explicitly models activity-travel
decisions as paths in discrete choice sets, defining utilities for specific actions.
In contrast, IRL seeks to infer the underlying reward function from observed
trajectories without explicitly modeling the utilities. ~ Although a data-driven
approach like IRL can account for complex, non-linear reward structures in
decision-making, utility parameters in Scaper can be interpreted to understand
agent preferences. A theory-driven approach like Scaper is particularly well-suited
for detailed transportation planning, as it offers a clear understanding of the
parameters, enabling also further simulations for policy evaluations and mobility
analysis.

The first two papers focus on expanding the traditional DDCM framework by
integrating novel data, from mobile phone usage. These studies demonstrate
how theory-driven models originally designed for travel survey data can adapt to
incorporate emerging big data. This adaptation highlights the robustness of the
DDCM framework and its ability to evolve with advancements in data collection.
This extension enhances the model’s relevance and scalability, enabling it to broaden
its application across various contexts.

Paper 3 addresses the questions: Are data-driven approaches more suitable than
theory-driven ones, and what unique contributions does each offer? It highlights the
advantages of data-driven methods, particularly their ability to enhance accuracy
in decision-making processes. For instance, neural networks significantly improve
predictive accuracy and, when complemented by sensitivity analysis, provide valuable
insights into the model’s functionality across variables on a global scale. Conversely,
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theory-driven models explicitly evaluate preferences, offering a clearer understanding
of cyclist’s preferences. Paper 3 thus juxtaposes theory-driven and data-driven
methods, specifically contrasting logic-based models with neural network models.
It showcases the trade-offs between accuracy and interpretability, highlighting what
each approach can offer, where they differ, and where they intersect.

Paper 4 introduces survival modeling using GPS and sociodemographic data. The
integration of smartphone GPS data into the traditional Accelerated Failure Time
(AFT) framework highlights how this novel data source can enhance traditional
models. It adapts these models to perform comparative analyses of cycling patterns
across different cities. This approach preserves the interpretability of the estimates,
making them comparable across various contexts. The framework combines a
theory-driven methodology with the use of innovative data, offering new perspectives
for investigating urban mobility.

5.3 Limitations and Future Work

The research presented in this thesis has several limitations across various
methodological aspects and data availability.

In Paper 1, our novel framework has demonstrated robustness and flexibility across
various data sources. We recommend integrating transport network data alongside
mobile network data to infer transport modes. Additionally, exploring alternative
estimation methods, such as Monte Carlo Expectation-Maximization (EM) could
further enrich the framework. While our current approach has shown strong results,
experimenting with these alternative methodologies could provide improvements,
building upon our foundational work. Our work could be extended empirically by
conducting a side-by-side comparison with the standard Scaper using travel survey
data from 2019 for the two selected areas. Such an assessment would provide
deeper insights into the extent of the new model’s contributions. Additionally,
evaluating how the new framework performs in terms of activity patterns and travel
modes—though not the primary focus of this work—would also be valuable in order
to refine their inference.

It is important to note that the new framework of Scaper, which uses mobile network
data, is not intended to compete in any way with the standard Scaper that utilizes
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travel survey data. Instead, we have focused on building Scaper with enhanced
flexibility and agility to incorporate a different type of data.

Another major consideration for future work is the impact of COVID-19, particularly
in connection with Paper 2. Incorporating work-from-home trends into the modeling
framework could make the analysis more realistic, especially given the significant
increase in home-based workers in recent years.

Paper 2 presents a framework to assess changes in mobility across various
socioeconomic groups due to the pandemic. We recommend further exploration
of more segregation measures. = While our study used predefined measures,
developing more sophisticated and tailored metrics could provide deeper insights
into segregation dynamics and mobility patterns within the pandemic context. Our
study is conducted on a weekday for each year. Investigating spatial changes over a
longer period, such as a week, is also possible. This framework can be extended to
analyze trends over broader time scales.

Defining the route choice set is a critical and sensitive phase in modeling route
choice behavior. It is essential to establish appropriate choice sets before proceeding
with route choice modeling. Literature highlights the growing importance of
techniques for generating route choices and determining the cardinality of these
choice sets. Although Paper 3 emphasizes discrete choice modeling, it also highlights
the need to address limitations in the choice set generation. Modelers often lack
detailed insight into the choice sets that decision-makers consider, and the size
and composition of these sets can influence model estimation and predictions
[Yao and Bekhor, 2020]. A small choice set may not adequately represent the
selected routes, while an overly large one might include many routes unknown to
decision-makers, potentially causing misinterpretations in the results of route choice
models [Yao and Bekhor, 2022, Cascetta and Papola, 2001].

We generated three alternative routes based on the shortest path. The concept of
the shortest path reflects efficiency, but the choice depends on whether it aligns
with other factors. To discourage the shortest path, we gradually increased its cost,
starting from zero, adding constraints; we might think of construction or blockages
that force cyclists to consider other options. This approach assumes the shortest
path becomes less desirable due to these added costs, pushing users toward other
alternatives. However, this method raises questions: how should the cost increase
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be determined, and how many alternatives should be generated? The variability in
cost increments could influence the choices and outcomes.

Including three alternative options alongside the primary route for cyclists may be
reasonable, as it allows cyclists to slightly adjust their commuting routes and explore
additional options. However, the choice of this specific number introduces potential
uncertainty. For example, would using six routes instead of three significantly impact
the results in the route choice model? Additionally, how would such changes affect the
performance of the logit model and the neural network? These questions underscore
the need for further research into the influence of choice set generation on route
modeling. This research could compare theory-driven and data-driven approaches
and examine the model’s sensitivity to the choice set selection.

Moving to the discrete choice modeling part, Paper 3 examines different modeling
techniques, including logit models and deep learning. The analysis primarily
compares the accuracy of the two methods, but a more thorough sensitivity
analysis of the deep learning approach, particularly regarding explainability and
network robustness, would have been beneficial. Additionally, our data lacks
sociodemographic information. Incorporating the latter into both the logit models
(e.g., using Mixed Logit) and deep learning models could help account for differences
in travel behavior across gender or age. This could also inform future research on
equity in transport design, highlighting whether preferences vary across groups.

Paper 4 does not account for geographical features between the origin and
destination. Future research could include these data, as incorporating geographical
and topographical details alongside GPS data could provide insights into how
factors such as slope steepness affect travel time.

When it comes to implementation, convergence issues occur when applying advanced
density models, such as the generalized log-gamma models. These issues restricted
our ability to evaluate the performance of these models under more complex density
functions. As such, future research can bring extensive testing with a diverse range
of density functions across different datasets to better understand their potential.
Additionally, for class membership estimation, an alternative approach could be to
use a probabilistic model like a probit function instead of the traditional logit-based
function.
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Conclusion

This thesis makes contributions to transportation planning and policy development
for sustainable mobility, with a focus on enhancing urban mobility through applying
theory-driven and data-driven approaches (see figure 1). Using novel data that adapt
well to traditional modeling frameworks, as demonstrated in Papers 1 and 2, this
work illustrates how the integration of adaptable data enhances model flexibility and
scalability, making the methods relevant to emerging data forms. Additionally, Paper
3 juxtaposes two distinct methodologies, leveraging insights from each to refine the
analysis of GPS data. Paper 4 extends this by introducing GPS data into survival
modeling, exploring the demographic disparities in travel time, which advances our
understanding of mobility patterns.

Furthermore, the thesis provides a comprehensive view of urban mobility across five
European cities. It emphasizes also the intersection of equity and sustainability in
transportation systems, in order to promote fair access to mobility and encourage
active travel modes. By addressing the diverse needs of urban populations, this
work aims to inform transportation policies that support equitable and sustainable
mobility, ultimately contributing to the development of more inclusive and resilient
urban environments.

Each paper within this work demonstrates practical applications and highlights the
need for policy adaptations to address contemporary challenges in transportation
systems, such as urban mobility, equity, and environmental sustainability.

Paper 1 introduces a latent DDCM framework that uses mobile network data to
model travel behavior. This approach offers practical value by providing a scalable
method for investigating large-scale mobility patterns without relying on traditional
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Figure 1: The thesis’ contribution from a land-use and transport feedback cycle
(Wegener 2004)

travel surveys. The framework allows policymakers to compare travel behaviors
across different socioeconomic groups, offering insights into urban segregation and
inequality. The practical application of this paper is evident in its ability to inform
policies related to infrastructure development and income-based mobility disparities.
Policymakers can use this framework to craft regulations that promote more equitable
access to transportation resources and develop infrastructure that meets the diverse
needs of the population.

Paper 2 focuses on the effects of the COVID-19 pandemic on urban mobility
and inequality. By analyzing how mobility patterns shifted across socioeconomic
groups during the pandemic, the paper provides valuable empirical evidence on how
crises exacerbate or mitigate existing inequalities in transportation access. From
a policy perspective, this paper contributes to the development of more resilient
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transportation systems that can adapt to future shocks, ensuring that vulnerable
groups are not disproportionately affected. The research highlights the importance
of flexible policies that address both the short-term impacts of crises and long-term
mobility equity.

Paper 3 investigates e-bike route choices using GPS data, providing insights into
how cyclists select their routes based on both infrastructure and natural features.
The practical contribution of this research lies in its ability to inform urban planners
about the preferences of e-bike users, encouraging the design of bike-friendly
infrastructure that promotes cycling as a sustainable mode of transportation.
The policy implications of this paper suggest the need for investment in green
infrastructure and the creation of policies that foster cycling.

Paper 4 delves into the factors that influence cycling travel time in different cities,
focusing on age, gender and cultural differences. The empirical findings of this
paper highlight the need for city-specific cycling policies that account for the unique
characteristics of local populations. Practical recommendations include designing
gender-inclusive cycling infrastructure and promoting educational campaigns that
encourage cycling among sociodemographic groups. Policymakers can use these
findings to develop localized strategies that foster cycling as a sustainable and
inclusive mode of transportation.

Together, the papers in this thesis provide a comprehensive approach to improving
transportation systems by offering practical solutions and advocating for policy
reforms. These contributions emphasize the importance of integrating sustainability
into transportation planning, addressing socio-spatial inequalities, and fostering
inclusive mobility solutions. By balancing practical applications with policy
development, this thesis advances the field of sustainable mobility and supports
the global effort to achieve the SDGs, particularly those related to climate action,
equity, and sustainable cities.
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