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ABSTRACT

The world we live in is increasingly digital. In only the last decade, the
humble mobile phone has developed into a powerful portable computer
carried in the pockets of almost the entire population. The integration of
GPS-receivers into these devices allows the gathering of data on human
mobility at an unprecedented scale and detail. This cumulative dissertation
deals with several important aspects of the collection, processing and
application of such data. The work presented is all in the context of the
MOBIS study, a nationwide field-experiment on mobility pricing, using a
smartphone-based GPS tracking app, Catch-my-Day.

First, the recruitment and study design of the MOBIS experiment are
presented. The meta-behaviour of the respondents in the study is anal-
ysed, identifying important factors influencing the rate of attrition in long
duration tracking studies. In the second paper, a method for estimating
the external costs of road transportation based on GPS data and using the
MATSim framework is developed.

The amount of data collected through such tracking studies is massive,
presenting a challenge for the application of discrete choice methods. This
is the topic of the third paper. Here, a new software package for R, called
mixl, is presented. The final paper presents the initial descriptive results of
the impacts of the Covid-19 pandemic on mobility behaviour in Switzer-
land. Here, the original MOBIS-panel was re-invited to use the tracking
app. Drastic changes in travel behaviour are identified as a result of the
restrictions, and the implications for future transport policy discussed.

In closing, this dissertation presents a mixture of methodological and
applied work centered around the use of smartphone-based GPS tracking
in transportation research. The methodological contributions will help
inform the design of future tracking studies and field experiments, and the
insights gained into mobility behaviour during the pandemic will hopefully
stimulate further research efforts.






ZUSAMMENFASSUNG

Die Digitalisierung beeinflusst und verdandert die Welt, in der wir leben,
immer stirker. Erst in den letzten zehn Jahren hat sich das Mobiltelefon
zu einem leistungsfdhigen Computer entwickelt, welcher von fast jeder
Person tédglich in der Tasche mitgefiihrt wird. Die Integration von GPS-
Empféngern in solche Gerdte ermoglicht die Erfassung von hochauflo-
senden Mobilitdtsdaten im grossen Stil. Diese Dissertation befasst sich
tiefgehend mit verschiedenen Aspekten der Sammlung, Verarbeitung und
Anwendung dieser Daten. Die vorgestellten Arbeiten sind alle im Zuge
der MOBIS-Studie entstanden, einem landesweiten Feldexperiment zur
Preisgestaltung fiir Mobilitdt unter Verwendung der Smartphone-basierten
GPS-Ortungsapplikation «Catch-my-Day».

In der ersten Arbeit wird zunéchst der Rekrutierungsvorgang der MOBIS-
Teilnehmer erldutert und das Design des Experiments vorgestellt. Im Fokus
steht die Analyse des Verhaltens der Teilnehmer wihrend der Studie. Dabei
werden wichtige Faktoren identifiziert, welche zum Abbruch der Teilnahme
einer Langzeit-Tracking-Studie fithren konnen. Im zweiten Beitrag wird
eine Methode zur Schitzung der externen Kosten des Strassenverkehrs
prasentiert, die auf der Grundlage von GPS-Daten und unter Verwendung
von MATSim entwickelt wurde.

Fir die Modellierung der Verkehrsmittelwahl werden héufig diskrete
Entscheidungsmodelle verwendet. Die schiere Datenmenge, die durch di-
gitale Mobilitatstagebticher generiert wird, stellt fiir solche Modelle aber
meist eine grosse Herausforderung dar. In der dritten Arbeit wird deshalb
ein Paket fiir die Statistiksoftware R namens «mixl» vorgestellt, welches
eigens dafiir entwickelt wurde. Der vierte und letzte Beitrag préasentiert
die ersten Ergebnisse der Auswirkungen der Covid-19 Pandemie auf das
Mobilitdtsverhalten in der Schweiz. Hierzu wurden die MOBIS-Teilnehmer
erneut eingeladen, das digitale Tagebuch auf freiwilliger Basis wahrend der
Pandemie weiterzufiihren. Die drastischen Verdnderungen des Mobilitéts-
verhaltens werden unmittelbar als Folge der nationalen Einschrankungen
identifiziert und dessen Auswirkungen auf die zukiinftige Verkehrspolitik
in der Schweiz ausfiihrlich diskutiert.

Diese Dissertation prasentiert eine Reihe von methodischen und ange-
wandten Analysen in der Verkehrsforschung basierend auf der Verwendung
von Smartphone-basierten GPS-Daten. Die methodischen Beitrage helfen da-
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bei wesentlich zur Weiterentwicklung zukiinftiger Tracking-Studien sowie
Feldexperimenten im Bereich der Verkehrsforschung. Die Pandemie gibt
der Forschung die einmalige Chance, das Mobilitdtsverhalten aus neuen
Blickwinkeln zu studieren. Die gewonnenen Erkenntnisse sollen helfen, die
Forschung zu inspirieren und stetig voranzutreiben.
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INTRODUCTION

Technological advances have been at the center of each paradigm shift in
transportation throughout history, with inflection points that have spurred
massive changes in how we live and interact with our surroundings. How-
ever, it can be argued that the data collection methods necessary to model
and hence understand the movement of the population within these trans-
port networks are only just now in the middle of their own inflection point,
precipitated by the technological advance of the smartphone, and more
specifically, the ubiquity of GPS-receivers in these devices.

A key data collection method in transportation research has been the
travel diary, which, since its introduction in 1930s has played an essential
role in the understanding of transport behaviour (Axhausen, 1995; Stopher
and Greaves, 2007). Traditionally, these were collected through mailed out
booklets, and then later through telephone based interviews. In the last 20
years, GPS technology has made the streamlined collection of travel diaries
possible, at a level of detail infeasible with paper and telephone based
methods. Early work using GPS required dedicated tracking units, which
the user had to carry with them and return to the researchers. This process
is expensive and involved. Initially, GPS devices were only used to validate
the results of paper or telephone based surveys (Stopher, FitzGerald, and
Xu, 2007; Wolf, Loechl], et al., 2003). Shen and Stopher (2014) provide a
comprehensive list of studies using dedicated devices.

It is only in the last two decades that GPS-receivers have been integrated
into mobile phones. Furthermore, the consolidation of the smartphone
market into essentially two leaders, Apple and Android, has made it possi-
ble to develop a single digital travel diary application downloadable and
usable by close to 100% of the population in a developed country. Montini
et al. (2015) compared the performance of self-contained devices and GPS-
enabled smartphones and found the performance varied, with accuracy
being better with the dedicated GPS tracker, but sufficient with the mobile
phone for routing and trip-diary purposes.

As an alternative, mobile tracking data can also be passive. That is, the
location of the device as determined by the network operator, usually
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through triangulation, based on the connections that the mobile device
makes to the antennas in the mobile network.

As such, the work in this thesis is motivated by the desire to understand
the capabilities and limits of tracking data in the context of mobility studies,
and to utilise the technology in the study of current transport-related
challenges facing our society.

Two field-experiments are presented in the following chapters. The first
is an empirical investigation into the effectiveness of mobility pricing as
tool to internalise the external costs of transport. Economists argue that
pricing mechanisms are the most effective way to deal with the continuously
growing problem of congestion (Lindsney and Verhoef, 2001). However, to
be most effective, prices in the implemented scheme would need to vary
according to the severity of congestion (Vickrey, 1963). Furthermore, there is
increasing evidence that in multimodal transport networks, it is insufficient
just to price road transport, and that the interplay between demand and
supply across the multi-modality of the transport network is important
(Tirachini, Hensher, and Rose, 2014).

Currently, usage of the road network in most cases is priced through
three components: a registration fee, a fuel tax and an optional flat yearly
highway-usage fee. None of these charges incentivise users to avoid trav-
elling on congested roads. Fuel taxes are also becoming increasingly in-
effective as cars become more fuel-efficient. The gradual electrification of
the vehicle fleet will only exacerbate this trend. Levinson (2010) identify
additional reasons, which include the need to raise revenue for future in-
vestment. While there has been stated-preference work into the effects of
mobility pricing (Brownstone and Small, 2005; Ettema, Ashiru, and Polak,
2004; Vrtic et al., 2010), there have only been a small number of real world
experiments (Nielsen, 2004; Transurban, 2016). These experiments have
been limited to road pricing, and have not considered the external costs of
the transport system as a whole.

Finally, the political acceptance of mobility pricing continues to be an
issue, and both these experiments, as well as the experience of the London
and Stockholm congestion charges showed that participants were overall
more accepting of pricing measures after exposure (Transport for London,
2004; Winslott-Hiselius et al., 2009). Bringing these factors together, there
is a multitude of urgent reasons to further understand the impacts of
mobility pricing in a real world setting, and hopefully accelerate the political
acceptance of mobility pricing.



1.1 BACKGROUND AND STATE-OF-THE-ART

The second experiment, while not by design, is one of the largest sudden
disruptions of global mobility in modern history. The onset of the Covid-19
pandemic saw drastic changes in people’s daily lives. In Switzerland, a
lockdown was imposed in March 2020 to slow the spread of the virus. A
rapid shift to remote-work and a slow reopening of the economy followed.
By reactivating the dormant GPS tracking panel from the mobility pricing
experiment, it has been possible to understand just how people were adapt-
ing their mobility behaviour to the pandemic and restrictions. Here, the
motivations were two fold: first, there was the potential to aid short-term
policy-making during the pandemic, and then second, discover lessons
that may inform long-term transport policy-making in the post-pandemic
world.

1.1 BACKGROUND AND STATE-OF-THE-ART

Data collected from mobile devices first started to play a role in trans-
portation research in the 2000’s, starting with Asakura and Hato (2004),
who used call detail records (CDR) to investigate the feasibility of using
mobile network data to study metropolitan-scale travel behaviour. At this
stage, the first iPhone was still a prototype, and it would not be until 2008
that the first iPhone with integrated GPS was released (Apple, 2008). Fur-
ther work using aggregated mobile network data continued (Ahas et al.,
2010; Anda, Medina, and Fourie, 2018; Gonzalez, Hidalgo, and Barabasi,
2008). However, the benefits of passive mobile network data - namely the
non-existent response burden and sample size come with trade-offs which
need to be acknowledged. Privacy laws normally ensure that the traces
must remain anonymous, meaning that minimal, if any demographics are
available. Secondly, particularly in Europe, tracking of participants over
consecutive days is rarely allowed without their explicit permission (Cik
et al., 2020).

While cellular network data is collected passively by the network oper-
ator, the collection of GPS data requires the installation of an app on the
device. However, the spatial and temporal accuracy of the data is very good,
rarely exceeding 3om in outdoor settings (Zandbergen and Barbeau, 2011).
In contrast, the accuracy of cellular network positioning is not comparable
to that of GPS data (Widhalm et al., 2015). On mobile phones, the data from
the GPS receiver is often augmented with other available sources, such
as WiFi, cell tower triangulation and accelerometers to improve accuracy,
which are collectively known as location services. For the purpose of this
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thesis these location services will be referred to as GPS, as is common in the
literature. GPS data can either be collected anonymously through aggrega-
tion services at a large scale (Buck et al., 2014), or through the recruitment
of participants, who are asked to install and use a specific app. For studies
where a representative sample is required, or behavioural models with
socio-demographic variables are to be developed, the recruitment of the
participants is naturally the preferred option.

1.1.1  GPS tracking in transport behaviour research

Opver the last 20 years, GPS has been increasingly used both in the collection
of travel diaries and the understanding of daily patterns (Wolf and Guensler,
2000). Many of these studies have been of short duration, i.e. a couple of
days (Allstrom, Kristoffersson, and Susilo, 2017; Greene et al., 2012), due
to the acknowledged response burden and resulting attrition observed in
these studies (Kohla and Meschik, 2013). As Widhalm et al. (2015) note, the
sample size and observation period of most GPS studies is still limited. A
table of recent GPS-based travel surveys is presented in chapter 2.

In addition, continuous methodological advancements have been made
in the processing of collected GPS data. The process is normally divided
into stages: filtering, trip segmentation, transport mode detection and,
where necessary, map-matching to a network. For an overview of the
various methods and advances, see Shen and Stopher (2014) and Zheng
(2015). Graphhopper (Karich and Schroder, 2014) provides an open-source
framework for map-matching GPS traces to Openstreetmap (OSM) (Haklay
and Weber, 2008) network using the Hidden Markov Model approach
developed by Newson and Krumm (2009).

1.1.2  Theoretical work on external costs of transport

The cost of travel in transportation can be divided into two categories -
individual costs - i.e. those payed by the traveller, and the costs of travel
bourn by other individuals, known as external costs. In transport, the exter-
nal costs are divided into the following groups: congestion, environmental
effects, noise damages, and accidents. (Verhoef, 2000).

The theoretical foundations for road pricing were laid by Pigou (1920) in
his work on the internalisation of the external costs in a market. He used
the example of two roads to suggest that differential taxes can be useful
in increasing the overall utility in the simple network where congestion is
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present. Knight (1924) explored this further, but suggested that a govern-
ment intervention would be required, and tolls should be set by private
operators.

Vickrey (1963) used a bottleneck model to demonstrate how road pricing
could influence travellers’ choice of route and transport mode. Vickrey
demonstrated that in perfect congestion pricing, tolls must match the
severity of congestion, and vary by time of day, location, type of vehicle and
current conditions. It then follows that transport users should be charged
their marginal external costs - costs which would otherwise be absorbed by
other transport users and society (Button and Verhoef, 1998).

The methods for internalising these external costs can be categorised by
their level of optimality. In first-best pricing, the marginal external cost is
charged to the user. In this case, both the charging mechanism and the
amount charged need to be optimal (Verhoef, 2000). In second-best pricing,
the pricing mechanism is guided by the principle of marginal external costs,
but the implemented scheme is simplified (Small, Verhoef, and Lindsey,
2007).

Most of the early work on the pricing of externalities focused on the dif-
ferent transport networks in isolation - the congestion on the road network
was not considered in the context of public transport or non-motorized
modes. Multiple researchers have identified how this is insufficient. Small
(2008) argued that a road congestion charge can act as an effective way to
financially support public transport, by raising the cost of car travel, which
has been traditionally cheap as the numerous external costs are not paid by
the driver. Tirachini and Hensher (2012) also examined the intricate rela-
tionship of pricing between car travel, public transport and non-motorized
modes, in both a first-best and second-best context. As is acknowledged
in the literature, there exist limitations to implementing first-best pricing.
Verhoef (2000) identifies both general issues such as the “limited social and
political acceptability and the technical feasibility of marginal external cost
pricing” and the unlikelihood that the assumptions required for effective
Pigouvian taxes apply.

1.1.3 Mobility pricing in practice
Although the theoretical challenges of efficiently internalising the external

costs in transport have been discussed for decades, it is only more recently
that solutions have been implemented for personal vehicle travel, either ex-
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perimentally or in reality. Schemes for freight traffic are already widespread,
with Germany being one example (Link, 2008).

In the AKTA study (Nielsen, 2004), 500 drivers around Copenhagen had a
GPS receiver installed in their vehicle (before the widespread availability of
GPS-enabled mobile devices). After a control period, they were exposed to
different road pricing schemes over 8-12 weeks, with the charges calculated
based on the data from the GPS receiver.

The Melbourne road pricing experiment also investigated the feasibility
of a road pricing scheme for a sample of customers for an Australian
tollway operator in metropolitan Melbourne (Transurban, 2016). It was
conducted over 17 months with 1,635 participants, and a range of charging
schemes. The results showed that such as system could act as a significant
funding source for new transport investment, and help manage demand in
congested areas and peak hours. Here, as in the AKTA study, a GPS device
was installed in the participant’s car for the duration of the study.

The London congestion charge is one of the most well known real world
implementations (Leape, 2006; Santos and Shaffer, 2004). First applied in
2003, it has seen numerous extensions since, including additional charges
for heavily polluting vehicles and discounts for electric cars. In Stockholm,
road pricing has also been implemented in the form of a congestion charge
(Eliasson et al., 2009). An analysis by Karlstrom and Franklin (2009) showed
that drivers crossing the toll cordon (perimeter) boundaries were 15% more
likely to switch to public transport. In both cases, cars entering a cordon
around the central business district have to pay a charge during certain
times. These second-best schemes only include road travel, and are relatively
blunt instruments.

Over the years, a variety of road pricing schemes have been implemented
in Singapore, starting in 1975 with a paper-based peak-hour permit scheme
(Chin, 2005). In 1994, the system was revised to offer two levels of licensing.
Starting in 1997, the ERP (Electronic Road Pricing) was introduced, in which
vehicles are charged each time they pass through a gantry (Agarwal and
Koo, 2016). The charges are regularly adjusted to maintain a certain level
of service. In 2023 a satellite (GPS) based system will be introduced (Tan,
2020).

Solutions involving tradable permits have also been proposed (Verhoef,
Nijkamp, and Rietveld, 1997), but were assumed to be an academic curiosity
due to the large number of actors in the system, among other reasons.
Brands et al. (2020) demonstrated the feasibility of a tradable permit scheme
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for road pricing, using a virtual experiment where participants were asked
to trade permits for their usual commute throughout the week.

1.1.4 External costs in agent-based simulation

Verhoef (2000) notes that the welfare benefits of such systems need to
be considered on an individual level. One way to do this is to capture
the heterogeneity in individual behaviour through the use of agent-based
modelling. Chakirov (2016) used the agent-based transport modelling frame-
work MATSim (Horni, Axhausen, and Nagel, 2016) to investigate mobility
pricing, and the interacting effects when congestion charging and dynamic
public transport pricing are combined in one setting.

Hilsmann et al. (2011) developed the emissions model for MATSim,
which takes the HEBFA database (Keller et al., 2017) and calculates the
pollutant emissions for agents in the network. This module was developed
further by Kickhofer, Hiilsmann, et al. (2013), and applied to calculate
time-dependent, vehicle-specific pollutant exposure tolls in an agent-based
scenario (Kickhofer and Kern, 2015). Here, the factors for the monetisation
of the emissions were taken from Maibach et al. (2008).

The internalisation of externalities using agent-based simulation has also
been investigated using the MATSim framework. Kaddoura, Kickhofer, et al.
(2015) looked at optimal public transport pricing to internalise the marginal
social cost of crowding and waiting on public transport, based on a multi-
modal corridor scenario. Kaddoura (2015) applied a marginal external cost
(MEC) approach to road congestion for the MATSim greater Berlin scenario,
where the delay caused by an agent in the simulation to each other affected
agent is calculated at each link exit in the network. The marginal social costs
generated by each agent can be calculated based on these delays. Kaddoura,
Agarwal, and Kickhofer (2017) considered the simultaneous congestion,
noise and air pollution pricing for the greater Berlin area using MATsim
under Pigouvian assumptions, using the aforementioned emissions module
and MEC approach to road congestion.

1.1.5 Mobility monitoring during pandemics

It has been widely acknowledged that transportation is a key driver in the
spread of infectious diseases (Baroyan and Rvachev, 1967; Herrera-Valdez,
Cruz-Aponte, and Castillo-Chavez, 2011). The important role of mobility
in a pandemic has been demonstrated for historical pandemics such as
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the Spanish flu in 1918 (Ammon, 2002; Trilla, Trilla, and Daer, 2008). More
recently Wesolowski et al. (2015) used mobile phone data to predict the
spread of the dengue epidemics in Pakistan. For a comprehensive overview
of studies exploring the link between transport and infectious diseases, see
Muley et al. (2020).

In the current pandemic, mobile data has shown to be useful in under-
standing the role of both regional and global mobility during the pandemic.
Many countries are now using mobile data to understand the effectiveness
of measures, including Austria, Belgium, Chile, China, Germany, France,
Italy, Japan, Spain, United Kingdom and the United States (Oliver et al.,
2020; Yabe et al., 2020).

During the COVID-19 pandemic, anonymised aggregated mobile data
has been a key new technological tool in monitoring mobility. Vinceti et al.
(2020) used aggregated mobile data for three regions in Italy (Lombardy,
Veneto and Emilia-Romagna) between February 2020 and April 2020 to
monitor mobility during the first and second lockdowns. They determined
that a relaxed lockdown did not reduce mobility sufficiently to slow the
virus.

Tacus et al. (2020) used such data to explore the correlation between
mobility and the number of positive tests in regions of France, Spain and
Italy. They argue that reducing internal mobility is more important than
mobility across provinces in the spread of the disease.

Heiler et al. (2020) investigated the nation-wide changes in mobility
during the first European wave for Austria using real-time anonymised
mobile phone data. They saw a doubling of the number of persons with
a radius of gyration (activity space) of less than 500m, and increased
segmentation of the community structure.

In the USA, Badr et al. (2020) found a strong correlation between reduced
mobility behaviour and decreased COVID-19 case growth rates. Further-
more, they show evidence that behavioural changes were already observable
days to weeks before movement restriction policies were implemented.

There has also been a wealth of work looking at the initial spread of the
disease in China, with the help of anonymous mobile phone data (Jia et al.,
2020; Kraemer et al., 2020; Xiong et al., 2020; Zhou et al., 2020). However, as
the data sets used in these works have a few key limitations: they are less
effective at capturing mobility changes at local urban scales, and individual
socio-demographic variables are generally not available. This is important
for both understanding which groups are most affected by restrictions,
and understanding which population segments were best able to adapt to
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the changed conditions. Indeed, even the quarantine measures introduced
to combat the 1636 outbreak of the plague were found to affect different
classes of society differently (Newman, 2012).

1.2 METHODS

The use of location tracking apps is the central methodology in this thesis.
Harding et al. (2020) compared the performance of a wide range of the
tracking apps available. In the following work, the Catch-my-Day app,
developed by Motiontag GmBH, was used. Although Catch-my-Day was
developed specifically for use in mobility studies undertaken by the Institute
for Transport Systems and Planning, ETH Zurich, it uses the same interface
and processing backend as Motiontag’s publicly available app.

The Motiontag platform is provided as an API and SDK for Android
and iOS. The SDK was designed to minimize the use of GPS by taking
advantage of other sensors in the phone where possible. The data is sent to
the Motiontag servers where it is enriched with Openstreetmap data and
segmented into stays (activities) and trips. The trips are then divided into
stages using a Deep Recurrent Neural Network (RNN) which identifies the
transport modes and transfer points on the trip. The output is a travel diary,
constituting stages (labeled with the transport mode) and activities (labeled
with the activity purpose). Figure 1.1 shows the main interface screens of
the Catch-my-Day app.

1.2.1  The mobility pricing experiment

The work in Chapters 3, 4 and 2 needs to be framed in the context of
the MOBIS mobility pricing field experiment. The MOBIS experiment was
an eight-week mobility pricing study undertaken in Switzerland between
September 2019 and January 2020. Participants were invited by post to
participate, and offered the incentive of 100 CHF * for the completion of the
study. In an introduction survey they were asked for socio-demographic
information, and were posed questions about their attitudes to transport
policies and problems, as well as values using the method developed by

1 around $100 USD
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FIGURE 1.1: The Catch-my-Day interface. From left to right: 1) Calendar home
page. 2) Daily view showing recorded trips. 3) Editing the mode of a
selected trip.

Otte (2008). The introduction survey also screened participants against
eligibility criteria. The criteria were:

¢ aged between 18 and 65

¢ living in urban agglomerations (based on a postcode list),
* not a professional driver

¢ able to walk

* have access to a smartphone for downloading the app

Eligible participants who were willing to participate were then given
a registration code and directions to install the Catch-my-Day app. They
could start the tracking whenever they wanted, and the 8 weeks would start
from the first complete tracking day. If participants were identified as not
tracking for a certain number of days, they were notified by email, with the
aim to increase the quality of the tracking data and reduce the dropout rate.
In the first 4 weeks, participants received a weekly email with a summary
of their kilometers travelled with each transport mode. Participants who
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provided less than 12 days of tracking in the first 4 weeks were not allowed
to participate in the second phase.

After the 4 week control phase, each participant was randomly assigned
to either one of two treatment groups, or a continued control. Those in the
treatment groups were informed by email that the conditions of the study
were changing. In the first treatment group information, participants only
received weekly information on their external costs in the previous week. In
the pricing group, participants received the external cost information, as well
as a budget for the treatment phase, where any remaining budget would
be transferred to them at the conclusion of the study. The budget for the
pricing group in the treatment phase was set at 120% of their external costs
in the control phase. Additionally, to discourage gaming of the experiment,
the budget was reduced by 1/28™ for each day where no tracking data was
provided over the 4 weeks of the treatment phase. During the treatment
phase, participants were provided with a weekly email report updating
on their external costs in the previous 7 days, as well as their remaining
budget if applicable. Due to the rolling start to the experiment, participants
received these reports on different days of the week. As such, a pipeline
was developed to download the new data from Motiontag and calculate
the external costs and mail the reports each evening. The methodology to
calculate external costs is covered in detail in chapter 3.

1.2.2  External costs in the mobility pricing experiment

The external costs presented to participants were grouped into 3 categories:
CO,, congestion and health. CO, is the external cost of CO,, N,O and
methane (CH,), in CO, equivalent emissions of a particular mode of travel.
Congestion is the link-based time lost caused to other drivers in the case of
car travel, and the peak-hour transit surcharge for transit modes. Health is
broader, and groups together the impacts of particulate matter (PM), noise,
nitrous oxides (NOy), accident costs and the (positive) health benefits of
active mobility such as cycling and walking.

PARTICULATE MATTER Particulate emissions were priced according to
the urbanity of the trip. Using the the development zoning classification for
Switzerland (ARE, 2017), each link in the MATSim network was designated
as urban or rural, and PM emissions were computed for each, and priced
accordingly.

11
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NOISE After determining that a dis-aggregated noise model developed
by Kaddoura, Kroger, and Nagel (2017) would not scale to a national level,
a fixed per-Km cost of noise emissions was used, with the value taken from
the Swiss norms.

NOx The health externalities from NOy emissions were priced using the
CHF/t value in the Swiss norms.

ACCIDENT c0sTS The Swiss norms provide accident costs per km trav-
elled for each mode. In contradiction to multiple studies (Gossling et al.,
2019; Seelensminde, 2004), the Swiss norms give external accident costs
for cycling which outweigh the health benefits, giving an overall negative
external cost for cycling.

HEALTH BENEFITS For walking and cycling, the Swiss norms stipulate
a health benefit of 0.1870 CHF/km and 0.1863 CHF/km, and accident
costs of 0.075 CHF/km and o.257 CHEF/km respectively. This gives a total
external cost of -0.112 CHF/km and o.070 CHF/km for cycling and walking
respectively. The calculation of external costs was performed within the
agent-based transport framework MATSim (Horni, Axhausen, and Nagel,
2016).

To calculate the emissions from car travel, the emissions module for
MATSim (Hilsmann et al., 2011; Kickhofer, Hiillsmann, et al., 2013) was
used to calculate the pollutant emissions of a driver on each link based on
the Hbefa (De Haan and Keller, 2004; Keller et al., 2017). The congestion
externalities were estimated using the marginal-cost method developed by
Kaddoura (2015). Here, a constant value of time was used for all agents in
the simulation, in this case a necessary violation of the constraints required
for true first-best pricing. Walking and cycling externalities were calculated
on a per-Km basis using the normative values provided by the relevant
Swiss authorities, updated for 2019 (ASTRA, 2017).

1.2.3 Dynamic public transport pricing

For public transport externalities, pollution emissions were calculated on
a per-Km basis, using the values in Table 1.1. These provided estimates
of per-person-km emissions in grams for the key pollutants for which
monetary values are available from Table 3.6. In contrast to private car
travel, the marginal social cost of public transport (in terms of pollution
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Mode CO, PMy NO, Accidents Noise Health?
Train 0.000066  0.0140 - 0.00066  0.0087 -
Bus 0.0144 0.0437  0.5440 0.0141 0.0257 -
Tram - - - 0.0126  0.0075 -
Bicycle - - - 0.257 - -0.1870
Walk - - - 0.075 - -0.1863

TABLE 1.1: Per-km Monetary costs used in the MOBIS experiment. Note the zero
pollution values for Tram - None were provided in the NISTRA. This
has a minimal effect on the study results, as they would be similar to
Train, i.e. Minimal.

a Note that the negative values indicate a benefit

and noise) decreases as the demand increases. On the other hand, crowding
affects willingness to pay and can be seen as a form of congestion in
public transport, and delay in some circumstances (Tirachini, Hensher, and
Rose, 2013). However, crowding effects are extremely heterogeneous, both
spatially and temporally. Even in peak hours, crowding can be restricted to
particular transit lines during very short periods (Zurich Public Transport
(VBZ), 2017). As such, it would be unreasonable to distribute the crowding
effects in an aggregate measure across all peak-hour travellers in a specific
public transit region. Additionally, for each public transport operator, data
would have to be collected separately and collated as it is not available on
a national level. As an alternative solution, a zonal peak-hour surcharge
pricing scheme was developed for the national public transport network, as
a form of second-best pricing. Throughout the experiment, participants had
access to a interactive map which showed them where and when the pricing
scheme applied (see fig. 1.2. The peak-hour pricing surcharge applied a 0.1
CHF/km surcharge on public transport trips between those zones with a
larger demand in peak-hours compared to the off-peak.

The zoning system was based on the Gemeinde®, with large urban mu-
nicipalities such as Zurich being split into their Kreise3. The surcharge
was applied to transit stages between any two zones which experience
peak-hour demand. The peak-hour windows and the affected zone-pairs
were determined using the output of the MATSim scenario for Switzerland

2 A Gemeinde in Switzerland is roughly translatable as a municipality.
3 A Kreise in Switzerland is roughly translatable as a municipal district

13
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(Bosch, Miiller, and Ciari, 2016). The peak windows were set as yam-gam
and 5pm-7pm, and not adapted for regional variations in working patterns.
Municipality pairs were priced if the maximum hourly transit trip count
during peak-hour was greater than three times the average hourly transit
trip count during the daily off-peak (9am - 5pm) for that pair. A municipal-
ity could also be paired with itself if the the above criteria was met, and the
direction of the peak-hour flow is not considered. If the trip was partially
in both the peak and off-peak periods, only the proportion of the travel
duration that overlaps with the peak period was charged.

1.2.4 Estimation of discrete choice models

Discrete choice methods are an important methodological tool for mod-
elling the impacts of transport policies. In particular, they are useful for
both generating value-of-time estimates and understanding how a mobility
pricing scheme affects mode share. However, the amount of data generated
by a tracking study like MOBIS is extremely large. The tracking of 3,680
participants over 8 weeks generated over 1.4 million travel stages in 935,570
trips. Each of these stages or trips would count as an observation in the
discrete choice model. Sampling methods have been developed for working
with such large data sets (Cranenburgh and Bliemer, 2019). However, even
with a 10% sample, the data set is still very large by discrete choice mod-
elling standards. With many available packages, the memory requirements
for more complicated models with many random components that require
simulated estimation become prohibitive, requiring over 200 GB of memory,
as shown in chapter 4. As such, there is currently a methodological gap here,
which the work in chapter 4 seeks to fill. This is done by taking advantage
of some methods from computer science. Namely the translation and com-
plication of computing code from one syntax to another, and the use of data
parallelism to split the problem over multiple processing cores (Subhlok
et al., 1993). The high performance parallel computing framework OpenMP
(Chapman and Massaioli, 2005) was used to formulate the estimation of the
log-likelihood in discrete choice in the data-parallelism framework.

1.3 RESEARCH OBJECTIVES AND QUESTIONS

The MOBIS mobility pricing project had the ambitious goal of determining
if the consideration of the external costs - through either information or
incentivisation - would lead to significant behavioural change in the Swiss
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population. The goal was to do this through a real-world field experiment.
This thesis is concerned with some of the research questions that arose as
a result of the work on this project. The following list corresponds to the
order of the papers presented in this thesis.

1. Which factors affect the attrition rate in a long term GPS tracking
study? Does the duration of participation vary across the population
or between treatment groups? How does the response rate compare
to other studies in the literature? Are app-based tracking studies
sufficiently accurate and advanced enough to support such a mobility
field experiment?

2. How can external costs be accurately imputed at a trip level, taking
advantage of the temporal and spatial resolution in GPS data? Does a
dis-aggregate link-level approach based on an agent-based framework
method better capture the heterogeneity in external costs compared
to an average approach?

3. Can the scalability issues with current estimation software for dis-
crete choice models in R be overcome? Is it possible to improve the
performance to the extent that complex models on large data sets are
feasible to estimate in R, such as those required by the MOBIS project?
Can such performance be achieved while providing a simple model
specification syntax?

4. The final research questions followed after the completion of the
MOBIS tracking period was completed, as a response to the Covid-19
pandemic. How is the mobility behaviour in Switzerland changing in
response to the measures introduced to control the pandemic? How
do these responses vary by socio-demographics and trip purpose?

1.4 OVERVIEW OF THE THESIS

In this thesis, the above research questions are answered over the span of
four research papers, presented in the following chapters.

In chapter 2, The recruitment methodology for the MOBIS study is
presented, along with a detailed analysis of the response rates and attrition
in the tracking phase of the study. An analysis of the survey-behaviour of
the participants follows, and the influence of the mobile operating system
on survey participation is quantified.
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In chapter 3, a methodology for the link-level calculation of external costs
on pre-processed GPS traces is presented. The resulting model is validated
against the official average values and various discrepancies discussed. To
evaluate the usefulness of the model, the individual external costs calculated
for the MOBIS study are compared against a simple per-Km approach to
quantify the extra heterogeneity captured using the new methodology.

In chapter 4, a new software package mix! for the R programmming
language is presented. This package overcomes current scalability limits in
the simulated estimation of mixed multinomial logit models, which have
been restricting the complexity of the models which could be estimated as
the number of observations and random draws increased. It also utilises
multiple processing cores better than other open source software to improve
the estimation time.

chapter 5 presents a first look at the impact of the restrictions and re-
sulting relaxations on mobility behaviour in Switzerland captured by a
re-activation of the MOBIS cohort. The detailed socio-demographic infor-
mation available for each participant, as well as the travel diaries processed
from the collected GPS data give a detailed insight into how mobility
behaviour has changed as a result of the pandemic.

Finally, in chapter 6, the four papers are brought together and the limita-
tions and potential for future work presented. The role the methods and
results presented in the above chapters have to play in ongoing transporta-
tion research is discussed, as well as the immediate and future impact of
the work on society.
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2.1 ABSTRACT

2.1 ABSTRACT

This article presents the first results and observations from the MOBIS
Study, a nation-wide mobility pricing field experiment in Switzerland. Mo-
bility pricing is widely regarded as a promising policy measure to combat
congestion, internalize external costs of transport, and offset decreasing fuel
tax revenues. However, the implementation of mobility pricing in Switzer-
land is hindered by a lack of empirical evidence, among other things. In the
field experiment participants participated through the use of a GPS tracking
app, Catch-my-Day, which logged their daily travel on different transport
modes and imputed the trip segments and modes. The experiment lasted 8
weeks, bookended by online surveys. After the first 4 week control phase,
participants were split into three treatment groups. The first continued as
a control. The second received information on their external costs, and
the third received a real monetary budget, from which their external costs
were deducted. The first results show that the technology is capable of
supporting such an experiment on both Android and iOS, the two main
mobile platforms. Significant differences in the engagement and attrition
were observed between iOS and Android participants over the 8 week
period. Finally, the attrition rate did not vary between treatment groups.

2.2 INTRODUCTION

Mobility pricing is widely regarded as a promising policy measure to com-
bat congestion, internalize external costs of transport, and offset decreasing
fuel tax revenues. The concept of mobility pricing was first proposed in
the 1920’s as an example of a corrective tax to internalize congestion exter-
nalities (Pigou, 1920). Since then, there has been much study of the topic,
including mathematical theory (Small et al., 2004; Verhoef, Nijkamp, and
Rietveld, 1996) and simulation experiments (Chakirov, 2016; Kaddoura,
2015; Meyer de Freitas et al., 2017). Most of the research and practical im-
plementations have focused specifically on road pricing, which is a limited
form of mobility pricing that focuses on drivers. Despite the theoretical
capabilities to maximise infrastructure utilisation, mobility pricing has only
been sparsely implemented in practice as it is typically viewed as a ‘new tax’
and is thus associated with strong political resistance. Schemes in London
(Leape, 2006; Santos and Shaffer, 2004) and Stockholm (Eliasson et al., 2009)
are two well-known examples where limited mobility pricing has been
implemented in the form of congestion charges: Cars entering the central
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business district during certain hours have to pay a fee. These ‘congestion
charges’ don't reflect all the external costs from all modes of transportation.
Schemes have also been implemented in a number of cities including Milan,
Paris, Rome, Stuttgart and Singapore.

Although there is evidence on the success of congestion pricing (Eliasson
et al., 2009; Leape, 2006; Santos and Shaffer, 2004), understanding the effects
of broader mobility pricing schemes remains a challenge. A key challenge
is understanding the potential impacts of the proposed policy. Multiple
studies have looked at route, mode and destination choice within the con-
text of various pricing schemes using stated-preference experiments (Li and
Hensher, 2012; Vrtic, Schuessler, et al., 2010; Washbrook, Haider, and Jac-
card, 2006). Work on the acceptance of pricing schemes includes Jakobsson,
Fujii, and Garling (2000) and Vrtic, Schiissler, et al. (2007). More recently,
the proliferation of affordable GPS tracking and mobile connectivity has
opened up the possibilities to do field experiments exploring transport
users’ behavioural responses under a pricing scheme, which would have
been financially and logically infeasible in the pre cell-phone era. In one
of the first examples, Nielsen (2004) equipped 500 cars with a GPS-based
device, and monitored participants for a control period before exposing
them to a pricing scheme for the Copenhagen region. This study was in
the pre-smartphone era and hence limited to a small sample size and no
control group. A similar study using car-based GPS loggers was performed
in Melbourne, in which 1,400 toll road users experienced different types
of congestion charges (Martin and Thornton, 2017; Transurban, 2016). A
period of several months was used to monitor baseline behaviour before
the pricing schemes were introduced for three quarters of the sample. In
both these experiments, only car trips with the primary household vehicle
were tracked. Public transport and active modes were not recorded. The
Melbourne study did investigate possible modal shifts to rail commuting,
by identifying car trips and subsequent parking at railway stations. The
study reportd that 30% of participants reported changing their road travel
use under the pricing scheme. Until now there have been no studies that
have attempted to use smartphone-based GPS tracking to look at road or
mobility pricing, limiting the opportunity to understand modal shifts.

The use of GPS tracking for mobility research is now widespread. Mul-
tiple studies have identified how traditional travel diaries under-report
the number of trips, due to, among other reasons, response burden and
memory recall (Janzen et al., 2018; Stopher, FitzGerald, and Xu, 2007, Wolf
et al., 2003). Passive tracking mostly mitigates these issues, although the
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collecting of trip metadata such as detailed trip purpose, fellow passengers
and travel expenses mostly still requires more traditional survey methods.
Furthermore, the performance of GPS tracking depends on the quality of the
GPS traces, and the algorithms used to identify trips, stages and activities,
as well as the mode and purpose of travel. Here there has been significant
advances in recent years (Marra et al., 2019; Schuessler and Axhausen, 2009).
For two comprehensive reviews on the processing of GPS tracking data,
the reader is referred to Shen and Stopher (2014) and Nikolic and Bierlaire
(2017). Other studies note that the performance of the algorithm