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ABSTRACT

The rapid and global growth of bikesharing has come at a time when concerns for the
environment are central in polieyaking. It has, however, become apparent that the
environmental benefits of bikesharimge at its best when bikesharing does not subtitu
walking, cycling or public transport and when it is combined with public transportation in
covering the first and last mile of public transportation journ&figs thesis investigates how
bikesharing is being integrated with public transportation iro O further understand the
relationship between bikesharing and public transportation quantitative models were applied to
address three knowledge gaps on the topic. Firstly, integrated use of public transportation and
bikesharing on a trigevel tend tde the norm in studies. Results from this study show however
that combined usage of public transportation and cycling in daily life is important in explaining
membership choice. Secondly, previous studies usually view bikesharing members -and non
members gmarately. Viewing these groups together has identified factors that affect interest in
participating in bikesharing and factors that matter for actual membership. Findings suggest
that environmental consciousness can explain interest in bikesharing, robershkip choice

is more likely to happen when urban characteristics and transportation in daily life makes it
convenient. Finally, studies on integration between bikesharing and public transportation on
trip-levels are often based on survey data or oadbiairing station frequencies. In this thesis it

has been highly beneficial to use bikesharing population data on routes. Results indicate that
bikesharing might serve an important integrational purpose with the-raatt@ailway system

in covering the fist- and especially the lasmile of metro/railway journeys.
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1 INTRODUCTION

The pressing issues of climate change challenge how we conduct our lives as nearly all aspects

of our current society contribute to greenhouse gas emissions. Transportation is one major
source accounting for nearl y seemigsiorsandéerthe of E
main cause of air pollution in cities (European commission, 2016). Reducing fossil fuel based
travel is therefore crucial for both the local and global climate and has become a major policy

objective for nationaland city governmets across the globe (Moss, 2015).

Sharing our resources is viewed to be one s
resources, congestion and urban space issues and recent years have seen the emergence of a
sharing economy (Frenken, 2017). Therstggeconomy allows services and goods to be shared
amongst strangers and advances in the sharing economy have been especially apparent in cities
as urban environments have proven to be beneficial for sharing (Munds & Cohen, 2015). For

the transportationestor it is argued that sharing mobility has the potential to make travel
cheaper, cleaner and more accessible (Adams et.al, 2017). Innovations as well as participants
within the field of shared mobility have been numerous; a development encouraged by many

city governments.

One increasingly popular shared mobility service is bikesharing, and bikesharing systems have
appeared in cities across the world as a green transportation measure (DeMaio, 2017; Mayer &
Shaheen, 2017; Fishman, 2016). Bicycle sharinggn@mmes serve as an alternative
transportation mode in cities and provide public access toymcknd drogoff bikes at
numerous locations (Adams et.al., 2017). The potential environmental benefit of such
programmes is however debated as a considerabiber of trips are substituting other green
transportation modes and the sustainable impact of bikesharing is argued to be limited (Fishman
et.el. 2013).

It is however largely agreed upon that bikesharing systems in combination with public
transportatiortan providealovwe ar bon s ol utmidne of oprr otbhl ee nii loafs ta t
journey without the need for a manidreidos ed ovd ke
is argued to be a major challenge in the public transportation systemg@ghestransportation

mode in itself requires some sort of travel. This challenge is one of the reasons why the private

car is a comparatively efficient transportation mode since cars can provideoatmmr



transport. Bikesharing may therefore servemaportant role in access and egress trips to and
from public transportation stopsi(e cycling from a pickup point to a metro station and / or
vice versa). This can increase the competitiveness of the public transportation system as a

whole.

Combining bikesharing with public transportation has thus been viewed important for
sustainable travel and a new advance in shared mobility, mobility as a service may contribute
to more easily combined transportation modes. Through smart phone technology, neahility a
service aims at facilitating dot¢o-door travel by integrating conventional forms of public
transportation with shared mobility services (Jittrapirom et al., 2017). The emerging trend
where accessing transportation modes is becoming relatively impodmpared to owning

them, suggests that integrated transportation solutions will become more important in the near
future. The new shift in trends, from ownershigsed to accedsased, point to the need for
more research on integration between tranggiort modes (Frenken 2017). In this thesis,
integration will be viewed from a user perspective on two different levels. Firstly, integrated
use of the two systems may happen on a trip level in the form of access trips to public
transportation and egresgs from public transportation to final destinatigigsshman et.al.,

2013) Secondly, integration may happen in daily mobility as part of the different transportation

modes individuals have access to and use in their day to day lives.

Bikesharing has long been considered a niche area, however because of its global reach and the
proliferation of bikesharing schemes it be cannot be considered so anymore (Croci & Rossi,
2014). Despite its newfound relevance, research is lagging behindcallgtiudies on
bikesharing focus on their innovative aspects as well as how best to optimise the current systems
(Shaheen, Guzman & Zhang et.al 2010, Pal & Zhang, 2017). Bikesharing integration with
public transportation however is a field which has mmenewhat neglected in current research.

Luckily, a few scholars have researched bikesharing in relation to public transportation systems
(Fishman et.al 2013; Campbell & Brakewood 2017; Noland, Smart & Guo 2015; Martin &
Shaheen, 2014). The main topic bése studies has been to what degree bikesharing is being
used instead of unsustainable transportation modes such as private cars and taxis. These studies
are usually quantitative in nature and typically find that bikesharing is substituting few trips
from unsustainable transportation modes, and substituting many trips from sustainable

transportation modes like public transportation and walking (Fishman et.al.,, 2013). The



findings from the research is however not consistent, as some scholars argue sharibie

is significantly contributing to sustainable travel (Martin & Shaheen, 2014).

In the current body of literature there are some knowledge gaps that | will address in the thesis.
Firstly, research regarding who subscribe to bikesharing schemesddrelbsased on surveys

on bikesharing members (Fishman et.al, 2013; Martin & Shaheen, 2014). Only a few studies
have collected data from ndrmembers (e.g Efthymiou et.al., 2013). Comparison of data from
members and non members could be beneficial insdovering whether aspects related to
public transportation are important factors in integrating bikesharing in daily life. This could
identify which factors affect interest in bikesharing and distinguish those from factors that are
important in taking thexctual step to become a member. Such a comparison could also be

beneficial to map the potential for upscaling the system.

Secondl vy, there are few, I f any, studies th
mobility patterns and transportatioespurces outside of bikesharing. The focus of previous
|l iterature on bikesharing members has mai nl
economic and socidemographic characteristics (Martin & Shaheen, 2014; Campbell &
Brakewood, 2017; Fishman et.2013; Guo et.al., 2017). Research on integration between
bi kesharing and public transportation in peo

to fill this knowledge gap.

Finally, research regarding how bikesharing is integrated with pubhspiortation on a trip

level tend to either use survey data or data on bikesharing station frequencies and not routes
between the stations (e.g Yang et.a., 2010; Noland et.al., 2016; Zhang et.al., 2017; Campbell &
Brakewood, 2017). Station frequencies barimportant to identify factors that increase use of

a station, but in many ways, such a focus fails in explaining mobility patterns between the
stations. An advantage would however be to focus on route frequencies between bikesharing
stations to see ifoutes that are connected to public transportation at one end of the route
positively correlates with higher user frequencies. Looking at the routes can thus indicate

whether bikesharing is being used to cover the first and / or last mile of the journey.

1.1 AIM OF THE THESIS

This thesis is based on a theoretical framework informing about assumed causality on

transportation behaviour generally, and on bikesharing behaviour specifically. Previous

3



findings, which will be presented in a theoretical framework, form the basisefoesh of the

thesis as hypothesis, and the choice of variables firmly rests on previous work on the topic. To
address some of the knowledge gaps presented above this thesis will provide a comprehensive
approach to bikesharing integration with public t@orgation. Two levels of integration will

therefore be explored.

The analysis draws on data from multiple sources. A survey amongst bikesharing users and
nonusers based on the general population in Oslo and Baerum will be used to compare people
who have &ikesharing membership with people who do not. The survey will be used to address
bikesharing integration in daily mobility. Population data on bikesharing trips will be used to
explore bikesharing mobility patterns and how this might be integratedhditoadual journeys.
Various quantitative modelling techniques will be used to understand bikesharing integration
with public transportation. The quantitative models are used to test hypothesis related to the
topic and to discover correlations amongst tltependent variables on dependent variables.

The main research question for the thesis is:
In what way andvhyis bikesharing being integrated with public transportation?

Some form of integration is expected as it is unlikely that the transportatiorsracelbeing

used in total separation to bikesharing. Whether the integration is comprehensive or not, is
however another question. The focus is therefore: why and how is integration happening? As
the objective of the main research question is to understdegration in a comprehensive
manner, it is necessary to unpack the question into two research questions linked to integration
in daily life as well as in individual journeys. Answering the following questions can therefore

contribute to further undeestding the effect public transportation might have on bikesharing.

RQ 1: How do daily access and use of public transportation affect revealed bikesharing

membership choice compared to stated interest in bikesharing participation?

This question aims at dressing bikesharing integration in daily mobility. The majority of the
respondents are not bikesharing members, but some are, forming a basis for comparison. The
objective is to assess whether the respondents current mobility modes affect their interests
bikesharing schemes. By comparing the results, it is possible to find out if public transportation

plays an important role for bikesharing integration in daily mobility.



Ordinal logit models will be used to see whether transportation resources gnohalaility
patterns related to public transportation increases the likelihood of stated interest in
participating in bikesharing programs. Binary logit models will be used with the same
independent variables to see if they affect revealed membershig.choic

RQ2 seeks to explore integration of bikesharing routes as port of individual public

transportation journeys, either as access, egress or both.

RQ2: What impact has connectivity to public transportation, along with other urban form

aspects at bikesharg origin and destination stations, on bikesharing route frequencies?

By answering this question, it is possible to gain insight into whether bikesharing is being used
to access or egress public transportation. Proximity between public transportation and
bikesharing station is used as an indicator for combined travel. However as other features at the
bikesharing stations might be the real cause for route frequencies it is important to control for
aspects known to impact ridership levels. Aspects knowmpadt bikesharing is urban form

at start and end station as well as distance and elevation between stations (Liu et.al. 2012). In
this thesis urban form is indicated by density, diversity, destination accessibility and distance
to public transportation. lfoute frequencies are higher on routes that are connected to public
transportation at one end of the route when controlling for the urban form at bikesharing
stations, this can indicate that bikesharing is possibly used to access or egress public
transpotation. If this is the case bikesharing might play an important role in covering the first
and last mile of a transportation journey. As mobility patterns change throughout the day, route
frequencies during weekday morning and afternoon will be exploredldition to general

frequencies.

The data used to answer this question is population data on bikesharing trips. This data has been
joined with other spatial data that informs about the urban characteristics at the bikesharing
stations as well as distant® public transportation. Negative binomial regression is used to
measure the effect connectivity has on bikesharing route frequencies in general, as well as

morning and afternoon frequencies.

By viewing key results from RQ1 and RQ2 together, bikeshi ngdés r ol e i n rel
transportation might be better understood.



1.2 THE CASE OF OSLO

The rationale for choosing Oslo is threefold: Firstly, literature on bikesharing has tended to
have a limited focus on a few cities in the US, Great BritainndgaAustralia and China
(Fishman, 2016). As bikesharing may be related to factors like urban form, demography,
economy, culture and climate, the current pool of literature is lacking studies from Northern
Europe. Northern European cities are often distim¢hat they have wefunctioning public
transportation systems, strong seasonal variation, and a high share of active modes like walking

and cycling; a study from Oslo might therefore show a variety in bikesharing (Eurostat, 2018).

Secondly, Oslo is aity with ambitious environmental targets aiming at reducing greenhouse

gas emissions by 50% within 2030 (Pl ansamar
emissions originate from transport, and policy objectives have therefore been directed towards

the transportation sector. Halting car ownership in the Oslo region is viewed as one solution

and sustainable transportation modes like public transportation, cycling and walking are
supposed to account for any new growth in the transportation sectbefoorming years (St.

Meld. 33(20162 0 1 7 ) p. 147). As a conseguence, shari
scheme have gained importance as a transportation mode in the city (St. Meld. 28PD)L6

p. 76).

Finally, Oslo has had a bikesharing schemeesi@002 (Alsvik, 2009) The extent and
member ship numbers of the scheme #fA0sl o City
years of its existence (Dagens naeringsliv, 2018). Between 2015 to 2016 the subscriber number
increased from 29 000 to 40 00Gts(Regnskap og @konomi, 2018). The program is currently
gaining relevance as advances in the transpo
integrated travel solutions in the Oslo region; this includes bikesharing integration (Aarhaug
2017). Tke transportation company is taking a mobility as a service approach using smart phone
technology to ease combined usage of public transportation in addition to shared mobility in
order to promote sustainable mobility. The developments currently takirgipl@slo call for

research on bikesharing integration with public transportation; this is a topic that has not yet
been studied (Alsvik 2009; Bergstrom 2017; Langfeldt 2011). Furthermore a study from Oslo

can add to the pool of international literature.



1.3 THESIS OUTLINE

In chapter 2 | will present a literature review on relevant research on the topics of shared
mobility and bikesharing. Furthermore the theoretical framework will be presented here
explaining relevant concepts and relationships between aspects thattackbteeldkesharing
membership and bikesharing mobility patterns. There will be in particular a focus on integration
between bikesharing and public transportation. Key conceptstifteergeographwvill also be
presented in this section. Chapter 3 is thearsh design chapter. Here the study area, data and
operationalisation of the theoretical concepts to quantifiable variables will be presented. An
emphasis will be put on how data and methodological choices may impact the validity and
reliability of this hesis. Also in this section the quantitative models will be presented and
explained. Chapter 4 will deal with bikesharing integration with daily mobility and the results
from RQ1 will be presented and discussed descriptively as well as analytically. @ritbeq

the results from RQ2 will be presented and modal integration will be discussed in chapter 5.
This will first be done descriptively in maps before proceeding to the analytical results. The
main findings from chapter 4 and chapter 5 will be viewertlation to each other in order to
answer the main RQ in chapter 6. The limitations of the thesis as well as further study will also

be presented here.



2 THEORY

Bikesharing has been designated a specific role in sustainable travel, to cover the fast and |
mile of a public transportation journey (Liu et al., 2012). Whether bikesharing actually is used
in this manner remains to be seen. To properly understand bikesharing integration with public
transportation it is important to look to earlier researnhtiee topic as well as looking to
explanations regarding sustainable mobility. This body of literature forms the basis of the

analytical framework which will be applied in this thesis.

The first section in the analytical framework seeks to explain bikieshaelated travel
behaviour, looking to the individuals using the system as well as the urban structures for an
answer. Figuring out who bikesharers tend to be and what motivates such travel behaviour is
viewed to be important for further analysis ondsikaring. Studies have also indicated that
spatial structures, in terms of the urban form of an area, encourages certain types of travel
behaviour, amongst others, bikesharing (e.g. Ewing & Cervero, 2010; Noland et.al. 2015; El
Assi et.al. 2017).

The nextsection of the analytical framework is dedicated to understanding mobility patterns
from a time geographic perspective. Time and space impose opportunities as well as constraints
on individual sdé ability to tr amedspetitkicgnesr st
enhance our understanding of bikesharing as it enables a more dynamic interpretation of the
phenomenon. The first section of this chapter is however dedicated to the concept bikesharing
and how this shared mobility service has develdpaah small scale idealistic initiatives to

large scale sharing run by private operators (Martin & Shaheen, 2014). Literature from a

Norwegian context will also be presented here.

21 Bl KESHARI NG60S PLACE I N THI
ECONOMY

AThe Sharing HEcooncaptualiged in 2088sandfisiargged to be among the most
significant economic developments in the past decade (Puschmann & Alt, 2006, Frenken,
2017). The term was originally used to describe consumers granting each other temporary
access to undartilised goods (Frenken & Schor, 2017). The sharing economy has however

undergone development since its emergence, as a significant number of businesses are taking



part in the sharing economy. This trend has especially been apparent in shared mobility forms,

sud as bikesharing.

Even though sharing is something that has been going on throughout human existence, its
present large and increasing scale and the fact that sharing is happening among strangers
constitute important characteristics of the term sharing@uny today (Frenken & Schor 2017).

The sharing economy is in its most basic sense understood as consumers sharing physical
artefacts in their usage (Frenken, 2017). One of the main characteristics of the sharing economy
Is that the consumer does not cesatlemand, but rather uses an uudidized good, like a flat

or a car. By lending or renting out underilized goods the consumer takes part in a positive

sum game, meaning that it is a win situation for both parts (Frenken, 2018).

A traditional characteristic of the sharing economy isansumeito-consumer(C2C)
interaction, where the consumers grant each other temporary access, rather than giving another
consumer permanent access, distinguishing it from second hand shoppinghetwenrgsumer

gets permanent access (Frenken & Schor, 2017). Digital platforms have been essential for the
sharing economy because it can enable sharing between strangers by reducing the risk by rating
systems. Even though strict definitions of sharing enonemphasize C2C interaction, the
notion of sharing economy is often expanded to include other forms of interactions and
increasinglybusinesses to consuméB2C). This trend has especially become apparent after

the commercialization of the sharing ecomno and the move from an ownerstiipsed

economy to an access based one.

As the sharing economy encompasses any umilered goods sharing mobility focuses on
underutilized transportation. Car sharing, ridesharing and public bikesharing are all forms o
shared mobility which have been subject to recent research (Shaheen, 2016). Much of shared
mobility has B2C interactions and this is especially the case for bikesharing. The B2C
interactions are however increasingly used in combination with actors wiitairpublic
transportation sector, a consequence of an emerging shift towards la@sedgransportation
preference (Jittrapiron et.al, 201®)obility as a servicdMaaS) is used to describe this shift

in consumer preferences and MaasS is characterisdzting flexible, personalised and-on
demand (Aarhaug, 2017).

Similarly to the sharing economy the internet and other technologies are an essential part in its
functioning. With that said MaaS extends well beyond shared mobility as important
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characteristis are service bundling, cooperativity and interconnectivity in transport modes and
service providers (Jittrapiron et.al, 2017). This entails thatazat bike sharing is part of a
broader mix of transportation modes, often in cooperation with publgpoatation, where the

user of the service pays one fee in order to access all transportation modes. MaaS aims for
integrated solutions that enable doodoor travel, eliminating the first and last mile problem,

which will be discussed in more detail late

The developments in the sharing economy suggest that it is taking on new forms, as not only
businesses have entered the sharing economy, but that developments such as MaasS facilitates

conventional forms of mobility to be combined with shared mobility.

2.2 BIKESHARING

Bikesharing systems have become an alternativeclovgsion and cdemand transportation

mode in many cities (Parkes et.al. 2013). Th
1960s as an idealistic initiative, but it is really onlythe past decade that bikesharing is truly
experiencing a rapid growth (Mat&abiano et.al, 2016). In 2016 bikesharing became a global
phenomenon with around 2.3 million bikes available for the public on six continents (Demaio
2017). It is important to netthat the rapid growth of bike sharing systems has come at a time
where concerns for the environment, culture and health are central inpalicyg, a trend
which is also apparent in Os]l o;®&lsvik,2009. Tkent pol
growth of bike sharing systems is therefore something that should not be viewed separately
from broader political trends, especially so since many bikesharing schemes have been put in

place as sustainability measures (Langfeldt 2011).

2.2.1 How bikesharing works

The principle behind bikesharing systems is simple; bikesharing users can access the bikes on
an asneeded basis (Parkes et.al. 2013). The bikes are typically distributed on unattended
stations in urban or dense areas where the users easily capickdropoff the public bikes.

The fact that the stations are unattended, can be accessed beyond normal opening hours and
managed at a large scale, separate them from ordinary bike rentals-Bdatano et.al, 2016).

The past years have also seen an imer@adockliess bike sharing systems, especially in Asia
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(The economist, 2017). A common trait is however that the user gains temporary access over
the bike.

Bikesharing systems are normally distinguished by four generations connected to specific
charactestics (Martin & Shaheen, 2014). Bike sharing started as an idealistic idea where
anyone could access unlocked and free of charge bikes which were spread around the city. This
is referred to as the first generation of bikesharing, which started in Amsteéndl965. White

bikes were placed around the city, but the system did not last because of vandalism and theft of
the bikes in addition to police officers removing the bikes from the street (Frade & Ribeiro,
2014). The second generation is the eonidentification deposit system. The most known
example is from Copenhagen, where anyone who wanted to use the sharingbikes could insert a
coin in order to access them. The system did not fully solve the theft and vandalism problem,

but still operates somdgees in North America (Martin & Shaheen, 2014).

The third generation, which is most common today, is usually run by companies and uses
information technology to operate the system and is incorporated into remote management of
rental and payment systenfSmartphone apps can inform the users of bike availability, in
addition the operators get a constant information flow of information on how the bikes should
be distributed. Shaheen et.al (2010) also highlight the emergence of a fourth generation of bike
shaing which is characterized by flexibility, clean docking stations, bicycle redistribution
innovations, smart card integration and GPS technology and electric bikes. The IT based bike
sharing system has also opened up for broader research on the topssens) user data with
movement data has become an alternative (Vogel et.al, 2014). This type of data can be used to
study mobility behaviour at an individual level, an area which has only to a small degree been
explored.

2.2.2 Existing literature on the Oslo City Bike scheme

To date there is a limited amount of literature on bikesharing systems in a Norwegian context,
highlighting the need for more research on the topic, especially so because bikesharing is
becoming a highly used transport mode in Oslo (Dageayi2018). Most of the knowledge
which is available of Osl ob6s bikesharing s«

newspaper articles. | will try to summarize their main findings.
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The focus of Alsvikés (2009) master thesis |
scheme was and why the scheme was adopted by elected officials. She highlights that even
though many positive implementations of city bike schemes were mentigresy bofficials,

there were no clearly defined goal or expectations to the scheme before its implementation. She
also argues that the bike sharing scheme in Oslo has functioned nearly as a trojan horse for the
advertisement firm Clear Channel who gaingeatisement access to desirable urban spaces.
Bergstrom (2007) has also studied the impact advertisement funding has on the bikesharing
system in Oslo and publjarivate partnership lies at the centre of the master thesis. His findings

show that the fundig model puts limits on the physical development of the system, in addition

the outdoor advertisement affects the accessibility of other actors to use the outdoor media

landscape.

Another master thesis which looks into the GSity Bike program is Langfdt (2011), who

has comparedbikesharing programs in Barcelona, Bordeaux, London and Oslo in order to
discover common features which indicate success of the bikesharing schemes. Langfeldt notes
that the OsldCity Bike is not linked to a clear vision of ¢amable mobility and increased

mobility, compared to the other cities.

Earlier research on the Ogbity Bike has focused on players behind the program, city officials
and private actors. There is therefore a large knowledge gap within the bike sheratgré

in Oslo. There is little academic knowledge related to who the users are, and their socio
economic and demographic backgrounds and we know nothing about potential users among the
general population. Furthermore, little focus has been dedicatbikesharing and public
transportation integration in Oslo, a topic increasingly covered in the international pool of
literature. To what degree the bikesharing system in Oslo is being used in combination with
public transportation to cover the last mileadfip is therefore largely unknown.

Knowledge about ridership patterns in Oslo has to my knowledge not been published in any
journals, even though a few newspaper articles and blogs have covered it. A highly read
newspaper article by Aftenposten hasif@mtance reported that most bikesharing trips in Oslo
are going downhillAftenposten2016). Whether the travel pattern is mainly a consequence of

a dislike of hills or other factors, like land use in the urban core and temporal patterns, is

something whsh needs to be studied in more detail.
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2.3 ANALYTICAL FRAMEWORK

Explaining bikesharing related travel behaviour

Travel behaviour ul ti mat el y 2005 Fhere is bawevern di v i
certain individual and urban characteristics that arédid to using sustainable transportation

which may help to explain bikesharing integration with public transportation (Na@€, Phe

next section therefore is dedicated to previous research seeking to explain who tend to use
bikesharing systems and to athdegree these are related to public transportation, what

motivates the users and how much the urban form of an area may contribute to bikesharing.

2.3.1 The socieeconomic and demographic background of bikesharers

In past studies socieconomic and demogrhjg attributes have proven to be of great
importance when analysing bikesharing (Fishman et.al., 2013). However, much of the earlier
literature has not accounted for the users of the system and a majority of studies are based on
internet surveys and smalleamples (Marleau et.al. 2012; Efthymiou et.al, 2013).

Literature on bikesharing point to some commmmbershigharacteristics. The largest group

of bikesharers are generally in their ntidrties, and the majority generally under the age of 40
years old (e.g. Martin & Shaheen, 2014; Campbell & Brakewood 2017; Fishman et.al, 2013).
Furthermore bikesharers tend to be highly educated and often innbiwhe groups.
Interestingly, a study by Shaheen et.al. (2011) found that the individual chistastef
bikesharers tend to be similar to thatafly adoptersEarly adopters are generally young and
highly educated individuals who apply past practices and norms in new and innovative ways.
Such individuals tend to be eager in learning about amgted) new products, such as

bikesharing.

Male majority is also a common trait of bikeshar{Rgshman et.al., 2015)Reasons for the

male majority has been pointed out by Adams et.al (2017) who argue that a lack of
infrastructure can explain why some&men avoid bikesharing as women often have higher
safety concerns. Furthermore women generally take on more responsibilities than men when it
comes to daily duties as for example shopping and child care. Bikesharing might therefore not
be an ideal transpimtion mode when transporting more than one person or when there is more

than one mandatory activity on a journey. Gender may therefore impact ridership frequencies.
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232Bi kesharers6 transportation resourc

Studies on bikeshamgnmembers and their transportation resources have typically focused on
ownership of theransportation resourcesar and bikeTransportation resources a term
commonly used to describe the ownership of, or accessibility to, different sources of mobility
like private vehicles, bicycles, public transportation tickets and aad bikesharing
memberships (Plevka et.al 201Bgw studies have to my knowledge hasbacific focus on
the relationship between acces sdalgmotilityuande o f

being a member of a bikesharing system (Bachand, Lee aBdrigdy, 2012).

Studies on bikesharers tend to find that they own their own bike, an unsurprising result as
cyclists already have skill and habit of cycling and may also feet manfident travelling by

bike (Fishman et.al. 2013; Adams et.al., 2017). Nuances however show that there are
differences in their usage. A study comparing bikesharing mobility with cycling found that
bikesharing bikes are used differently, as privatedilre often used for longer trips and
exercise (CastilldMlanzano et.al 2016). Bikesharing bikes might also be used instead of a

second bike, which are normally older and cheaper bikes or fevapérips.

Even though there are limited studies that fospecifically on the impact of public
transportation resources and mobility patterns on bikesharing membership, a few studies, such
as BachandMarlau, Lee and EGenedy (2012) do however include variables concerning travel
patterns and access to publicmportation. Their results show that using public transportation
has a small, but significant effect on being a bikesharing member, whereas having a habit of
combining cycling and public transportation greatly increases the likelihood of membership.
The finding thus suggests that previous habits of intermodal travel is linked to integrating

bikesharing with public transportation.

The relationship between the car as a transportation mode and bikesharing is however a topic
that has gained more attention raeplacing car trips with bikesharing can have a considerable
positive effect on the environmerihaheen et.al., 2010)et studies usually find that
bikesharing is negatively correlated with car ownership (Fishman, 2016). A study from China
did however hee different results as it found that car owners were more likely to be an early
adopter of the bikesharing system (Shaheen et.al, 2011). Consistent findings were found in
Canada, which showed that the likelihood of being a bikesharing member incregssapfer
with a dri ver 6Marlal,iLeeeaandcEG&enddy 20d2). Fishanan et.al (2013)
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however argue that the relationship between car ownership and bikesharing membership may
be unique to China, in which early adopters also were more willingutohpse a car.
Furthermore access to a car may be a better
are more people with licenses than car access.

In terms of mobility patterns commuter trips are the most common trip purpose. Recreational
trips are less frequent, but this varies between short term and long term members (Martin &
Shaheen, 2014; Fishman, 2015). Not surprisingly bikesharing members report to use
bikesharing for onsvay trips, as the pickp and drogoff functioning allows for a #xible

mobility pattern.

2.3.3 Attitudes related to green travel

Attempts to change unsustainable travel behaviour has often been done trough campaigns trying
to change individualsdé attitudes (Prill witz
mismatch biveen caring for the environment and sustainable behaviour, a body of research
has tried to explain to what degree attitudes actually are affecting travel behaviour. The question

thus becomes what motivates sustainable travel?

As argued above previous studies have found that bikesharers often are high income earners,
which does not exclude them from being economically oriented. A question is whether the low
prices of often heavily subsidised bikesharing schemes may be congibatbikesharing
participation. Not surprisingly, multiple studies find that economic incentives are related to

using sustainable transportation modes (Gardner, 2009; Riggs, 2017). Efthymiou et.al (2013)
found that the economically friendly pricesofbik har i ng schemes i ncrease
of becoming a member in the near future. Exploring this aspect further is therefore of interest,

as it may impact the decision to become a member. Furthermore saving money has been stated

as a motivational faot of becoming a bikesharing member (Fishman, 2016).

Proenvironment al attitudes or Agreen valueso
with more sustainable daily travel (Kahn & Morris 2009; Prillwitz & Barr, 2011). A study from
Greece on irgntion to join a bikesharing programme for instance found that people who were
environmentally conscious had a higher intention of joining a bikesharing scheme within a
shorter time period than namvironmentally conscious people (Efthymiou et.al., 2013).
Similarly Prillwitz & Barr (2011) found green consciousness to impact green travel behaviour.
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Their study from the UK showed that green travellers often are young professionals living in
urban areas who tend to vote for green parties. Compared to theattiepants in the study

this group walk and cycle more in their commuter trips.

Khan & Morris (2009) however argue that the consistency in earlier research on green travel
behaviour and being environmentally conscious is low. Results from their ady stowed

that residents with high levels of pemvironmental beliefs cluster in high density areas close

to city centres and rail transit, strongly suggesting that it is rather urban characteristics that
promote green travel than attitudes. Iwillargup at t hi s is i n | ine with
study which also finds higher degrees of green travel by urban residents, further suggesting that

it is urban living that is the real cause for sustainable travel.

Before presenting and discussing urban characteristics and how this is related to green
transportation it is interesting to explore the idea that green travel might also be related to having
an urban outlook in life. It has for a long time prevailed thate are some inherent differences
between the urban and rural (McAndrews et.al, 2016). Some of these differences are physical
like population density, industrialisation and a high variety of building functions and services
(Neess, 2012). Other differencbstween the urban and rural are built on some common
perceptions, for instance that rural lifestyles are simple and slow and even old fashioned. Urban
lifestyles on the other hand are perceived to be fast, complicated and restless. There is of course
muchmore to urban and rural lifestyles and any simple urbgal dichotomy may conceal
complexities in ways which may matter for transportation choice. Furthermore the car is more
used in rural areas than in urban areas (Pucher & Renne, 2001). Rural dvegjkndless of

age and income rely on the private car for almost all travel needs. This has much to do with
elements associated with low density like dispersed residences, activities and services which |
will come back to later. With that said car ownepsisi closely linked to identity and maybe it

is something about a rural identity which is closely connected with the private car (Hall, 2014)?

Bikesharing, which is nearly always found in urban settlements, may be linked to some sort of
urban identity. Ths was suggested in Langfeldtés (201
might be part of an urban identity as it is such a visible transportation mode in cities. Exploring

this idea further to see if rurakrban preferences are linked to being interestdakesharing
participation as well as having a membership is therefore of interest. It is particularly interesting

here, because the sample of this thesis does not only include the metropolitan area of Oslo, but
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also the neighbouring municipality, Beaerumhere a higher mix of urbamral preferences

most likely will be found.

2.3.4 Urban form and travel behaviouri the five Ds

A highly studied area within urban planning is how the built environment may affect travel
behaviour (Ewing & Cervero, 2010). Certainban form characteristics has been linked to
increased use of sustainable transportation like walking, cycling and public transportation.
Moreover research related to bikesharing tri
for answers (Noland eil, 2016)

The urban form can thus play an essential role in explaining bikesharing usage and is commonly
described by looking at five attributes, all starting with the letter D. Originally there were three
Ds, density, diversity and desigiwined by Cerve & Kockleman (1997). Latedestination
accessibilityanddistance to transitvas also added (Ewing & Cervero, 2010). These variables

are known to say something about how the built environment affects travel.

Density, which is often measured as groseairpopulation, dwelling units, employment, etc,

is known to affect travel behaviour. Denser cities are linked to lower levels of automobile travel,
whereas in cities with low density there are tendencies to travel more byareasen, 2015

This patterrcan also be seen on a smaller scale as people living walbiggity neighbourhoods,

such as the innamity, are often less car dependent and use transportation modes like public
transportation and bikes to a higher degree than those living hldosityneighbourhoods
(Neess 2012, Williams, 2005). Density in Nordic cities contribute to reduced car travel, meaning
that car travel is being substituted by other transportation modes like public transportation,
walking and biking (Neess, 2012). The relationshgween density and sustainable travel
modes is therefore a reason why different measurements for density is nearly always included
in studies of bikesharing patterns, as previous studies have at times found a strong relationship

between dense areas andlmg (Zhang et.al., 2017).

Diversity, which is highly linked to density, measures the different land uses in a given area. A
high mix of facilities reduces the need to travel far to access different facilities (Ewing &
Cervero, 2010). A varied mix of faities also become a destination in itself. Travel behaviour

is especially influenced by the location of residence in relation to a concentration of facilities,
rather than the distance to the closest facility (Naess, 2012). Where people live in relation t
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areas with high diversity is therefore an important indicator of travel behaviour. For bikesharing
complementary land use like residential and retail can potentially function both as origin and
destination for bikesharing users, increasing the use wdrstgplaced in such areas (Mateo
Babiano et.al, 2016). Diversity is therefore something that is related to ridership frequencies.

Design is a measure of the street network characteristic within an area. Some network
characteristics promote walking andclyg whereas others discourage it. Grid shaped
networks for example encourage walking as the street network offers direct routes in most
networks (Ewing & Cervero, 2010). This is however an aspect of urban form | will not delve

too deeply into in the thes

Destination accessibility says something about the cost or ease it takes for people to get to their
destinations (Ewing & Cervero, 2010). A common indicator for destination accessibility has
been the distance to the city centre where there is a higiheentration of facilities. Short
distances to the city centre are often linked to increased cycling and walkability, whereas longer
distances are linked to increased used of motorised vehicles (Naess, 2006). Accessibility to the
city centre can also baked to bikesharing stations which in most cases are confined to inner

city areas.

Distance to transit is commonly measured as the shortest route from a residence or workplace
to the nearest public transportation stop (Ewing & Cervero, 2010). The disiayssomething

about the use of public transportation. Earlier research has found that when the distance to
public transportation is under 400 meters the transportation mode will generally be used more
frequently than if the distance to public transpiotais longer facobucci, et al., 2037 This

varies however, depending on the transportation mode. A study from Oslo and Akershus shows
that people are willing to walk further for high efficiency transportation modes like metro and

railway than to for eample bus and tramgl{is et.al.,2018

An interesting aspect of distance to public transportation is that it might not only impact the
use of public transportation, but also which mode people use as access and egress on their way
to and from public transportation (Throndsen, 2017). Bikeshamnight only be used in
combination with public transportation if a bikesharing station is placed near the public
transportation stop. Distance to public transportation has been used in a number of studies

explaining bikesharing ridership levels, as bikestta and public transportation have
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increasingly been viewed together (BauchMuatleau & EFGeneidy, 2012). | will discuss this

relationship in further detail later.

2.3.5 Urban form and travel behaviour, is it so simple?

The argument above indicates a causddtionship where the urban form impacts travel
behaviour. Higkdensity areas encourage walking and cycling anddemsity areas encourage

the use of motorised vehicles. The causal relationship may however not be so simple, as
i ndi vi dual ®férences mightbe the réabuhderlying cause for such travel behaviour
(Neess, 2014). This phenomenon is called residentiasslkg€tion, and raises the question that
maybe people are inherently different from each other and this is the real reasaro&ingh
residenti al | ocati on. This can be exempl i fi
(2008) research presented above. Their study found that people with environmental preferences,
who may want to live a certain lifestyle, to a larger degreetared in inner city
neighbourhoodslt might therefore be their desire to travel sustainably that cause their choice
of residence and subsequently transportation behavimirHolden & Nordland (2005),
however argues it is the urban form of the area wladher facilitates sustainable transport.

The issue of seléelection becomes problematic in quantitative regression models for two
reasons. Firstly, because the independent variables are supposed to be independent of each other
(Field, 2018). Secondlyhe selfselection can function as an underlying third variable, where
preference is the real underlying cause of the changes seen in the dependent variable, an aspect
I will come back to later. It is however somewhat doubtful that people move to specific
locations because they want to use bikesharing systems. With that said it is thinkable that people
with urban or environmental attitudes move to avoid using a car, and bikesharing being amongst

other transportation modes that they may chose.

I will argue that a similar logic of sel§election can also be applied to the location of the
bikesharing stations. The locations of the stations are not random, as the locations are carefully
planned in order to create a walhctioning transportation system (Jaft®11). This suggests

that bikesharing stations may be built with an intention to increase route frequencies. Stations
are for instance located in areas that are in proximity to important destinations as well as being
built in proximity to transportationubs. Route frequencies, the dependent variable for RQ2,

may therefore partially be a result of how the bikesharing system is planned. If the bikesharing
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system is planned as a consequence of demand, this will not be a problem for the thesis, as
demand isikely related to the urban form of the area. If the supply on the other hand dictates

the demand, seBelection becomes a problem for the analysis.

Another underlying factor which can impact the planning of bikesharing schemes and
subsequently this thesis advertisement at bikesharing stations. The Oslo City Bike, like many
other bikesharing schemes are partially funded by advertisement placed at bikesharing stations
(Aftenposten, 2014Jt is possible that station locations are partially chosen witbriidement

in mind, consequently advertisement exposure might be an underlying cause for bikesharing
behaviour. If this is the case, the distribution of bikesharing stations might be located unevenly
in places where people with purchasing power can besexifor advertiseme(lsvik, 2009).

It is however somewhat improbable that advertisement is the main factor behind station
locationsin its whole As argued above bikesharing is related to density, diversity and
destination accessibility, a type afrban form which is probably also beneficial for

advertisement too.

With that said it is difficult to plan for how thousands of routes may be cycled and | will thus
not be too concerned with the issue of-seliection presented above, though it is impturta
elaborate on as well as keeping such issue in mind. This discussion has however highlighted
that the causal relationship between urban form and travel behaviour may not be as simple as
first presented.

2.3.6 Understanding bikesharing mobility from a time geographic

perspective

Stating the obvious, travel patterns change with time; during the day, season and decade. It is
for instance a very different experience travelling at 11am compared to at the rush hour peak at
08am. It is therefore helpful to vievairel behaviour through a concept that seeks to understand
spatiectemporal mobility patterns. Time geography is an approach first developed by Torstein
Hagerstrand and his associates, and central to the approach is that actions and events which
constitutemdi vi dual sé6 | i ves, al ways happen within

The main principles to the theory is:

i (1) t hat human I|ife is temporally and spatially ol

dimension and (3) thahe activities which constitute human life are limited by certain basic temporal and spatial
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constraints which condition various individual and gr
p.188).

The constraints that can steerthe ackond event sequence of an in
capability, coupling and authority- constraints(Pred, 1977)Capability constraintdimit
peoplesd activity through their own physical
to sleep anceat. These physiological necessities limit the distance an individual can cover
throughout any given timspan. Capability constraints like age can limit the distance a person

is willing to bike or if the person is able cycle at all. This can for instarpk&in some of the
demographic features of bikesharers, like the fact that most bikesharers are under the age of 40.

In addition other physiological constraints like sweating or fatigue can limit certain routes or
distances that people are willingtacch e, potenti ally saying somet
patterns. Capability constraints can help understand why attributes such as destination
accessibility and distance to public transportation play such important roles when it comes to

the choice ofransportation mode.

Coupling constraintglefine when, where and for how long an individual must join other people

or objects in order to form production, consumption, social, and various activity bundles. An
example of a coupling constraint is to jaither people at a woslace at a given time during

the day. Consequentially this is impacting mobility patterns, as many people have the same
coupling constraints linked to a nine to five job. The commuter pattern will in most cases put
pressure on the plic transportation system in form of cramp conditions on busses, trams,
metros and railways in addition to queues on the roads. The distinct commuter pattern linked
to coupling constraints also strains the bikesharing system as empty or full statmmsnisrc

during rush hour depending on location.

Authority constraintson the other hand, are limitations imposed by regulations, laws,
economics, such as the opening hours of bikesharing stations. An authority constraint imposed
on bikesharing systems can be regulations regarding where to build bikesharing stations. If
bikesharing is not a priority in urban planning the development of the transportation system can
be limited, as stations are not gaining access to important areas where bikesharing might be
used (Hagerstrand in Pred, 1977).

The resources, preferences and aamsts of individuals are not context free, but linked to
sociodemographics like age, gender, ethnicity and health issues.-&oigraphics may

therefore affect individual sd6 prefe208nces o
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Constraints, piferences and resources are not static, but dynamic, meaning thassitality
boundaries the paths available for individuals and groups to fulfil their projects will change
with time and space (Gregory et.al. 1994). Students, with fewer resource®rwilstance

often have a different mobility pattern than a well established professional.

Héagerstrand1985) points to the fact that human beings need to return to their home after
shorter or longer excursions in order to rest, as one major condtrandnly a limited time
individuals can be away from their home before he/she needs to return. He calle this
principal of return,a principle that regulates and organises society as a whole (Hagerstrand,
1985). This impacts working hours, opening hours and the amount of time individuals can
interact with others. Consequentially it also impacts how we travel, and can be used to

undestand different mobility patterns throughout a day.

How far an individual can travel q,.

T: Time Budget
v: Travel Velocity

during the timespan outside of th

home, does vary. Théime space

prism approaches accessibility b - "“"“&

/ ~
I! Potential Path Space -7

~

incorporating spal, temporal and T s

transportation  elements  (Mille _7
1991). The prism represents th .o j

locations accessible for an individug

Geographical

given the indiV Space

Potential Path Area

activities in time and space, tim

budget and the travel velocity or
his/her transportation mode. ThF.igure 2-A:Timespace prism in Miller, 1991
space time prism is thraBmensional as shown in Figure 2.1. Tda#ential path spacevhich

is bounded by the space time prism, demonstrates the area an individual can access within a
certain amount of time. The potential path space varies and isdibyiteonstraints such as the
number of duties an individual has throughout a day, his/her health situation as well as the

transportation resources the individual has access to.

The potential path arean the other hand represents the reachable area byditielual and
signifies how large an area the individual can access within a certain time seen separate from

daily duties etc. (Kwan, 2004) . It i s possi
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is not static. Bikesharing can for examplerirease a personds ti me s

transportation mode can increase an individuals geographical reach compared to walking.

The main critique of time geography comes mainly from a humanistic stance -@gtgraphy

has neglected human ideas, emaiand feelings (Gregson, 1986). In thgeography

i ndividual s6 actions are mainly steered by
certain degree. However, in some recent studies human emotions have been linked to time
geography and transpoitat studies (Dijst, 2013). Time geography can be approached
qualitatively even though it has mainly been applied quantitatively (Pred, 1977). These are
aspects of time geography which | am not capable of studying in the thesis, exemplifying the
main pointof time geography: time imposes limitations.

Another weakness which has been pointed out by Giddens (1984) is that time geography neither
accounts for institutions and their transformations or power structures. Approaching
bikesharing in Oslo with concepfrom time geography definitely has its weaknesses. With that

said it is beyond the scope of this thesis to study all aspects related to bikesharing systems.
Moreover time geography is wel/l suited to wu
activity choices and locations. Viewing for example urban form from a time geographic
perspective can give us a better understanding of why distances play such a major role in

peoplesd mobility choices.

2.4 THE HYPOTHESIS: MODAL INTEGRATION VS
MODAL SUBSTITUTION

As argued in the introduction of the chapter, integration with public transportation is viewed to
be essential for sustainable transportat{biu et.al., 2012) Fishman et.al (2013) have
identified two relationships between bikesharing and public traragfmt modal integration,
where bikesharing systems are used in combination with public transport, and modal
substitution, where trips which were previously taken by public transportation are now taken

by bikesharing. These two relationships constitutgptinesis for the analysis in the thesis.
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2.4.1 Integration

Bikesharing combined with public transportation is viewed to play an especially important role
for sustainable urban devel opment. A humor i
you from where you are not, to where you do not want to be, on a vehicle on which you do not
wish to rideo (Sagaris & Aror a, 2016) . The
getting to and from public transportation does in itself require some sortved. trehis
restriction can limit the use of public transportation as a travel mode for many urban dwellers
and is viewed to be a major flaw in the transportation system. Bikesharing has increasingly
been viewed as a solution to this inherent weakness 6€pamsportation, as bikesharing can

serve as a feeder mode for the first and last mile of transportation journeys. Combining
bikesharing with other transport modes can potentially make public transportation and biking a
more attractive option as it edab doorto-door transportation. The benefits are said to be
flexible mobility, health benefits for individuals and societies and reduced congestion
(Campbell & Brakewood, 2017; DeMaio, 2009; Griffin & Sener, 2016).

If the relationship to public transgation is modal integration, bikesharing can play an
important role in access and egress trips. Bikesharing systems can be used to access (at the
origin end of a trip) public transportation and/or egress (destination end of a trip) public
transportation sips (Martens, 2007). Moreover, bikesharing has the potential to expand the

access and/ or egress reach c¢ompspacelbuntadeswal ki

The integration between bikesharing and public transportation is shown to be befaficial
both transportation modes (Ji et.al., 2018). New connections between bikesharing and public
transportation has for instance increased the use of railway with 10% in Montreal (Martin &
Shaheen, 2014). If this is purely a consequence of bikesharinggev@osomewhat uncertain.

With that said other studies have also found that integration between bikesharing and efficient
transportation modes like metro and railway has been especially beneficial. In Beijing and
Hangzhouover half of the respondents of the bikesharing programmes are said to combine
these transportation modes (Fishman et.al, 2013). Similar findings can be seen in Melbourne
and Washington DC. The conclusions from these studies suggest that integrateomadrth

and railway system may be an especially important function of bikesharing programmes.

2.4.2 Substitution
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Fishman et.al (2013) do however argue that the majority of scheme users are in fact substituting
from other sustainable transportation modes likelip transportation and walking rather than
unsustainable modes like cars and taxis. This means that the environmental benefits of
bikesharing might be exaggerated. A survey from China for example shows that around 80%
of those using bikesharing systemsuld have walked, taken public transport or used their own
bike if the scheme was not around (Tang, Pan & Shen, 2011). Studies from Manhattan and
Brooklyn also support the modal substitution theory (Campbell & Brakewood, 2017; Noland,
Smart & Guo, 2015).nl Manhattan and Brooklyn there has been a reduction in bus ridership
coincident with the implementation of the bikesharing systems in New York. Bus routes that
are close to bikesharing stations are significant compared to routes that are not. Furthermore
findings from Montreal and Washington DC show that bikesharing substitutes public
transportation in dense areas, but in Hdensity environments the findings differ. There
bikesharing establishes new connections to existing public transportation sysggestiag

that urban characteristics plays a significant role in how bikesharing is being used (Martin &
Shaheen, 2014).

In addition there is also sonseepticisnto the role bikesharing can play in modal integration
since bikesharing is in fagttermodal asit requires at least a short walk to and frioilkesharing
stations(Griffin & Sener, 2016) With that said bikesharing statiomse often strategically
scattered in close proximity to where people live, work, do their shopping, eat and where they
relax. Also the bikesshouldbe easy to pick up and drop affieaning that there should not be

too high time and energy cost using thikesharing systems as a feeder mool@pared to for

example a private bike which also needs to be locked up somewhere

From the current literature there is no clear agreement about model integration and modal
substitution in addition to varying results on the environmental benefits of bikesharing. Martin

and Shaheen (2014) in sharp contrast to Fishman, argue that findimgsbst cities with
bikesharing programmes show that bikesharing has nearly universally reduced driving and taxi
use (Martin & Shaheen, 2014). Zhang and Mi 0
findings as bike sharing has reduced emissions irtitieespecially in denser areas. They
conclude that sharing mobility has the potential to reduce energy use and emissions in the
transport sector as other transportation modes can be partially substituted by bioyohes

the varying results suggest thie degree of integration varies from city to city, between urban

form and context as well as being a result of different methods used to approach the issue.
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Furthermore, bikesharing might also be used differently than both public transportation and
walking. Biking compared to walking as a transportation mode for instance expands the access
reach by 2 to 5 kilometres, a substantial distance. In addition cyéiaghearly the same
sustainability and health benefits as walking (Krizek & Stonebraker, 2010). Martens (2007) has
argued that trips taken on bike will also often vary from those taken by foot or by public
transport. Bike rides will often be longer thdrose taken by foot, but shorter than a public
transport trip, consequentially bikesharing can play an important role for intermediary
distances; distances that are too far for walking, but too short for competitive public transport,

hence filling a gap thather transportation modes are not as capable of.

2.5 SUMMING UP

The sharing economy has become a growing phenomenon, especially so in cities. Sharing is
happening to a greater extent than before and consumers as well as companies are participating
in the sharing economy in various ways. Many city governments are now viewing shared
mobility as part of the solution to urban and environmental problems like congestion and lack
of space. From earlier literature we know that bikesharing can play an impat&nn

covering the first and last mile of a transportation journey and the integration of the
transportation modes has the potential to make public transportation more efficient. The
research questions in this thesis are thus exploring integration umbtft pransportation in

Oslo.

How or whether people prefer using a bikesharing system may vary with capeamityling,

and authority constraints. Factors such as age, distance and time will create various possibility
boundaries. A time geographic pezspve will therefore be fruitful as it enables a dynamic
approach to the research questions. As the literature presented above has highlighted; the socio
economic and demographic constellation of individuals is related to mobility resources and
daily moblity patterns. Resources, preferences and constraints of individuals are closely linked

to their sociedemographic and soceconomic characteristics and these individual
characteristics will therefore be controlled for in RQ1 when studying the relaobstween
peopledbs mobility resources, mobility patte
literature suggests that key attitudes might also affect transportation behaviour and should thus

be controlled for in the regression models.
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It is argwed from the literature above that urban form can impact mobility in cities. Different
cities have their own unique urban form, and this may be why bikesharing systems have played
such different roles in different cities. The urban from, especially thenuidran in close
proximity to bikesharing stations will most likely affect statiand route frequencies. Dense

and diverse areas have from previous studies been dominated by higher degrees of ridership
levels than more remote areas. Such factors mustftine be controlled for when studying the
relationship between stations in close proximity to public transportation and route frequencies,
as the urban form of an area may be the real reason for high route frequencies. As travel patterns
are dependent aime of day, especially during rush hours this is expected to be reflected in
bikesharing mobility patterns. Such variations may also be explained from a time geographic
perspective as time imposes different opportunities and constraints to the motigitgpa
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3 RESEARCH DESIGN

3.1 INTRODUCTION

Bikesharing integration with public transportation can be studied in a number of ways.
Conducting detailed interviews with a limited number of bikesharing users with questions
regarding bikesharing integration in their daily life could be one possibleaoagdress this

topic. Observing combined usage of bikesharing and metro rides at one bikesharing station
could also be a way to address bikesharing integration in Oslo. These methods could have
gathered detailed and-depth information on the topic forfaw individuals, but it would in

many ways fail in giving a general picture of bikesharing integration in Oslo, which is the aim
om this thesis.

Quantitative methods are therefore applied allowing statistically significant results from a
smaller sampleat be generalised to a larger population (Huff & Geis 1954). To what degree
generalisation is possible however is reliant on valid and reliable data and modelling techniques.
As error can occur throughout the whole research process it is important tgsaddye
shortcomings that may have arisen during the study as this can limit the ability to generalise
findings. An important question to elaborate on is therefore how capable the smaller sample is
in representing the whole population? If the sample is elewoverrepresented or
underrepresented by certain groups, the ability to generalise becomes (Betatehem,

2010.

An ideal solution to this problem would be to have data on the whole population, eliminating
the need for generalisatibrStatisticalsignificance testing might seem somewhat unnecessary

in such a situation, as the results build on the whole population (Rubin, 1985). With that said
significance tests are essential if the aim of the research is to not only to describe differences in
the population, but also linking the results to theoretical findings to address whether the
independent variables help explain why there are differences in within the population.
Significance testing is vital for this purpose, as it tests that any different®s populatiors

not a result by chance.

! The guestion, becomes howeverjtipossible to generalize findings to another population? This will be
discussed in more detail further down.
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Since the thesis builds on two different datasets, one dataset building on a sample and another
dataset based on a population, they are linked to different challenges and opportunities and have
therefore been maled in very different manners. Consequentially they will be presented
separately in this chapter. The first dataset (Dataset 1) to be presented is a survey from the
general population in Norway regarding willingness to use shared mobility servicedldred wi

used to address questions regarding integration of bikesharing in daily mobility. The second
dataset (Dataset 2) deals with bikesharing trip population data and is used to analyse bikesharing
mobility patterns in combination with public transportatin Oslo. | will therefore first present

the data and operationalisation of variables linked to the shared mobility survey before

addressing the same steps related to bikesharing trip data.

The last section of the chapter presents the multivariate rmag&dichniques which are used

in the analysis. The models used in the thesis are in the same family of statistical models,
generalised linear model@GLMs). Assumptions for GLMs will be addressed as well as
presenting the subsequent models used to answer RQ1 and RQ2; ordinal logit regression, binary
logit regression and negative binomial regression. First however the study area will be defined
then thke concepts validity and reliability will be presented, furthermore challenges regarding

validity and reliability will be discussed throughout the chapter.

3.2 STUDY AREA

Scale is of major importance when studying anything which is geographic in nature. Scale,
which is one of the fundaments in geography has acquired many meanings throughout time
(Longeley et.al. 2015)t can say something about how fine scaled the data is. Scale is also
related to the extent of the study area; the scaleeo$tildy area in ber words has great

impact over the analytical resultSor this thesis the extent of the study area has been highly
dependent on two aspects; that the area has a substantial potential for bikesharing and public

transportation integration, and access=levant data.

There are currently 8itiesand townsn Norway with commercial bikesharing prognanes,
consequentially there are multiple options for studying this form of shared mobility in Norway
(Langfeldt, 2011Gobike 2018 Tronstad2019). The reason Oslo is an especially fitting study

area for bikesharing integrationiethi t yé6s combi nati on of an est a

and awell-functioning transportation system (Hjorthol, Engebretsen & Uteng, 2014).

29



The study area in this thesis ietbfore based on the area in which the Oslo City Bike operates

and areas bikesharing subscribers might live. The study area of RQ2, dealing with bikesharing
mobility patterns, is confined to the areas with bikesharing stations in Oslo. The study area is
extended to the greater Oslo and the neighbouring municipality of Beerum where potential users
of the system might live in order to address RQHe study area is presented in the map in
Figure 3.1 and a point density map has bespliedto demonstrate theumber of survey
respondents in the study area of Oslo and Baerum prirkorder to show where they live,

whilst keeping their addresses anonymous. As the map illustrates, the majority of respondents
live in immediate distance to the Oslo City Bike statiand thus have access to the bikesharing
system. This strongly suggests that the survey respondents can be potential users of the scheme,

a beneficial precondition for the analysis ahead.
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Figure 3.1: Map of thechosen study area for the thesis. Oslo and Baerum is the study area for RQ1. A density anal
used to show the spatial dispersion of respondents

Odo is the capital of Norway with thiargest city populatiomf 666800 inhabitants in the
country(SSB}, 2019). Baerum ishowever &0 included in the analysis concerning bikesharing
integration in daily mobility. Beerum is a municipality located to the west of Oslo with a

population of 12%00 in 2017 and is included in the analysis for a number of reasons. Firstly,
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even though Beeruns a separate political entity, a high degree of cooperation between the
municipalities is common, especially regarding transport reisse@gNasjonal transportplan,

2016). Efficient public transportation between the two areas is a high priority niasued

bet ween the areas easy and efficient. Second
a daily commute to Oslo, an indication that a substantial share of people living in Baerum is
frequently wusing Osl obds tlkeskosnuoer 2056). Thardly, f ac i
Baerum has its own bikesharing scheme that is run by the same operators as the Oslo City bike.
BPrumds bi kesharing scheme was however in it
place, and studying access/egress toffsam public transportation in Baerum is therefore not

optimal considering the data (Svenningsen, 2016). In comparison studying potential
bikesharing participants is highly interesting for this area as the bikesharing system is under
development. FinallyBaerum had a relative large amount of survey respondents compared to
other areas in close proximity to Oslo. A high number of respondents has been a necessary

assumption for the regression models presented later in this chapter.

The study area for the dgsis concerning modal integration (RQ2) is the extent of Oslo City

Bi kebs stations as p3lThescheradhd li8hbikeéshaeng statigns i n f
in the period 2012017, mainly located in the inner city in the areas ®@&mle Oslo,
Griunetogkka, Sagene, St. Hanshaugen and Frogner in addition to a few bikesharing stations

extending into the outer west andrth of the city.

3.3 VALIDITY AND RELIABILITY

Errors can occur throughout the whole research process; from the early stages of datacollect

to the last analysis, and the concepts validity and reliability are used to discuss challenges
regarding these errors and the trustworthiness of the research. The validity of research is reliant
on measuring what it was intended to measure (Field,)20h@recise operationalisation of
theoretical concepts can for example in some cases lead to invalid conclusions as the variables
are measuring something else than the phenomena it is claiming to analyse. In this thesis it is
for example important to cogmnplate on how to best measure bikesharing integration with
public transportation in daily mobility as well as in combined usage during trips. | will discuss

this in more detail when presenting the variables.
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External validity is related to the extenttady can be generalised to the population of the study
area as well as to other populations, settings and tme/fegbuzie2000). External validity

is therefore a concern for the degree results from the analysis can say about bikesharing
integration in he whole population as well as in the not so distant future. Recalling the
introduction of the chapter it is just as relevant to discuss the external validity of population
data as sampling datidere the question becomes if wanowve expect to find the e type of

results in the future of the results from the population of Oslo be generalised to other contexts,

to for example other Nordic citieDegrees of caution should always be taken when
generalising results (Longley et.al., 2011). With that s#iis thesisassumesertain degrees

of external validity from the literature it builds upon as concepts and variables are chosen with
their results in mind. If similar results are found in this thesis it can suggest that the literature it
builds on has>dernal validity. Validity is necessary, but not sufficient in reducing error to a
minimum. The reliability of the research must also be taken into consideration. The data is
reliable if the same data is reused in another model and it gets the sam¢gFedd|t2018).
Contemplating and discussing the trustworthiness of the data, the variables and chosen

statistical methods used in this thesis is therefore regarded important.

3.4 DATA

In the next section | will present data used to answer RQ1 and RQfBbése datasets have
however been mergedlith external statistics on grid cells from Statistics Norway regarding
urban form. The first part of this section will therefore be dedicated to presenting grid the cell
statistics, as well as discussing strengths and weaknesses of spatial joiningterHieataset

1 and Dataset 2 will be presented along with the operationalisation of theoretical concepts to

measurable variables which will be used in the regression models.

3.4.1 The local neighbourhood- Statistics on grid cells

Statistics Norway, generallyegarded to be a reliable source, provide a-draened
standardised grid cell statistic covering Norway (Strand and Bloch, 2009). Each cell covers an
area of 250nx 250m and the grid is linked to information on population, building mass,
dwellings, emplognent and so forth. The small scale of the grid cells is beneficial for the
analysis as it enables an investigation of smaller areas than for example political entities. Thus,

the grid cells can eliminate the need to generalise characteristics of laiges ¢mtsmaller
32



neighbourhoods, a problem termedological fallacywhich can impact the validity of the
results (Longley et.al., 2015). The main purpose of the grid cell is to define the local
neighbourhood of the respondentsDataset 1 and the bikemting stations irDataset 2 as
characteristics of their neighbourhood can impact travel behaviour.

Since the data originates from different sources it needs to be viewed together. This can be
achieved by spatial joining, a GI8ethod used to joiattributes from one table to another one
based on the spatial relationship between the tdbteyley et.al. 2015)A clear advantage

with spatial joining is that it enables the investigation of whether the spatial properties of a local
neighbourhood effiet s i ndi vi d #atee @rid kedshhave besrnu gpatially joined

with Dataset 1 and Dataset 2 differs and this has implications for how the local neighbourhood
for RQ1 and RQ2 is defined.

In Dataset 1, which was provided to me through $trared Mbility for Innovative and
Inclusive Green Citieproject (SHARMING, the local neighbourhood is defined by the total

land covered by 250fcells that intersects a 300m radius from the x and y coordinates of the
respondent s6 r esi drecess efspatially joining the bilkesharing statiot h e
with grid cells involved creating buffers of 250m around the bikesharing stations in Oslo in
order to extract spatial information from the area the bikesharing stations are located at. The
buffer extractshe value from any grid cell it intersects and subsequently defines the local
neighbourhood for the bikesharing stations.

With that said there are some problems associated with spatial joining,califiabie areal

unit problem(MAUP) can be one sourcd etatistical bias (Longley et.al. 2015). MAUP is
related to how the size and shape of the areal units can influence the results. Two examples
from Dataset 2 will be used to demonstrate how MAUP can have implications for the validity
of the thesis. Firstlydefining the size of the local neighbourhood for bikesharing stations
involved choosing a size that is large enough to capture factors that might impact the use of a
bikesharing stations, but not so large that it extracts data that can be a sourdegica¢co
fallacy. This is especially important for bikesharing as earlier research has shown that people
are not willing to walk too far to access a station, meaning that employment density is probably
not directly influencing bikesharing station frequescie km away to a substantial degree
(BauchaneMarleau & ElGeneidy, 2012). The chosen size of the local neighbourhood is
therefore related to the results. This was to a certain degree accounted for by assessing buffers
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with different sizes in the regressimodels, and the best for the analysis pointed to buffers

on 250m.
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the grid cells were not made to mat(—"i' ' |
| i

the buffers used in Dataset 2, & t

—

buffers not only take on the value of th

cells that are placed nearly perfect

inside the buffers, but also cells th

barely intersects them (Tollefse

2012). This becomes problematic e Q

some buffers take on the values of ni Statistical g it
s e ometes

grid cells whereas others take on the ‘
] ] Figure 3.2 Map illustrating the nconsistent number of grid cells
value of six grid cell$ largely result of intersecting buffers on 250m, illustrating a MAUP.
. _ Source: SSB)17andKartverket2017
where the stations are located withu,
the grid cells. Stations placed on the boarder of twoagild will for example be intersecting
fewer grid cells than stations that are located in the middle of a grid cell. The size and location
of the grid cells compared to the bikesharing stations are therefore impacting the data and the
validity of the thes. This problem is however somewhat avoided by working with ratios, such

as population density per area, and indexes instead of absolute sums.

3.4.2 Dataset 1: Survey data

A surveyon willingness to use shared mobility services was conducted biysheite d

Transport Economicand theUniversity of OsloThe survey was developed with the topic of

my thesis in mind, meaning that many of the
This has been a clear advantage compared to having to use a moed g@wvey on travel
behaviour to answer RQ1. The questions were mainly concerned with mobility patterns,
knowledge of shared mobility services and use of shared mobility as well as other transportation

modes.
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3.4.2.1 Data collection

Alf you have a barrel of beans, some red an

precisely how many of e aHluff& Gess|1854:14). you have;

An easier and less time consuming method to get the sauaiis isdo only pull out a handful
of beans and only count them assuming that the proportion will be the same throughout the
whole barrel. The same logic goes for statistical research, if the sample is large enough and

selected properly, the sample canresent the whole population.

From statistical theory it is only purely random samples that can be examined with entire
confidence (Huff & Geis, 1954). Essentially this means that it should be possible to generalise
findings to the entire population of tudy area based on results found in a small and random

sample. The only problem is that completely random samples are difficult to achieve as some
individuals and groups systematically eliminates or selects themselves for the survey making

generalisation blematic.

Undercoverage and seffelection are two sources of selection bias (Bethlehem 2010).-Under
coverage occurs when the selection mechanism is not able to reach certain groups of the target
population (Bethlehem, 2010). Ssklection on the otlhénand occurs when individuals select
themselves into the survey. Consequentially some groups of individuals atejonesented,
whereas other groups are hardly accounted for in the study and the sample is not reflecting the
population. The applicationf self-selection and underoverage essentially means that the

principles of probability samples are violated, and this process can thus lead to biased estimates.

The survey was sent to randomly selectedsdls of peopletapie 3.1: Responserate

living in densely built areas in Norway. Everyone in the
N Percent

study area thus needed to have anadl, regular access tp _
Opened amail 28 300 100

the internet and basic computer skills in order to have Hb%ned link in email 4622 163

same chance of beingcluded in the sample. This can bginal response rate 3734 13,2

a problem for the older population as they may not be as confident using the internet.-Of the e
mails sent out 2800 were opened, and these people could thus make an informed decision on

whether they wanted to respotadthe survey or not.

16 % opened the link to the survey whereas the total response rate was 13%. The survey
included many questions which can explain why nearly 900 people did not complete it. The

dropout rate can cause sample bias and validity prablénthe drop out is systematic
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(Fincham, 2008). Selelection may have occurred if a substantial amount of people interested
in shared mobility answered the survey, whilst people who are not interested in the topic did
not respond. The survey was theref@presented in a manner which anonymised the topic.
Another source to seffelection that can have occurred from this sampling technique is if the
survey was completed by another person in the household of the individual originally receiving

the survey.

The dropout rate is as mentioned a national average. Thedtopte for Oslo and Baerum is
however unknown and it may be higher or lower than the national average. By comparing the
sample to the study area it is possible to see to what degree thegpuliff@hether the sample

IS representative.

3.4.2.2 Representativeness

The question is, can a sample of 1514 respon
nearly 800000 (SSB 2019)? According to statistical theory this can be achieved by having a
representative sample (Huff & Geiss, 1954). A sample is representative if everyone has the
same chance of being included in the sample (Ringdal, 2013). As discussed this can be difficult

to achieve because of aspects related to sample bias (BethlehemT2@&L@gxt section is

therefore dedicated to examining the representativeness of the sample.

Table 3.2 compares some key characteristicsable 3.2:5ample composition
Source: SSB 2@t

o 0!
between the population in Oslo and Baerum and t ol N 1514 Sample Popuiation
sample. The table shows that the sample is similar ('; (';
0 0
on certain aspects like area and gender. Howeyefea
: o .| Oslo 86.5 84.3
the age and education distribution diffefg . 135 15.7
substantially on certain caeries indicating |A%¢
18-24 years 10.8 10.70
sample skewness. Overrepresentation can be found 34 years 33.9 24.60
. . 35-44 years 24.6 19.50
in the age group 284 and highly educated people| 4554 years 139 1625
This is however a common feature of surveyb5564years 9.7 12.50
_ 65 + 6.9 16.30
samples as higher educated groups tend to havigsgger
higher response rate compared to lower educat—1ae 499 498
Education
groups (Curtin, Presser & Singer, 2000). With thatPrimary education 2.6 20.4
. . . . . | High school 23.7 27.4
said the population data is somewhat misleadingyniversity up to 3 years _ 32.7 313
pointed out by Throndsen (2017), as StatisticsZniversity, 5 years ormor 41 20.9

Norway includes everyone over the age of 16 years
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old, giving a high proportion of the population withirppary education as highest reached

education in the population.

Underrepresentation is also found in the age group 55+, a similar problem in the national travel
survey (Hjorthol, Engebretsen & Uteng014). As argued above this may be due to the
samplingtechnique, which require a certain degree of knowledge regarding computer and
internet usage. In addition, by attending the survey the respondents could win an iPad. People
who find this gift extra attractive could therefore have a higher chance of mglidimselves.
Representativeness is high on certain areas, but the comparison between sample and population
suggests that some degrees of caution should be taken in generalising results from the sample.
Furthermore the representativeness of differenti@ties and income groups is not accounted

for.

3.4.2.3 Operationalisation

Broad and socially constructed terms presented in the theory chapter need to be operationalised
into quantifiable variables (Ringdal, 2013). The purpose of the analysis is tovetisc
bikesharing integration in daily mobility, and to operationalise this concept to variables have
subsequently been important. In the following section | will therefore present and elaborate on
the operationalisation of key concepts like transportatsources and daily mobility patterns

which can inform about daily mobility integration of bikesharing. However, because urban
form, attitudes and demographics are known to impact travel behaviour, | will present variables

that measure these concepts ay thill later play a key role as control variables in the analysis.

3.4.2.3.1 The dependent variableStated interest in bikesharing participation and
revealed membership choice
Stated interest in bikesharing participatinan ordinal dependent variable and the variable is

used to see whether certain aspects of daily mobility are linked to higher degrees of interest in

bikesharing. The variable builds on the survey question:

How interested would you be in using a bikarira bikesharing programme, if such a service

existed in close proximity to where you li¥e?

Since the study area is confined to Oslo and Baerum nearly all respondents have access to a
bikesharing bike, and the condition of proximity is met. There arenséwierent levels of
interest the respondents could report varying from ooeinterestedo sevenyery interested

2 My translation from Norwegian to English.
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Table3.4 presenting a summary of descriptive statistics tells that most respondents fall under

the high and low categories of intergsticating that the variable is normally distributed.

Even though the question clearly asks how interested the respondents are in participating in a
bikesharing programme, the variable may be measuring a more general perception towards
bikesharing than agal intention in participating. This can impact the validity of the variable
and certain caution will therefore be taken in the interpretation of the results presented in the
next chapter (Onwuegbuzie, 2000).

The second dependent variable measures |lbcteaealed membership choice. This variable

is dichotomous and mutually exclusive as either the respondents have a membership or they do
not. The validity of this question is therefore higher because it is measuring an actual outcome
rather than a gendrstatement. With that said membership does not necessarily mean that they

are actively participating in bikesharing, a distinction which could have added to the analysis.

3.4.2.3.2 Independent variable\ccess and use of publ@nd private- transportation
modes

Daily mobility

Daily mobility pattern is an aggregation of travel behaviour in the study area and says
somet hing gener al about how people are travi
mobility pattern is an immense job requiring GPS observations. Subsequénilppossible

to get such detailed information through travel surveys. In traditional surveys daily mobility
patterns are often defined by the distance, time and number of trips different transportation
modes are being used during a certain time pefiiod ét.al, 2019). In this thesis however the

use and number of trips of transportation modes will be a proxy for daily mobility pattern. The
information from the survey can add to a general picture of how people are travelling, but will

be lacking expliciind detailed information.

The variablePublic transportation frequenag an ordinal variable with eight different values
measuring the weekly use of public transport throughout the past week. ranging from 0 times
to 30 or more. A weakness of this variable is that it will be used as a continuous variable when
the distance beteen the values are not equal. Even though this can impact the reliability of the
variable it has been necessary due to model specifications and model fit.

| have also constructed a categorical variadiehility mix, measuring how cycling and public

tammportation is combined in the respondents
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categories ar®ublic transportation user, public transportation user and cyclist, cyalist
other.Public transportation useis respondents who only reported to haeeéiled by public
transportation during the past week. Public transportation user and cyclists have reported to
have used both of these transportation modes during the past week. I&atiseported to

only have cycled and in the categotherare the espondents who have not reported to either
having travelled by public transportation or cycled, most likely travelling by car or by foot. This

variable gives a general picture of the daily mobility pattern of the survey respondents.

Transportation resoures

Transportation resources is the ownership or accessibility to different sources of mobility like
private vehicle, bicycle, public transportation ticket and ead bikesharing memberships

(Plevka et.al 2018). Transportation resources is an impordaiable because ownership and

usage is interelated. Even though there is a variety of transportation resources, the variables
Access to caandBike ownershi@reincluded in the analysié\ccess to cameasures whether

the respondent or someone i n Bkéevnershipgsphendent ¢
ownership of any type of privately owned bike, not distinguishing whether it is an ordinary bike

or an ebike.

A weakness is that | do not have aiable containing information if the respondents have a

public transportation card/app through the main travel company which operates in Oslo and
Baerum. This weakness is however made up for by the variables measuring daily mobility
patterns where multiplgariables are measuring usage of the public transportation system.
Together the variables measure daily mobility pattern and transportation resources used to

i ndicate bikesharing integration in daily 1

bikesharing participation and revealed membership choice.

The five Ds of urban form

Recalling chapter Densityhas been important in explaining travel choice by bringing origin
and destination closer together consequentially encouraging walkingyelmt (Cervero &
Kockelman 1997). épulation densitys frequently used to measure the density of an area and
has in previous transport related literature proven to be an important explanatory variable and
this measure is therefore also used in thisithBopulation density measures the aggregated

number of people living within the local neighbourhood.
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Building use diversityand density often coexist and some research has suggested that many of
the benefits of density may actually be attributed wech land use¢Cervero & Kockelman
1997). 1t is therefore important to include a diversity measure in the mobelsrsity is
measured by the variabRuilding use diversityn the local neighbourhood and the variable
was created from the grid cell statistics presented above. The cells inform about different
building classes, like dwellings, offices, industrial buildings, educational buildings etc. When
creating the variableif has been important to look to the literature and include building
functions which may promote bikesharing (Noland et.al., 2016). As bikesharing is used on
smaller distances, areas with a mixture of dwellings, workplaces and services may promote
bikeshaing (Martens, 2007). The variable includes these building functions: dwellings, offices,
industry buildings, restaurants and cultural venues and educational buildings. A weakness of
the data pointed out by Throndsen (2017) is that buildings with mixedresgassified after
the buildingsdé main purpose meaning that var
about the intensity of activities in each building. This can impact the validity of the variable.
The Shannon Wiener formula was used to meskuilding use diversity (Spellerberg & Fedor,
2003):

H=Tx pilnp
H is the natural logarithm of richness andsRhe proportion of the building type relative to the
total amount of building surrounding the residence of the respondents. Ao¥akre indicates
that there is only one type of building use in the area, whereas higher index values indicate

diverse building uses.

Destination accessibilitgould have been measured in a number of ways, for example as travel
time or distance from redence to the city centre (Cervero & Kockelman, 1997). The
categorical variablestudy area,however is used to measure accessibility, and simply
distinguishes between living in Oslo or Baerum, Oslo being a proxy for centrality being the
capital city. One major weakness of this variable is that certain areas in Oslo are relatively more

un-central han central areas in Baerum. With that said this issue applies for very few areas.

Access to public transportatias important in light of the research topic as bikesharing has
often been viewed as a solution to the first and last mile problem of & pravisportation
journey. The variableogarithmic distance to public transportatitvasbeen constructed. The

original vari able measured meters distance
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transportation facility, using the natural logarithmdadtance is however consistent with other
mobility studies (Collantesa & Mokhtarianb, 2007). By transforming the variable, it measures
the relative distance to public transportation. An increase fré@mrkters will for example
count considerably more th#éime increase from 21P11m. A weakness of this variable is that
there is uncertainty linked to whether the closest public transportation facility is relevant for

them. Nevertheless the variable can indicate connectivity.

Multicollinearity

As discussedni chapter 2 urban form characteristics are often linked to each other; highly
populated areas will for example often be linked to building use diversity. Urban form is also
known to be related to i ndi-dangityasehssadinkedtoans por
car ownership (Williams, 2005). The correlation between these characteristics can cause havoc
in the models in form of multicollinearity. Multicollinearity occurs when there is a strong
correlation between two or more independent variableddF2018). Three major problems

can arise as a result of high collinearity. Firstly, collinearity can cause high standard errors of
the coefficients and increases the chance of predictor equations that are unstable across samples
reducinghe reliabilityof the research. In addition the coefficients can become unrepresentative

of those in the population. Secondly, multicollinearity can limit the size of iistaRstics and

the model may be explaining more than the statistic suggests. Finally, muléaaty

between the independent variables make it difficult to assess the individual importance of the
independent variables as the regression coefficients become interchangeable.

Tabele 3.3 Pearsonbdés Correlation Matrix

Luckily low levels of collinearity
Population density 1 .058 -382" -.372" -386" .067 _

pose little threat to the model
Building use mix .058 1 -.009 .028 .105" -.071" . .

estimates and a Pearson correlation
Berumref Oslo  -.382" -.009 1 200" .219" -.060 o .

matrix is used t@aheck for high levels
Log. distance to P™ -.372" .028 .200" 1 A77"  -.068 . o

of correlation between individual
Caraccess -.386" .105" .219° 177" 1 1127 .

urban form and transportation
Bike ownershi -067 .071" .060 .068 .112" 1

P resourcevariablegField, 2018) The

*p<0.01. *p <0.05.

estimates in the matrix can take any
value from-1 to 1. Values close to 1 et show signs of high correlation and will be remibve

as it causes multicollinearity in the regression analysis.
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Table3.3 shows that many of the variable correlate, especially population densdyeantbg.
distance to PT and car access. The theoretical consideration of including population density in
the analysis outweighs the potential problems that can arise with multicollinearity as the
persons rvalues are not considerably strongvériance nflation factor(VIF) test was also
conducted in SPSS, with all variables included in the analysis. Similarly to the correlation
matrix, the test indicates if an independent variable has a strong linear relationship to any of the
other independent varialsiéen the models. All VIF statistics were under the critical value of 5
(Field, 2018) Some caution should however be taken when discussing their individual effect
on the dependent variable as there is some degree of interplay between the independent

variables.

3.4.2.3.3 Controlling for Individual characteristics and attitudes

Individual characteristics

Travel behaviour and resources are linked to individual characteristics like age, gender,
affluence level, employment, norms, values, lifestyles andalsobligations (Naess, 2012). It

is therefore necessary to include variables which can control for these aspects. Some of these
aspects are however easier to control for than others. | have therefore selected a few variables
that say something about the meeconomic status and attitudes which may affect travel

behaviour.

The v amgendeh hge,seducatioand household incomare individual characteristics
informing about the socieconomic status of the respondents. All of these variables except for
age, are treated as dummy variables in the regression models. Education has two different
categorieshigherandlower. Higher @lucation is anyone with three years or more at university

or equivalent. Lower education are people who have primary education or just started higher
education. The variableousehold incomeriginally had 6 different categories varying from
250000 NOK tol. 5 million NOK or over. 8.3 percent did not want to report their household
income resulting in some missing values. Different varieties have been assessed, first with all
categories, then three categories and finally two as none of the varietiesthdic@ssociation
between income and stated membership interest or revealed membership choice. Respondents
with a household income of XI00000 NOK fall under the categohigher incomevhereas

thelower incomegroup have a household income of < NOK.
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Attitudes

The variableseconomic orientation, environmental consciousnasd urban outlookmay

impact bikesharing related travel behaviour and have thus been included in the model
(McAndrews et.al 2016; Lanzini & Khan 2017; Fishman 2016). Economic orientation and
environmental consciousness i s builguestonpon t h
from the survey. For example there were five questions in the survey regarding environmental
views, like being concerned about global warning, ensuring biodiversity, and reducing waste,

all being on a scale from-4 Higher scores indicate aghi level of environmental
consciousness conversely are lower scores linked to being less environmentally conscious. The
same was done for questions concerning being economically oriented. Urban outlook is only
indicated by one questio@n a scale from rual to urban where would you most like to live?,
informing whether the respondents prefer an urban environment compared to a rural
environment, regardless of where they live. A weakness is that individual measures of attitudes
have a tendency to be inacdtura because they only derive a
broader meaning, however by using the average of several other variables measuring various

aspects of it this weakness can be somewhat avoided (ESS Edu Net, 2019).
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3.4.2.3.4/ariable summary table
Table 3.4 presents alariables included in the models and presents the data description and

descriptive statists.

Descriptive statistics Percent pr. category
Variables Min. Max. Mean StDiv. 1 2 3 4 5 6 7
?ie\t/t:rc:/rilrwfggsetres:ip interest (1=not interested 213 87 8 144 145 81 251
Reveetnempera chace (1o
Individual characteristics
Age 18 80 39.46 13.92
Gender (1=female. 2=male) 50.5 49.5
Education (1=lower. 2=higher) 26.4 73.6
Ewﬁlu:leot%d income (1= <1 mill NOK. 2=>1 66.8 24.9
Attitudes
Economic orientation 1 7 538 1.12
Environmental consciousness 1 7 512 1.38
Urban outlook 1 7 499 1.66
Transportation resources and urban form
Population density 0 13263 3677 2682
Building use diversity 0 159 1.15 15
Study area (1= Oslo. 2= Baerum) 86.5 135
Distance to public transportation 0 1347 209.41 89.65
Access to car (1= access. 2= no access) 60.8 39.2
Bike ownership (1= owner. 2= not an owner) 245 755
Daily mobility pattern
Z_%?'f:t;f"lr‘g.pgfﬂ'fg_ féiqfeezng}’;:lzz f : 3313: 14.1 253 18.4 17.6 149 6.5 3.3
Public transportation user 59.2
Public transportation user & cyclist 26.7
Cyclist 4.2
Other 9.9

Table 3.4 Descriptive statistics @ariables used to answer RQ
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3.4.3 Dataset 2: Bikesharing population data

As third generation bikesharing systems useteldhnology it has opened up for new
opportunities for detailed research on mobility patterns on a larger scale (Vogel et.al, 2014 ).
This is the case for the data on bikesharing trips that was acquiredUfitzan Infrastructure
Partner, who runs the Oslo bikesharing scheme. Since the data is poptdatepand based on

4.5 million trips in the period 201B017 it means that bias related to sample data is avoided.
Sample skewness and selection bias will theesfimt be discussed in this section.

The data is used to answer RQ2, addressing
from public transportation in Oslo. Literature presented in the theory chapter strongly suggested
that properties linked tchée locations of bikesharing stations might be impacting ridership
levels. And in order to answer the research question it has been necessary to transform the
original dataset, by spatially joining other sources to it as well as transforming trip data into

route data.

The dataset has as previously mentioned been spatially joined with statistical grid cells.
Furthermore digital terrain models fra@eoNorgeinforming about the elevation in Oslo, has

been spatially joined with the bikesharing statidree sgtial joining has provided information

about urban form characteristics and altitude in the areas where the bikesharing stations are
located. The next step of the data transformation has been to view the origin and destination
stations together as part afroute. A routelD was therefore created from all start and end
stations in the dataset, informing about all potential route combinations. In order to find out
how many times the routes had been biked the route IDs were aggregated. In this way the dataset
was transformed from 4.5 million trips to 840 routes informing about how many times each

route has been subject to a trip
3.4.3.1 Operationalisation
3.4.3.1.1 The dependent variableRoute frequencies

The dependent vari abl es are based on count

frequency. The variables inform about all route combinations between start and end station and

3 Routes that start and endt ghe same bikesharing station was excluded from the analysis as most of these
trips were not round trips, but rather people returning bikes to the same stations because of malfunctions with
the bikes.
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how many times they have been cycled in the period betweer22A16 The fist variable is

route frequencynd measures the total amount of times all route combinations have been cycled
at any given time during the running hours of the Oslo City BRaite frequencis a count
variable because it is essentialhforming about how many times an event has occurred
(Cameron & Trivedi1l998). The event of a route being cycled by a sharing bike occurs from 0

I 10218 times. The variance is large, and some routes are highly favoured whereas others are
nonexistent. Casequently, this has led to a high variance, an implication for model choice, a
topic | will come back to later.

In order to see spati@mpora variations in the dependent variable two other count variables

have been created. The choice of time was based on the graph in F&jtivat 3hows the

temporal variation in the dependent variable. There are two clear peaks with high route
frequencies throughout a day, both with thheer intervals which form the bases foorning

route frequencyand afternoon route frequency. Morning reufrequenciesne asur e r out

frequencies during th

Temporal variation in the dependent variable

weekday morning peak
from 06:00 to 09:00. The

event that a route has beeg

=—Weekday
400000 Weekend

300 000

cycled during this time

period varies here fromiO

200 000

Route frequency

2249 times. The secon

variable isafternoon route

100 000

frequency that measures

the rout esd6 f
15:00 to 18:00. The
afternoon rout eso

. . Figure 3.3:A line chart demonstrating temporal variaticimsroute frequency during
frequencies varies from-Oyeekdagand weekersi

1431 times.

Time

The graph indicates that morning route frequencies essentially are informing about commuter
trips as the sum of route frequencies is highest in a naimmaframe around 08:00. Afternoon
route frequency might inform about more varied trip purposes, as high route frequencies occur

during a longer time spam.
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3.4.3.1.2ndependent variables Urban form

Similarly toDataset 1 are variables related to density, diversity, distance to public transportation
and destination accessibility used to answer RQ2. The urban form variablataset 2 are
however included in order to explain actual bikesharing mobility patterhs. Station
environments at the start and at the end of a route is expected to impact why the route was
cycled, as we normally travel in order to access something at another location (Naess, 2006).
Controlling for aspects which might generate a trip is fbeeenecessary in order to isolate the

effect of being connected to public transportation.

As only start and end station is known the rest of the route becomes a guess. The best estimation
for aggregated behaviour is that people tend to choose the shouesbetween origin and
destination. The weakness here is that other aspects which might also affect a route cannot be
accounted for. For example, a route between two stations might be short, but if it is viewed
unsafe it might be avoided (Hullberg €t2018) A consequence of this weakness is that
variables concerning the urban form along the route will not be included in the regression
models as the route builds on an assumption of shortest distance. Adding urban form

characteristics that might impactute choice will therefore be counter intuitive.

Connectivity to metro/railway statisn

Distance to public transportation is the urban form variable that is of most interest and is the
testvariable used to answer RQ@zom earlier research we know that bikesharing plays an
especially important role in access/egress trips to and from-raatt@ailway stations

(Lansell, 2011; Ji et.al., 20L8The variableconnectivity to metro/railway statiomas

therefore created in order to test whether bikesharing shows similar signs of integration in
Oslo.

An origin destination cost matrinalysis (OD cost matrix) was used to measure connectivity
between bikesharing and metro/railway stations in ArcMap. The network analysis calculates
the shortest route between two or more locatidhitchell, 2019. Lowest cost in this analysis

is the shaest distance between origin, bikesharing station and destination, metro/railway
station. An advantage is that the distance is calculated over an OpenStreetMap network

considering the road design between origin and destination.
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The geographic locationohe t r o/ r ai | way stations originates:s
and ANSBO (2016/2017). The data is on public
geographic locations. A weakness with this data, noted by Throndsen (2017), is that the
geographiclpoints of the stations are central locations along the railway infrastruahd@ot

entry points It might however be more accurate to measure distance between entry point and
bikesharing station.

Defining connectivity has been necessary as the ohtiseance will impact the conclusion of

the thesis. Earlier reports have shown that the distance most people are willing to walk to access
public transportation is 400m and this number increases for access trips to metro and railway
stations(lacobucci etl., 2017. With that said it is uncertainty linked to the distance people

are willing to walk in order to access a bikesharing station. The distance may be considerably
shorter as most bikesharing trips are of intermediary distances and a long vealks® abike

may be counter intuitive (Martens ZQ0Keeping this in mind the maximum distance was set

to 200m from bikesharing station to public transportation, a distance ensuriggdgeaphical

points of the metro/railway stations are within reatkhe bikesharing stations in addition to

being within a reasonable walking distance. Stations with =< 200m distance from bikesharing
stations were selected to create the variable in SPSS.

The variable Connectivity to

metro/railway station, has four / i
different categories measurin .) Indicates C%‘%Zil
different connectivity variations Aecess

between bikesharing ~ @n | Raiwe Staton L
metro/railway stations illustratec |@’?§ Indicates _)
in Figure 34. The first two ———— Hgress —
categories demonstrate routes tr [ _Raibva Station Railway Station
are connected to metro/railwa l(ﬁﬁ Indicates @Véﬁl

Substitution/

stations at one end of the rou Transfers
representing trips that have th ) ) )
Indicates

potential to function as acces Unrelated trips

and/or egress trips to/fmo public

Figure 3.4: An illustration of connectivityariations between bikesharing
transportation. The firststations and metro/railway stations.

combination is where there is no connectivity at origin station of the route, but it has access to
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metro/railway station at the destination end of the route. The second variation is where the
origin bikesharing stationsi within 200m of a metro/railway station, but the destination
bikesharing station is not connected. The third variation represent trips which may be
substituting metro/railway journeys as both origin and destination station of the route is
connected to a airo- or railway station. The final variation are trips that are not related to the
metro/railway system and represents the majority of bikesharing routes in Oslo as presented in
Table3.6. This is explained by a relatively low number of metro/railwagyista compared to

bikesharing station.

Controlling for urban form at start and end station

The variables presented in this section are used to measure urban form characteristics at start
and end station of a route. The variables will briefly be presented in this section as a more

detailed explanation can be found aboveJataset 1.

Thevariables,Population densityt start and end statipis the aggregateghopulation within

each grid cell o250nt that falls within the 250m buffers (Statistics Norway, 2016). A Shannon
Wiener Index was also here calculated in order to create the vdniadblieg use diversityfor

start and end station of the route. The index is based on residential dwellings, offices, industrial
and educationalbui | di ngs, restaurants and hotel s

neighbourhoods.

In this datasetlestination accessibilitis measured differently as any measure of distance to
city centre makes little sense as most stations are located in the city centre. The proxy for
destination accessibility is thereforeentralityvariable measuring the shartloe area which

is in a centre zone. Statistics Norway defines a centre zone as zone that

fé. consists of one o rmetmozone sucamling teem.kR eArcengelkernela nd  a
is an area with more than 3 different main types of econortiidtgavith centre functions. In addition

to the retail trade. government administration or health and social services or social and personal
services must be present. The distance between en
2017)

49



The varable thus controls[ | {/~ S

Marka}

): N ) )/\ Surface shar; \ﬁlh central zong
- f ‘4‘5 AW <5343
for central areas within thg A > a2 <L5401
| Vestre Aker T ‘," AN ’ <sa17s
city, as showed in the map if. | AN L = om
i ene |
. . jan San- @ Bjetke
Figure 3.5The map displays % e v x
7 § 55

that grid cells with a larger ’"‘),'

surface share are defined ¢

%.4

central zones. The cit)’f’;

centre, as well as in the ared SR s 7 BN /

, S ”'%'};?5 b e g
: av. g | Ok
/ s‘")} TS A
X S V4

N ‘%’" A /52 4 Alna
UsSs : NS ‘
gy 3 s o |
#/] 2 A

Like Ullern, Griinerlgkka [

and Sagene have hig
In the

- B ‘
Nordstrand, [T Kilometefs

centrality values.
Figur 3.5: Map demonstrating the surface shaifegrid cells defined to be a cent

regression analysis the effeczonein Oslo.
. ] Source: SSB
of centrality will be measurec
by an increase avery 1000nmwithin the local neighbourhood of bikesharing stations which is

defined to be a central zone.

Station lockss a variable often included in bikesharing analysis (e.g Tran et.al., 20ASsEl

et.al., 2017). The number of locks at a bikesitastation essentially informs of its capacity.
Centrally located bikesharing stations will in most cases have a higher number of locks and can
to certain degrees inform about destination accessibility. As number of locks can impact user

frequencies it ismportant to control for.

Controlling for route characteristics

Distance,a topic briefly touched upon in the introduction to this section, is calculated by
conducting a network analysis and used in order to get an indication of how the bikesharers
might be cycling between origin and destination station. Open street map iasuaddyer,
meaning that the GIS takes junctions and edges which represent the actual physical
infrastructure in Oslo into consideration when calculating the routes (Esri 2015). Similarly to
the OD cost matrix the shortest distance along a network isfiddribrough a GIS.

As argued above it is a weakness that other aspects are not taken into consideration as people
will not always chose or have information of lwst routes even with apps such as Google
maps (Hulleberg et. Al.,, 2018)This is one of ie negative aspects of generalisation as it

involves loosing detailed information. With that said it is not without a reason that network
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analysis is based on the assumption oftmst routes since many people are actively trying to

get from origin to defation in the most efficient way. This is especially the case during

commuter trips.

The variableelevationis created in order to measure the effect hills have on bikesharing route

frequencies. As argued in the literature chapter tripgélaire higher degrees of physiological

exertion occur less frequentlKitkebgen, 2016; Ciari & Becker, 2017yhe difference in

elevation was therefore calculated by subtracting the elevation of start station from end station.

Another weakness of not kwing the exact route is that there might be differences of elevation

on the route which might impact ridership levels. The elevations of the stations do however

give a good indication of the impact elevation has for route frequency.

Multicollinearity

The correlation matrix in Tabl&5 suggests that there is some correlation between the

variables. This is however nearly unavoidable, especially because of the close nature of urban
form characteristics (Field 2018; Neess 2012). Field (2018) argues that values above .8 should

be omitted ad the correlation between building use diversity and employment density is in

borderl i

the critical value of >5, further suggesting that the variable could be problenmdkie tmalysis

ne terr

itory. A

(Field, 2018). It was therefore excluded (Field 2018).

Table 3.5

Pearsonds

Correlation

VI F

Matri x

t est

was al

. Building
Popu_latlon Empl'oyment use Centrality R_oute Elevation
density density ; . distance
diversity
Population - 517* 4387 403 -142% - 068
density
Employment g7 4 T70% 414 -191% 348%
density
Building use _agu 770w 1 3297 -202% 306
diversity
Centrality 403** A14** .329%* 1 -.361** .350**
Route 1420 - 191% -202%  -361% 1 .000
distance
Elevation -.068** .348** .396** .350** .000 1
Number Of ** ** ** *% ** *%
locks -.291 125 149 -.195 .076 .021
Connectivity
to 154** -.229** -.169** -.015* -.004 .007**
metro/railway
**p<0.01. *p <0.05.

Number of
locks

=291

125

149

-.195*

.076**

021~

1

052

Connectivity
to
metro/railway

.154**
-.229**
-.169**
-.015*
-.004
.007

.052**

51

SO

c

(0]



3.4.4 Variable summary table

Table 3.6 presents the descriptive statistics of all variables added in the model.

Table 3.6 Descriptive statistics @ariables used to answer RQ

Descriptive statistics

Percent pr. category

Variables Min. Max. Mean St.Div. %
Routefrequency 10218 128.54 325.67
Morning route frequency 2249 13 43.12
Afternoon route frequencies 1431 20 47.09
Connectivity to Metro & railway <200m
Metro/rail connectivity at destination 9.7
Metro/rail connectivity at origin 9.7
Metro/rail connectivity at origin and
S 11
destination
No connectivity to metro/rail 79.5
Station characteristics
Population density 0 1513 650 440
Land use mix .182 1.67 877 .345
Station locks 6 60 22.6 9.71
Route characteristics
Distance 0 9736 2708.89  1461.47
Elevation -130.33  130.33 0 43.07

3.5.1 Generalised linear models

The models used in the thesis are all generalised linear models (GLM). GLMs are a family of
a broad class of statistical models which allows the dependent variable not to have normal
distribution (Agresti 2007). GLMs are therefore often used for count elgpaessed as
proportions (ordinal logit regression) for binary response outcomes (Binary logit regression)
and for norproportional count data (lelinear models. i.e negative binomial regression). These
models rest on some common assumptions. Firs#ypbservations are independent of each

other, meaning that the cases in the sample are not influenced or related to other cases.
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Secondly, that there is a linear relationship between any continuous independent variable and
the logit of the dependent varlabFinally, the maximuntikelihood estimation used in GLMs

is reliant on sufficiently large samples.

The only assumption that potentially is violated in this case is the first assumption regarding
independence of cases for bikesharing mobility analysisAs st ated in Tobl e
g eogr ap hthings arereogerrelated than distant thin(obler 1970, In Miller, 2004
p.284).This could essentially mean that bikesharing stations in close proximity to each other
arespatially autecorrelated (Mland et.al., 2016). This means that stations that are close to each

ot her may be more ali ke and thus not indepen
to test autocorrelation and is prettyestraigdg
in GLM models, on the other hand, requires complex methods that go beyond the scope of this
thesi s. The results from No-huooodelagoh was testedls ( 2 C
for, suggested that this is not a common problem. Special corscbowever taken in the

interpretation of analysis involving bikesharing stations.

Common goodnessf-fit measures for generalized linear models are the Pearson and deviance
statistics, which are weighted sums of residuals (Cameron & Trivedi, 1998k Tdres the

basis of the pseudo?Rtatistic which is often used analogues to tHestistics in OLS
regressions. The pseudddRatistic varies from 0 to 1, where values close to zero indicate that

the model contributes little in explaining the variatiornthe dependent variable, and values

close to 1 explain much of the variation in the dependent variable (Field, 2018). The pSeudo R
statistic is however by no means an accurate measure and should not be interpreted the same

way as the Rin linear modes.

The Waldstatistic also known as thesatistic is a significance test used for hypothesis testing.
The Wald statistic is used in all the models in the thesis and tells whether the coefficients are
significantly different from zero (Field, 2018). tiis is the case it can be assumed that the
independent variables are making a significant contribution to the prediction of the outcome

and the null hypothesis can be rejected.
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3.5.1.1 Ordinal logit

An ordinal logit model is applied to address RQ1 by estimating the effect of daily mobility
patterns and transportation resources on interest in bikesharing participation whilst controlling
for individual characteristics, attitudes and urban form. Logide®o are well suited for
categorical dependent variables where the aim is to predict which category an entity falls within
(Field 2018). The dependent variable for this model is stated interest in participating in
bikesharing with values varying from7l where 1 is not interested and 7 is very interested.

The values are ranked, but the distance between the categories remain unknown (Norusis 2009).
Ordinal variables are sometimes treated as continuous variables and other model fits, like
multinomial logit egressions are often used. An ordinal logit model was however chosen

because it incorporates the ordinal nature of the dependent variable.

Logistic regression estimates the probability of an event occurring. The calculation is based on
the ratio of peo@ who experience the event to the number of people who do not. The odds of
being very interested is for example the ratio of the number of people who scored 7 to the
number of people who gave other scores. The model coefficients, often referred tosas logit
estimate the log of the odds that an event occurs. The coefficients thus tell how much the logit
changes based on the values of the independent variables (Norusis, 2009). Positive values
indicate that the probability of having higher values on the dbpdnvariable increases,
whereas negative values indicate that there is a higher likelihood of being less interested in

bikesharing membership.

Ordinal logit models are often referred to as proportional odds models because the model builds
on an assumpin thatthe relationship between the independent variables and the logits are the
same for all the coefficient¥his means that the results are a set of parallel lines one for each
category of the dependent variable (Norugi309. Violating the assumpin can result in
incorrect model interpretation (Ari & YildiZ014). The assumption of parallel lines is tested

in SPSS and if the lines are parallel tespectivesignificance level should be large.

3.5.1.2 Binary logit

A binary logit model is used to measure the effect of daily mobility patterns and transportation
resources on revealed membership choice whilst controlling for individual characteristics,

attitudes and urban form. The results from the regression moddiemilsed for comparison
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with the ordinal logit model in order to answer RQ1. Binary logit models are used when the
categorical outcome variable is binary, which is the case when it comes to revealed bikesharing
membership choice (Field, 2018). Respondevite fall under value 0 have no membership,
whereas respondents who have a membership fall under value 1. It is therefore not possible to
have the score 0.5 as it is not possible to fall somewhere between having a membership or not

having a membership.

Like ordinal logit regression binary logit regressiestimates the odds of a certain event
occurring(Field, 2018) In this case it is the event of having a bikesharing membership. In the
binary logit model the odds of having a bikesharing membership g dbability of getting 1

divided by the probability of getting 0. The logistic regression calculates changes in the log
odds of the dependent and not the changes in the dependent variable in itself as in OLS
regressions (Garson, 2016). The coefficientaaestrate what the probability is for having a
bikesharing membership. 0 means that the independent variable does not increase or decrease
the probability of having a bikesharing membership, whereas positive values indicate a higher
probability and negat® values indicate a decreased probability of having a bikesharing
membership. The respective Wald statistic tells whether the independent variable is

significantly different from zero.

3.5.1.3 Negative binomial regression (NBR)

A negative binomial model was applied to estimate the effect of public transportation
connectivity on bikesharing route frequencies whilst controlling for urban form and route
characteristics. This model was chosen mainly because the dependent vaedidaedon

count data requiring special types of regressi@@ameron & Trivedi, 1998)Poisson
regression and negative binomial regression are generalised linear models fitted for such data
(Hilbe, 2012). Negative binomial regression (NBR) come in many forms and is a generalisation
of a Poisson regressions as it is based on Poegammamatix distribution. The main
difference is that the NBRs have fewer restrictive assumptions and often are used when the
count data is ovedispersed. Overdispersion occurs when the conditional variance exceeds the
conditional mean (Cameron & Trivedi 1998)sing a Poisson model with ovdispersed data

can result in underestimating the variance of the coefficients producing misleading conclusions
(Lee et.al, 2012). The histogram in Figu3eé shows thatroute frequencyhas a Poisson

distribution, in addition to showing clear signs of overdispersion as the standard deviation by
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far exceeds the mean route frequéndd negative binomial regression was therefore chosen

as it is more robust towards overdispersion. The NB&loglinear model and the parameter
estimates indicate the expected increase or decrease in expected log count. One unit increase in
one of the independent variables thus demonstrate the change in expected log count of
bikesharing routes (Cameron & Vedi 1998). Put differently positive coefficient values are
linked to higher route counts whereas negative coefficient values indicate lower route

frequencies.

26 665
% N=34042
Mean = 128.54
3000 Std. Div = 352.67
Min=0
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g
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g
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R 2000 4000 6000 8000 10000 12000
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Figure 3.6: Histogram ofoute frequenciedlustrating the poisson distribution of the dependent variable

Negative binomial regressions are sensitive to small samples and high amounts of zero values
(UC, 2019). The distribution in the variable shows a high amount of zeroes, and a zero inflated
negative binomial regression (ZINB) deal better with high zerotsottowever, of theoretical
consideration the NBR model was favoured, and the choice landed on this model after running

a ZINB model whereoefficient values and significance levalere highly similat.

4The variablesnorning route frequencgnd afternoonroute frequencyalso have a Poisson distribution with
signs of overdispersion.

5 ZINB models have two outputadels, one full model which is similar to the NBR output and one inflated
model which predicts zero outcomes, i.e why some routes always havdreguencies (Lee et.al 2012).
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3.6 CONCEPTUAL MODEL

The modelin Figure 3.7preserg how the RQs regarding bikesharing integration with public
transportation will be answered. Dataset 1, with individuals as cases, is suited for the question
regarding bikesharing integration in daily mobility. Logit models will be used in order to test
the effect of transportation resources and daily mobility pattern on stated interest in bikesharing
participation and revealed membership choice. Control variables related to urban form at

residency, individual characteristics and attitudes are added ateisioé effect.

Dataset 2, with bikesharing routes as cases, is used to address RQ2 whether bikesharing is
integrated with the metro/railwagystemon individual trips. The test variable Metro/railway
connectivity is used to see whether bikesharing is used for access and/or egress trips.
Controlling for urban form and route characteristics is important as many factors can generate
high route frequencies. Thestdts from these analyses will be presented in the next two

chapters.

Figure 3.7:A conceptual model summairig how RQ1 and RQ2 will beddressed in the thesis.
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