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Kaupunkipyorgjarjestelmien maard globaalisti on kasvanut vauhdilla viimeisen vuosikymmenen aikana ja ne ovat
nousseet varteenotettavaksi kaupunkiliikenteen téydentdjaksi monissa kaupungeissa. Jérjestelmét tarjoavat vastauksen
niin sanottuun “viimeisen kilometrin ongelmaan”. Samalla kun kaupunkipydréjéarjestelmien maird lisdéntyy ja olemassa
olevien laajennusta pohditaan Suomessa ja maailmalla, on tarkeda tietdd miten ja ennen kaikkea ketkd olemassa olevia
jarjestelmid kayttdvat? Huolimatta kaupunkipyorida kasittelevan Kirjallisuuden madrasts, eri kayttdjaryhmien
kayttotottumuksia ja -profiileja ei ole vield paljon tutkittu. Ymmarrys erilaisista k&yttéprofiileista on tarpeen, jota voidaan
varmistua, ettd kaupunkipyorien tuomat edut jakaantuvat mahdollisimman tasaisesti kaupunkilaisille.

Tassé tutkimuksessa olen analysoinut Helsingin seudun liikenteen (HSL) kaupunkipydraaineistoa ymmaértaakseni kuinka
tasapuolisesti kaupunkipyorajérjestelmé palvelee kaupunkilaisia ja miten eri kayttajaryhmien matkaprofiilit eroavat
toisistaan. Helsingin kaupunkipyoréjérjestelma avattiin vuonna 2016 ja se on nopeasti houssut suosituksi kaupunkilaisten
keskuudessa. Taman lisdksi olen tutkinut, miten jarjestelma linkittyy Helsingin joukkoliikennejarjestelmaan sekd miten
kaupunkipyorajarjestelman kéyttdé vertautuu kansainvélisesti muiden saman tyyppisten kaupunkien jarjestelmiin.
Kyseiset tutkimusaiheet nousivat toistuvasti esiin tekemasséni systemaattisessa kirjallisuuskatsauksessa kaupunkipyorista
(n =799). Kéyttdmani kaupunkipyoraaineisto sisalsi kaikki vuonna 2017 Helsingin kaupunkipyordjarjestelméalla tehdyt
kaupunkipyéramatkat (~1,5 miljoonaa matkaa) seké perustiedot kunkin matkan tekijasta.

Kirjallisuuskatsauksen perusteella kaupunkipy6rid on tutkittu viimeisen kahden vuoden aikana erittdin aktiivisesti ja
kattavasti, vaikka tutkimukset ovat olleet alueellisesti keskittyneita tiettyihin kaupunkeihin. Empiirinen aineistoanalyysi
puolestaan osoittaa, ettd kaupunkipyorien kayttéjista suuri osa on nuoria noin 25-35-vuotiaita, kun esimerkiksi yli 50-
vuotiaita on vain noin 12 %. Sekd naiset ettd miehet kayttavat kaupunkipyorid aktiivisesti, mutta miehet ovat
yliedustettuina sekd kayttajissa ettd tehtyjen matkojen lukumaérassd. Kayttd ei jakaudu tasaisesti vaan pienehkd ryhma
kayttdjia on tehnyt enemmiston matkoista. Noin 80 % matkoista on kaupunkipydrdasemien alueella asuvien tekemia, eli
aseman laheisyydelld on merkittdvd vaikutus kayttoéon. Kantakaupungissa asuvien kayttdjien matkaprofiilit myds
poikkeavat selkedsti asemaverkon ulkopuolella asuvien tekemistd matkoista. Asemaverkon sisalla asuvien matkat
linkittyvat harvemmin joukkoliikenteeseen ja ne tehdddn useammin viikonloppuna. Myds kaupunkipyoratilauksen
tyypilla ja kayttoaktiivisudella on selked vaikutus kayttajien matkaprofiileihin. Sen sijaan, iké ja sukupuoli vaikuttavat
enemman kaupunkipyorakayttajaksi tulemiseen kuin matkaprofiileihin.

Kaupunkipyorajérjestelmén kayttd Helsingissa on ollut kansainvélisesti korkealla tasolla. Tdmén tutkimuksen tulosten
perusteella jarjestelméan suosio matkoissa mitattuna ei kuitenkaan valttdmatté tarkoita, ettd kayttd jakautuisi tasaisesti
kaupunkilaisten valilla. Systemaattiseen kirjallisuuskatsaukseen perustuen, kayton tasapuolisuutta on kriittista tarkastella
kaupunkipyorakayttdjien osalta. Kayttajakunta on selkedsti nuorta, kantakaupunkilaista ja miehet ovat kayttajissa
yliedustettuina. Kansainvalisessd tutkimuksessa juuri ndmé ryhmat ovat tyypillisida kaupunkipyorakayttdjid. Nuorten
aktiivisuus kaupunkipyodrien kéyttdjina saattaa luvata hyvaa kaupunkiliikenteen muutokselle, mutta toisaalta olisi tarkeaa
edistdd pyorailyn houkuttelevuutta myods laajemman vaesténosan keskuudessa. Helsingin kaupunkipyorajarjestelma
laajenee vuonna 2019, mikéa tulosten kannalta ndyttdd perustellulta, sill& suuri osa kéyttdjista tulee l&heltd asemia ja
laajennos tuo jarjestelmén tuomat hyédyt paremmin useamman kaupunkilaisen ulottuville. Jérjestelmd nayttaisi seké
korvaavan ettd taydentdvan julkista liikennettd, mikd on tyypillistd kansainvélisestikin. Aineiston n&kdkulmasta,
tutkimuksessa kaytetty OD-tyyppinen matka-aineisto pystyy tarjoamaan paljon hyddyllista tietoa kayttdjistd ja
kayttdprofiileista puutteistaan huolimatta. Se tdydentad ndin ollen oivallisesti olemassa olevia pyoréilyn aineistolahteita.
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1. INTRODUCTION

1.1. THE STUDY CONTEXT

Interest in cycling is growing within societies for several reasons. Transportation is one of
the major sources of carbon emissions. To mitigate the impacts of climate change and to
meet the carbon reduction targets set in the Paris Agreement in 2015 (UNFCCC, 2015),
drastic changes and emissions cuts are needed throughout society including transportation
(Banister, 2011). The challenge is enormous considering that currently transportation is still

heavily reliant on fossil fuels.

In urban areas, where most of the population are living, the need for change in transport is
even more evident. Problems related to car-dependency in cities such as congestion, parking,
pollution and emissions have contributed to the aim to reduce the modal share of car
transportation in urban areas around the world. Increasingly cities are now striving towards
a low carbon economy or even to a carbon neutrality within the next few decades (EEA,
2016). Consequently, cycling has seen a revival of interest both academically and among
decision-makers and urban planners and is now widely promoted as a sustainable transport
solution (Martens, 2007; Pucher and Buehler, 2008; Fishman et al., 2013).

It is not hard to see why cycling is promoted considering it is a zero-pollution, zero-emission
and, at least at its current levels in most cities, zero-congestion mode of travel. The space
needed by bikes is a fraction of the space needed by cars. Active cycling has also been
showed to promote health benefits, which clearly outweigh health risks (e.g. traffic
accidents) although direct health impacts of cycling are difficult to quantify (de Hartog et
al., 2010; Handy et al., 2014; Goétschi et al., 2016). Moreover, cycling-related costs are
smaller compared to public transport let alone car transport, which makes cycling a fairly
equitable transport mode (Pucher and Buehler, 2008). Indeed, as Pucher and Buehler (2008)
put it, it is hard to beat cycling when it comes to environmental, social and economic

sustainability.

One of the most visible developments concerning urban cycling has been the rapid rise of
bike-sharing systems. The first system appeared already in the 1960’s but during the recent
decade, the number of bike-sharing systems in cities around the world has exploded. The
recent boom has followed the success of Lyon and Paris where the local bike-sharing
systems were launched in 2005 and 2007 (DeMaio, 2009). As at December 2018, the number

1



of operational systems worldwide is over 2100 (Meddin, 2018). The systems provide an easy
to use alternative for other transport modes and for bicycle ownership complementing urban
transport. Shared bikes have been promoted as a solution to the “last-mile problem”, which
refers to a short journey at the beginning or at the end of a trip, for example to a bus stop,
that may still be too long to walk (Shaheen et al., 2010). This way, integration of bike-sharing
schemes into urban transportation systems holds potential to improve the attractiveness of

public transport as a whole.

Bike-sharing systems have been promoted to contribute to many targets. These include
promoting modal shift, decreasing carbon emissions, enhancing accessibility, improving the
health of users and decreasing congestion. However, it is not all positive. As Ricci (2015)
shows, there is often a lack of evidence whether the promoted impacts were achieved after
the system establishment. Bike-sharing systems have indisputable benefits such as improved
accessibility and lowered barrier to urban cycling (Médard de Chardon et al., 2017).
However, some of the benefits have shown to be exaggerated, especially those linked to
environmental sustainability such as modal shift from car transport and reduced emissions
(Ricci, 2015; Médard de Chardon et al., 2017). Studies focusing on linkages between bike-
sharing systems and the public transport have not been consistent either (Ricci, 2015).

One of the key issues is equality. Multiple studies have shown that most bike-sharing
systems tend to be disproportionately used by younger people and male more than female or
elderly (Beecham and Wood, 2014; VVogel et al., 2014; Ricci, 2015). Moreover, bike-sharing
systems station coverage areas often tend to cover disproportionately richer and more
affluent neighborhoods in the central areas of cities (Goodman and Cheshire, 2014; Ricci,
2015). These characteristics raise questions such as do the benefits of these systems divide
equally? Especially when bike sharing schemes are publicly funded, the benefits should
distribute evenly to the citizens. The equality issue also relates to objectives of increasing
overall popularity of cycling. It has been shown that the countries with the highest cycling
modal share are those where different demographic groups are the most evenly represented
among cyclists (Pucher and Buehler, 2008; Aldred et al., 2015).

Bike-sharing systems are in any case evolving rapidly. Maybe the most disrupting change to
the traditional systems, where the bike rental and the return happens through fixed bike
stations, has been the rise of dockless bike-sharing systems. Dockless systems, used with a

mobile application, have challenged traditional systems as they allow users to leave their



bikes anywhere inside the system borders instead of a fixed location docking station. These
dockless systems became first popular in major cities in China and are now launched in
increasing numbers in cities worldwide (Shen et al., 2018). Another change, which is already
reaching bike-sharing systems, has been the rise of e-bikes. Increasingly cities are launching
systems with electronic shared bikes (Fishman, 2015). These bikes are usually pedal assisted,
which make the physical effort of pedaling easier. The third change has come along with the
advancements of sensing technologies as the number of sensors that can be integrated to
shared bikes have increased significantly. Different sensors can produce a wealth of data of
cycling trips and cyclists themselves by sensing, for example, weather, air quality or heart
rate during the ride. (Romanillos et al., 2016).

Wide deployment of bike-sharing systems by cities, improved availability and variety of
data, and the fast-paced evolution of these systems has not gone unnoticed in research.
Academic interest towards bike sharing has been remarkable. As the literature statistics in
this study show, the amount of academic literature relevant to bike-sharing systems has
soared almost exponentially in recent years. Great need for information both globally and
locally has been combined with an improved access to operators’ trip datasets. This
development has led researchers from many fields to engage with bike sharing and has

contributed to improved understanding of bike-sharing systems.

Understanding of how different user groups use bike-sharing systems is still inadequate.
According to Vogel (2014), there are very few studies that use operators’ trip databases to
uncover systems user behavior. Consequently, there is still a need for contributions related
to bike-sharing systems users and especially how different users trip profiles differ. Not only
can this information help traffic and urban planners to better understand bike-sharing
systems, but it can also provide hints what might be the reasons why some systems are more
popular than other systems and to determine are systems used evenly by citizens. Applying
a user-centric perspective is also helpful in shifting the focus from the system-wide

perspective to those who are using the system and to their characteristics (Vogel et al., 2014)

In Helsinki, the current bike-sharing system was only opened in 2016. The system has
appeared to be very popular among the citizens in terms of how many trips are done every
day and it is widely considered as a success by the operator and public opinion. The
experiences from the Helsinki system have also led many other cities in Finland to launch

or at least consider launching their own systems. However, as the system in Helsinki, has



not been in operation for long, the user demographics and the usage patterns are not well
studied yet. Out of the academic works, there has been only the master’s thesis work by
Raninen (2018), which has used the journey data from the Helsinki system. The work
focused to the spatio-temporal patterns of rentals from the bike-sharing stations during the
operating season of 2017. Furthermore, in 2013 before the system was launched, Jappinen
et al. (2013) studied the potential effect of bike-sharing system to public transport travel

times.

1.2. THE RESEARCH PROBLEM

In this study, I try to reduce user-related knowledge gaps by studying the bike-sharing system

users in Helsinki.
My primary research questions in this study are the following:

1) How does the international scientific literature recognize and discuss bike sharing

systems?

- 1.1) What are the main topics of study? In which research fields and in which
geographical areas bike-sharing systems has been studied?

- 1.2) What kind of data has been used in the analyses?

2) Stemming from the literature review, how equally the bike-sharing system of Helsinki is

serving the citizens?

3) How different user groups use the bike-sharing system in Helsinki in terms of spatial and

temporal patterns? To what extent do these patterns differ?

To answer these research questions concretely, | carried out first an extensive and systematic
literature review which follows up the two earlier literature reviews on bike sharing
published by Fishman et al. (2013) and Fishman (2015), but which also extends the scope of
the two earlier works. To the author’s knowledge, this study is the first effort, which has
extensively quantified bike-sharing study topics.

The systematic literature review allows me to identify critical and relevant discussions on
bike-sharing users and address these issues in the empirical part of this study from the
context of Helsinki. The system in Helsinki has been undeniably a success based on the usual

metrics such as how many trips are taken per bike per day. But how equal is the use, and is



the most usage generated by a larger or smaller group of people? My aim is to uncover user
patterns and find out who and which groups have used shared bicycles in the city. To reach
this aim, | have analyzed a dataset containing all the bike-sharing trips in Helsinki in 2017.
By uncovering the user and usage patterns with the data, | seek to understand how equally
the system has been used and how well the system has connected to public transport, which
have both been very topical issues in the scientific discussion on bike-sharing systems. This

knowledge can also help further developing the system in Helsinki.

The rest of this thesis is structured as follows. Chapter two will set out the theoretical
background and the framework for this thesis. In the third part, the study area and the local
cycling conditions in Helsinki are introduced, which will be followed by the fourth section
focusing on the data and the methods of this work. The fifth chapter presents the results of
the systematic literature review while the following sixth and seventh chapters focus on the
results of data analysis, first by providing an overview of the trip dynamics (chapter 6) and
then moving on to users and their usage patterns (chapter 7). The last part concludes the
work by placing the results into a wider context and discussing the importance of findings,

giving also suggestions for bike-sharing planning and further research.



2. BACKGROUND

2.1. SPATIAL MOBILITY

2.1.1. Concept of spatial mobility

A central concept of this work is spatial mobility, which Kaufmann et al (2004) has described
as geographic displacement, i.e. the movement of entities from an origin to a destination
along a specific trajectory that can be described in terms of space and time. In the 21%
century, the role of mobility for contemporary societies has increased dramatically as
everything from people and goods to information seems to be mobile and the “new mobilities
paradigm” has become prevailing in social sciences. (Sheller and Urry, 2006; Bertolini et
al., 2008).

Spatial mobility of humans has been studied for a long time, and this work places on the
continuum of person-based mobility studies, the theory background of which originates from
Torsten Hégerstrand’s time geography (Hagerstrand, 1970). People move daily in time and
space within certain constraints. These constraints limiting individuals’ possibilities include:
1) capability constraints i.e. how far and long one can go in time and space, which relates
to available transportation options, 2) coupling constraints i.e. which activities one can
participate in as it is only possible to be physically present in one location at a time and 3)
authority constraints i.e. where one is allowed to go as some locations might be restricted
by public or private authorities (Hagerstrand, 1970; Miller, 2005). An individual’s personal
time budget also limits how far the movement can extend (Miller, 2017). Movements or
paths can then only happen within the individual’s potential path space, which represents
the accessible area for an individual’s movement accounting constrains and time limitations
(Miller, 2017). Potential path spaces can be visualized with space-time prisms introduced by
Hégerstrand (1970), which are still widely used today in mobility studies (see e.g. Neutens
et al., 2008; Miller, 2017).

When considering a time period longer than a single day, it becomes clear that the
movements of an individual are usually not random but highly predictable across populations
(Song et al., 2010). The daily movement of humans shows high regularity both temporally
and spatially with significant probability to return to a few frequent locations typically
related to home and work (Gonzélez et al., 2008). In fact, studies have shown that clear
temporal patterns of human activity can be distinguished at different intervals of time (e.g.
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hourly, daily, weekly, monthly) (Sevtsuk and Ratti, 2010; Jarv et al., 2014). However,
human mobility patterns exhibit strong intrapersonal variability, meaning that individuals’
movement patterns are always unique and to some extent explained by their personal
attributes (Pas and Koppelman, 1987; Jérv et al., 2014). The mobility patterns of individuals
seem also to fluctuate both in shorter and longer time periods due to reasons attributed to
nature (e.g. time of the day or season) and society (e.g. opening hours of services, public
transport timetables) (Schoenfelder and Axhausen, 2010; Jarv et al., 2014). Variability in
mobility patterns not only appears among individuals but also among cities as the temporal
rhythms of cities differ from one another and each city has its own unique characteristics
and cultures (Ahas et al., 2015). The aim of person-based mobility studies is to better

understand these differences and patterns of mobility from the perspective of individuals.

2.1.2. Spatial mobility in urban areas

Urban areas are complex systems with a great number of factors from urban form to
infrastructure, behaviour, technology and regulations affecting individuals travel behaviour
and choices (Ewing and Cervero, 2010; Batty et al., 2012; Naess, 2012). The existing
mobility patterns in a city are a consequence of historical development and the decisions and
policies taken since the city first was established. For example, whether the policies have
spurred or prevented urban sprawl and whether there have been investments into large public
transport infrastructures like metro and train lines (Naess, 2012). Essentially, these decisions
have shaped whether the typical travel distances encourage taking active travel modes like
walking and cycling or whether the city promotes car dependency. From this perspective,
mobility patterns in every city have evolved to some extent as unique and every city is

unavoidably developed within the limits of its historical legacy.

Currently, urban planners in cities face a difficult dilemma in their task to promote urban
mobility that should be at the same time environmentally sustainable, socio-economically
equal and economically cost-efficient — goals that are often conflicting with each other
(Campbell, 1996). Rapid evolution of mobility is adding further complexity to the planning
equation. Novel ways of transportation such as bike-sharing systems and other shared
transport modes together with an increasing automatization for example in the form of self-
driving cars are changing urban mobility already at present and likely even more in the future
(Burns, 2013; OECD, 2015; Kamargianni et al., 2016). Anticipating this change and
directing it to a desired direction is an extremely tough but critically important task to



advance sustainable urban mobility. Research has a key role in the face of this challenge.
Detailed data on individuals’ movement patterns aggregated to a population level can deliver
both general and area-specific knowledge, which is applicable to local context but can also

support the global information need.

2.1.3. Mobility data revolution

To this day, the limiting factor of person-based mobility studies has been the lack of broad-
scale data of actual human movements. The development of information and communication
technologies (ICT) and the consequent data revolution, however, have brought a
fundamental change. There are now increasing possibilities and novel data sources that allow
studying spatial mobility and daily movements of people on a broad scale (Batty et al., 2012;
Kitchin, 2014). This development has decreased dependence on traditional travel surveys,
which have their limitations, especially in relation to the sample size (Ahas et al., 2015).
Usage of mobile phone data from cellular records has been one of the most prominent
directions in the mobility research (see e.g. Ahas et al., 2010; Calabrese et al., 2010; Jarv et
al., 2017). Another emerging data source has been social media, where users often share the
content together with location information, thereby revealing their whereabouts (see e.g.
Steiger et al., 2015; Heikinheimo et al., 2017). Thirdly, location data from GPS tracking
sensors, which now are ubiquitous in mobile phones and other devices have offered
possibilities to explore human mobility patterns (see e.g. Laube et al., 2005; Tenkanen, 2013;
Shen et al., 2018).

Cycling has been one of the best examples in the scope of spatial mobility and transportation
research where improved data availability and versatility has met the great societal need for
knowledge. Traditionally, cycling has been researched using user diaries, manual bicycle
counts and GPS tracking from volunteers. These sources have been in many ways limited
and not been able to give a full overall picture of cycling and cyclists. With the advent of
novel and in many cases large data sources, this situation has changed and there are now
increasingly available cycling data from bike-sharing systems, sports tracking applications

and even from social media (Romanillos et al., 2016).

2.1.4. Extracting insights from broad-scale mobility data

It is not a surprise that many receive these large and continuous records of movement data,
which are often precise both temporally and spatially, with enthusiasm and optimism. These

datasets appear even more appealing when movements can be combined with a demographic
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information about the moving individual, for example the user. Large mobility datasets have
a high potential to shed light into city dynamics and into movement patters of individuals

and population groups.

Having said that, there are inevitably biases and limitations with these data sources in their
availability and accessibility, demographic representability and/or locational reliability. For
instance, in cycling research sports tracker applications are often found to be biased towards
youngish male users who do not fully represent cyclists in general (Romanillos et al., 2016;
Tarnanen et al., 2017). With bike-sharing systems the challenge has been that in majority of
cases they do not record the actual routes but only the origins and the destinations of trips
(Romanillos et al., 2016). An additional challenge is the data privacy that needs careful
consideration when working with datasets that reveal precise information on individuals’

movements and locations.

Furthermore, automatically produced datasets tend to be messy and complex, containing a
plenty of irrelevant noise. Data need to be cleaned, pre-processed, selected, mined, and
interpreted before any meaningful information can be extracted. This process is sometimes
referred to as geographic knowledge discovery (GKD) (Miller and Han, 2009; Tenkanen,
2017). The process is iterative, requiring reformulation of hypotheses and theories as well
as further processing and mining of data when new knowledge is acquired (Miller and Han,
2009). In every stage of this process from data production to analysis, there is uncertainty
involved related to functioning of algorithms that are selected and used. While the
production of large datasets and their handling would be impossible without these underlying
algorithms, they inevitably shape the results and create potential sources of error (Kwan,
2016). These errors can accumulate and lead to inaccurate results. In order to extract robust
results from broad-scale mobility datasets, it is necessary to be conscious about the role that

algorithms have in shaping the data and interpret the results with caution.

Lastly, the data and the results need to be visualized in a meaningful and informative way to
convey the findings. Presentation of millions of records, for example individual movements,
often pose challenges from the visualization perspective. The data may contain hidden
patterns that need specific visualization techniques to become visible. Many researchers
have acknowledged this challenge with mobility data and in the field of mobility studies,
visualization of spatio-temporal data in an active study branch (see e.g. Andrienko et al.,
2010; Guo et al., 2012; Beecham and Wood, 2014).



From the perspective of this study, cycling related datasets often contain trajectories of some
sort. The trajectories can go along a network when extracted from GPS-measurements or be
simplified straight lines between the start and the end point. Before useful movement
patterns on a collective level can be extracted from these trajectories, the right technique to
process and present the data needs to be chosen. Different clustering techniques and flow
maps have been proposed to visualize bike sharing data and present trajectories of bike
sharing users (Zaltz Austwick et al., 2013; Zhao et al., 2015; Levy et al., 2017; Yan et al.,
2018). These techniques among others have advanced the field by bringing more approaches

available to discover spatio-temporal patterns of bike sharing usage.

In conclusion, there are now increasingly mobility data available as well as novel techniques
and approaches for handling and visualizing this data. These advances enable the study of
spatial mobility and cycling in completely novel ways. However, large mobility datasets as
discussed above often raise technological issues and pose challenges related to data quality,
and ethics and require sufficient technical skills. It is necessary to address these challenges

when carrying out research using big mobility data.

2.2. CYCLING AS A FORM OF MOBILITY

Cycling has revived from a neglect to a competitive option for urban transport during the
last decades and is being promoted again by planners and politicians. Excessive emissions,
traffic jams and the lack of space, together with economic reasons and health problems due
to physical inactivity of population, have all contributed to this major mental change (Pucher
and Buehler, 2008; Handy et al., 2014). The modal share of cycling has increased in most
major cities in Europe and North America (Pucher and Buehler, 2017). However, the shares
of cycling are still small in most cities and vary considerably. At lowest, only 1-2 % of all
trips seen for example in London and Chicago are made by bicycle while in cycling cities
like Copenhagen and Amsterdam over 30 % of all trips are taken by cycling. (Pucher and
Buehler, 2017). Popularity of cycling also varies greatly between countries and even
between municipalities inside countries (Rietveld and Daniel, 2004). What is common,
however, is that cities all over the world have increasingly started to search and implement

policies that would improve the modal share of cycling in transport (Handy et al., 2014)
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2.2.1. Factors affecting the use of bicycle

Countless reasons affect an individuals’ choice to use a bicycle for transport instead of other
transport modes. Rietveld and Daniel (2004) have classified these reasons to the following
categories 1) socio-cultural and individual reasons (e.g. income, gender, age, image of
bicycling as a transport mode, cultural background), 2) generalized costs of bicycling (e.g.
monetary, travel time, risk of injury, risk of theft) 3) generalized costs of other transport
modes (e.g. parking costs, fuel costs, supply of public transport services) and 4) local
authority initiatives (e.g. quality and capacity of cycling infrastructure, spatial design of
the city / land use, pricing of private car use). All of these categories affect the probabilities
of choosing cycling but they also affect each other as local policies can impact the costs of
cycling and the costs of other transport modes.

There is clear evidence that most cyclist, both private and bike-sharing users, are primarily
motivated by convenience and travel time savings and to a lesser extent by positive
environmental and health benefits that cycling promotes (Heinen et al., 2011; Fishman et
al., 2013). Apart from personal reasons and natural reasons (e.g. hilliness and weather),
studies have found some of the key factors, which in most cases are positively associated to
transport cycling and that can be influenced by local policies (for a review, see Handy et al.,
2014). Availability of cycling infrastructure, which directly links to the convenience and
perceived safety has been found to have a significant effect (e.g. Broach et al., 2012; Buehler
and Pucher, 2012; Heesch et al., 2015). Distance, which reflects the urban form and how
competitive option cycling can be in terms of travel time, has been another crucial factor
(Heinen et al., 2011; Broach et al., 2012). Bicycle parking facilities have also been found to
higher the odds for cycling to work (Buehler, 2012). Furthermore, the cost of alternative
modes affects cycling either positively or negatively (Buehler and Pucher, 2012; Handy et
al., 2014). For example, whether there are parking fees or tolls in force or whether there is a

strong financial public support to public transport or car parking.

2.2.2. Equity of cycling

Increasingly attention in academic research and urban planning has been paid to the equity
of cycling. On the one hand, cycling is one of the most equal transport modes due to its
affordability. On the other hand, in many countries cyclists are dominantly younger men,

with women and elderly people often underrepresented among cyclists.
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It has been shown that in countries with high levels of cycling, the gender and the age balance
Is often quite equal while in low-cycling level countries males and younger adults often
strongly dominate in cyclists’ shares (Handy and Xing, 2011; Harms et al., 2014; Aldred et
al., 2015). Several explanations have been offered to explain large demographic differences
in cycling shares. In the case of women’s participation, Aldred et al. (2015) classified the
typical explanations into three categories based on existing evidence; trip characteristics,
cultural norms, and infrastructural preferences. Trip characteristics referred to the
explanations that women tend to do more multi-purpose trips with several stops or might
more often carry heavier objects, like babies, which might make their trips less cycleable
(e.g. Dickinson et al., 2003). Cultural norms were related to the common image of cycling
being a travel mode for young and sporty men, which might make it less attractive for women
(e.g. Garrard et al., 2012). Infrastructural preferences referred primarily to safe conditions
for cycling and interaction with motor transport as women have been found to be more

impacted by perceived cycling safety (e.g. Garrard et al., 2008; Emond et al., 2009).

As for the age inequalities, they are similarly present in countries with low cycling levels
while in countries with more mature cycling cultures, older age groups tend to have shares
similar to their overall representation of population (Aldred et al., 2015). As with women,
the reasons for lower cycling rates among elderly population can relate to cultural norms
(i.e. image of cycling) and infrastructural preferences (i.e. safety reasons) but also other
reasons might be important, for example in the case of bike-sharing systems, elderly can
more easily be late-adopters of these technologies. (Bernhoft and Carstensen, 2008; Rissel
etal., 2010; Aldred et al., 2015).

Even the connection between demographic profiles and cycling popularity is not so
straightforward. Aldred et al. (2015) showed in the case of UK, that even after cycling had
increased its popularity in the country, the relative representation of females had remained
the same and the representation of older adults decreased. There is little research from other
countries to validate whether this phenomenon also appears in other low-level cycling
countries. It is nonetheless possible that cycling inequalities only slowly decrease over time
together with changing cultural norms, improving infrastructure and technological

developments of bikes (e.g. electric and cargo bikes).
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2.2.3. Integration with public transport

Another emerging topic in cycling research has been the integration of cycling with public
transport. While public transport provides an alternative for private car, its competiveness in
travel time is often inferior to car travel as public transport is fixed to stations or bus stops
(Salonen and Toivonen, 2013). Integrating public transport more closely with cycling in
multi-modal trips offers a competitive option for car transport. This way cycling, which is
fast and flexible for short and middle distances, supports public transport in access and egress
trips. Kager et al. (2016) even suggest that the cycling and public transport combination
should be seen as a distinctive travel mode extending the normal perspective of cycling being
only a feeder for the public transport. They show, using an example case from the
Netherlands, that when combined, characteristics of these two travel modes provide strong

synergy.

As with overall cycling, cycling is integrated far more with public transport in countries with
high cycling levels compared to those with lower ones (Cervero et al., 2013). Integration
between the travel modes is usually promoted by improving bicycle parking facilities,
bicycle-rental availabilities and possibilities to take bicycles into buses and trains (Pucher et
al., 2010).

Some concerns have been expressed whether increases in cycling would substitute more
public transport than private car trips (Singleton and Clifton, 2014). There has been
indication that in short distances cycling indeed may compete with public transport, although
some studies have suggested that a better integration of these two modes, increases the use
of both public transport and cycling (Martens, 2007; Heinen et al., 2010; Buehler and
Pucher, 2012). In longer distances, however, it’s more evident that the strengths of both
modes of transport support each other (Kager et al., 2016). The relation between public
transport and cycling seems also to change over time in a positive direction. Singleton and
Clifton (2014) conclude from USA that public transport and cycling have benefited each
other in the long-term even if increases in the use of one mode might have caused temporary

decreases in the other.

Studies focusing on users who combine bicycling and public transport in their travel are not
many. Martens (2007) studied “bike-and-ride” users in three European countries, the
Netherlands, Germany and UK and found strong similarities in the users’ travel motives,

travel distances and impacts of car availability. One notable finding in the study was that
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faster public transport modes (trains and intercity buses) had considerably more “bike-and-
ride” users than slower modes (trams and local buses). The trip purpose of the users was
mainly work or education and the cycling distances were not more than 2-3 km in most cases
for slower and 2-5 km for faster modes public transport modes (Martens, 2007). Heinen and
Bohte (2014) studied the attitudes of “bike-and-ride” commuters and found that they were
significantly different compared to single-mode users in their attitudes towards car, public
transport and bicycle. The attitudes largely explained their choice of combining cycling and

public transport.

Recently, a substantial amount of the literature focusing on cycling and public transport
integration has examined how bike-sharing systems affect public transport. These systems
directly tap into the discussion of the integration between cycling and public transport.
Usually, bicycle availability at the stop or station is one of the major problems in public
transport and cycling integration. Shared bicycles offer a solution for this particular problem.
This way they can make multi-modal trips, which integrate cycling and public transport,

both faster and more convenient than earlier.

2.3. BIKE-SHARING SYSTEMS AS PART OF URBAN
MOBILITY

2.3.1. Principle

Bike-sharing systems provide rentable bicycles for usually short-term use within a city area
against a small fee or free of charge. The simple principle of bike sharing according to
Shaheen et al. (2010) is that “individuals use bicycles on an as-needed basis without the costs
and responsibilities of bike ownership”. The bike is typically rented from a docking station
and usually the system allows that the bike can be returned to any docking station within the
system area if there are multiple stations. With most systems, users can decide whether they
subscribe the right to use the system for a certain period (e.g. yearly, monthly) or whether
they pay the single rental price. The rental periods also vary, but in most systems allow users
to rent a bike at least for 30 minutes without extra costs (Parkes et al., 2013).

The bikes are rented and returned on a self-service basis, but the maintenance of bikes and
stations is taken care by an operator. A vital part of a well-functioning system is the
redistribution of bicycles, which is taken care by the operator. The balance between

departures and returns during the day tends to vary between stations, which leaves some
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stations overloaded and others empty. There are different models of provision and financing
bike-sharing systems. Systems can be operated by different actors such as governments,
transport agencies, universities, non-profit groups, advertising companies, private
companies or combinations of these (DeMaio, 2009). For financing, there are also different

models depending whether the systems are targeted to create profit or not (DeMaio, 2009).

As Shaheen et al. (2010) put it, the ultimate goal of bike sharing is to expand and integrate
cycling into the transportation system so that cycling can more easily become a daily mode
of transport for citizens. One of the most important functions of bike-sharing is that it offers
a mobility option for the first and last-mile for short journeys that are still considered too
long to walk (Shaheen et al., 2010). This way, the systems extend and support especially
public transportation systems by making total journeys faster and more seamless. What also
makes bike-sharing distinctive from an urban mobility perspective, is the lack of mode
ownership by users. With the fee, an individual can have the access to use bikes without the

need of maintenance and repair.

2.3.2. History

There have been three generations of bike-sharing systems (DeMaio, 2009). Originating
from 1965, the first bicycles where left for public use in Amsterdam. Only during the last
two decades, however, the bike-sharing systems have really started to thrive. The first two
generations suffered from theft and vandalism, as the users were typically anonymous and
not tracked in any way, and the bicycles were either free or rented by a coin deposit. The
third generation of shared bicycles started to appear in the mid-1990s with improved user
tracking and other IT enabled solutions, such as electronic docking stations and automatic
credit card payments. However, only after the success of shared bicycle systems in Lyon
(opened in 2005) and Paris (opened in 2007) have these systems spread rapidly to cities all
over the world. (DeMaio, 2009). The total number of bike-sharing systems has risen to over
2100 (Meddin, 2018).

Currently, fourth-generation systems are taking root and becoming more common. Some of
the newly emerged features are smartphone- and GPS-enabled hiring and tracking of bikes
(Shaheen et al., 2010). These new features have decreased the need for docking stations, as
well as enabled seamless integration of shared bikes and public transport by smart travel
cards. Technological advancements have also enabled increased collection of data from
shared bicycles, which have helped operators to manage them better.
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2.3.3. User profiles

Demographic profiles of bike sharing users have been of interest to many researchers. Based
on existing evidence, users are often more likely to be male, young adults and of higher
economic and educational status (See Fishman, 2015; Ricci, 2015 for comprehensive
reviews). Ricci (2015) notes that especially in low-level cycling countries, bike-sharing
systems seem to reproduce similar patterns of unequal participation that are associated with
cycling in general. It must be noted that there are still notable differences between countries

and systems.

The finding that users tend to be wealthier than average population is quite consistent across
studies and cities (Fishman et al., 2014; Woodcock et al., 2014; Ji et al., 2017; Raux et al.,
2017). This phenomenon relates strongly to the coverage of bike sharing schemes, as the
stations are often located in higher income neighborhoods and urban core areas. According
to Ricci (2015), geographical location is the key factor explaining why bike sharing attracts
wealthier users. They add that operators often locate stations to active areas to maximize the
use, which further repeats unequitable usage patterns. With inclusive system planning, it is
however possible to attract a more diverse representation of users. Goodman and Cheshire
(2014) studied how the expansion of bike sharing scheme to poorer areas affected the system
use in London. They found that the representation of underrepresented users, in this case
females and the population living in poorer areas, rose after the expansion, although these

groups remained underrepresented.

Similar to overall cycling, bike-sharing systems seem to attract usually more male than
female users. In some cases, like in London and Dublin, the share of women has been around
20 % of all users (Goodman and Cheshire, 2014; Murphy and Usher, 2015). On the other
hand, in countries with a more mature cycling culture, women seem to be better represented
as shown in Ningbo, Seville and Lyon, where the share of female users were 38 %, 38 %
and 43 % respectively. There has also been a study from Montreal, where the likelihood of
being a user was found to be equal between men and women. (Fuller et al., 2011). However,

few studies have reported how the shares of trips match to user demographics.

The typical age of a bike-sharing user is shown to be skewed towards younger adults. For
example, Raux et al. (2017) showed that in Lyon, 56 % of the system users were under 30
years old. In London, 78 % of the users were aged between 15 and 44 while in Dublin, 59
% were between the ages of 25-36 (Woodcock et al., 2014; Murphy and Usher, 2015).
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Although there is clear evidence that age is an important factor in terms of demographic
differences of bike sharing, it has gathered less attention from researchers compared to

differences in gender and ethnicity.

What is interesting is that regardless of the abovementioned socially unrepresentative user
patterns of bike-sharing systems, these patterns seem to be stronger among overall cycling.
Buck et al. (2013) showed that the users of the Washington bike sharing scheme were more
likely to be women, young and less wealthy compared to general cyclists. Only 29 % of them
owned a bike, whereas 94 % of cyclists in general possessed a bike. This result might imply
that bike sharing can attract new people to cycle.

2.3.4, Trip patterns of different user groups

Usage patterns of different user groups has been an overlooked topic in bike-sharing
research. Many studies have focused on overall trip patterns of bike sharing users both
spatially and temporally, but in most cases, scholars have not tried to separate users into

groups based on their characteristics (e.g. age/gender/home area).

Some prior studies, however, have focused on users or done at least some analyses to shed
light on use profiles. Vogel et al. (2014) conducted one of the most comprehensive studies
in this respect. They created a typology of bike-sharing users in Lyon by clustering the users
into nine groups based on their weekly and annual bike use activity. They found that 65 %
of the users belonged either to irregular or moderate user clusters. This finding of irregularity
of most users has also been found in other studies (Fishman, 2015). Furthermore, VVogel et
al. (2014) showed that there were some demographic differences between activity clusters.
Regarding the spatial variation of users, 84 % lived inside the bike-sharing system area, 7 %
outside but still within the urban area, while 9 % of users lived further away. These shares
were clearly different to London, where Beecham and Wood (2014) found that only 37 % of
the users of the local system lived within 5 km from the closest rental station. According to
the results by Vogel et al. (2014), spatial location was not an important factor in the cluster
analysis, to which the authors of the paper commented that districts might not be meaningful

for analyzing the spatial distribution of users as they are too wide.

One typical aspect where bike-sharing users often split into two or more divergent use
pattern groups is their subscription type. Vogel et al. (2014) analyzed Lyon’s data and

revealed that 67 % of the users were annual subscribers whereas 15 % had a weekly and 18
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% a daily subscription. Zhou (2015) and Zhang et al. (2016) compared differences between
subscribers and customers in Chicago. They found that subscribers closely followed the
typical weekday use pattern with morning and afternoon use spikes, while customers had a
typical weekend use pattern with even rental distribution between 10 am and 8 pm.
Furthermore, subscribers’ use decreased significantly during the weekends. Their most
popular origin and destination stations varied too, as customers’ top rental stations were
concentrated close to major sightseeing attractions, while subscribers tended to rent their

bikes close to large population areas (Zhang et al., 2016).

In respect to gender differences, studies indicate that men use bike-sharing systems
differently than women. Vogel (2014) showed that men were overrepresented in the cluster
of very active users while among the groups of moderate use activity, the gender balance
was more equal and that women were more often sporadic users in Lyon. Women have also
been found to make longer trips compared to men both on weekdays and weekends (Zhou,
2015). Beecham and Wood (2014) studied gender differences in London with bike sharing
data and found that spatial structures of trips between men and women differed and that
women preferred areas with slower traffic roads and cycle paths. This finding is consistent
with studies of overall cycling, as women seem to be somewhat more safety-oriented in

terms of cycling routes.

2.3.5. Relationship of bike sharing and public transport

Several studies have attempted to shed light into the relationship of bike-sharing systems
and public transport. The main question here has been whether shared bicycles are more of

a substitute or an extension for public transport.

What seems to be clear in the literature is the strong connection between bike station activity
and proximity of public transport hubs like metro or railway stations. Usually those bike
stations, which are located near these hubs, have more activity. This pattern was observed,
for example, in London, Paris and New York (Nair et al., 2012; Goodman and Cheshire,
2014; Noland et al., 2016). A recent research by Shen et al. (2018) also found similar
relationship of high bicycle usage near public transport hubs using trip data from dockless
bike-sharing system in Singapore. These results imply that many people tend to combine
public transport and shared bicycles in their trips supporting the hypothesis that bike sharing

would indeed work as the first and last mile solution complementing public transport.
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Some studies have examined how large a share of bike-sharing trips are multi-modal and
which are the transport modes shared bikes are combined with. In Dublin and Montreal, the
majority of the trips were cycling-only while around 40 % of the trips in both cities were
multi-modal (Bachand-Marleau et al., 2012; Murphy and Usher, 2015). Railway and subway
were clearly more often integrated with bike sharing than bus. Quite similar results were
obtained from Barcelona where 30 % of the trips were integrated with public transport
(Anaya and Bea, 2009). In Washington, the metro stations were important origins and
destinations for shared bicycle trips (Ma et al., 2015). A study from Nanjing emphasized the
importance of the direction as there the railway stations were important destinations, but not
so strong departure hubs for bike sharing trips (Zhao et al., 2015). Bike stations near metro
stops were typical destinations also in Chicago especially for regular members of the system
(Faghih-Imani and Eluru, 2015).

Travel time has given some indication of the relationship between bike sharing and public
transport. Jappinen et al. (2013) studied the potential effect of a bike-sharing system to public
transport travel times in Helsinki before the system was actually launched. They found that
introduction of bike sharing would be able to reduce public transport travel times on average
by 10 % or in time by 6 minutes. This was a promising result in regard to public transport
competitiveness. McBain and Caulfield (2017) found that the bicycle rental stations with a
higher number of public transport links were indeed associated with travel times that were
close to optimal travel time to a given route between two stations. The result indicates that
multi-modal users prefer quick trips that support for example commuting, as this way, they

can cut some of their travel time.

An important topic in literature in relation to public transport has been the degree of modal
shift that occurs after bike-sharing systems are implemented. Users that start to use bike-
sharing systems clearly substitute other modes of transport in the process, but whether they
are substituting walking, public transport or car travel is a matter of great interest, as it is
directly linked to how well bike sharing supports sustainable mobility and decreases

transport-related carbon emissions.

Current evidence shows that most users are taking a shared bicycle instead of walking or
using public transport. Fishman (2015) reviewed five studies that focused on modal shift and
found that bike sharing users had overwhelmingly replaced either walking or public transport

trips. The shares of those who had switched from public transport modes varied considerably
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between cities from almost 60 % to 20 % of all users. Similar results were found by Fuller
et al. (2013) from Montreal and by Murphy & Usher (2015) from Dublin, where 50 % and
36 % of the users respectively had replaced public transport trips. The majority from the rest

had replaced walking.

The effect of bike-sharing systems on public transport ridership is nevertheless not simple.
Ma et al. (2015) reported from Washington that a 10 % increase in the average daily bike-
sharing ridership was positively and statistically significantly associated with a 2,8 %
increase in metro ridership. Campbell and Brakewood (2017) found that daily bus trips in
New York had decreased by 2,42 % after the implementation of the bike-sharing system.
The results of Martin and Shaheen (2014) from the two cities in USA supported the latter,
as they showed that among the people living in dense urban core areas, the use of public
transport had decreased. However, they also found that in less dense environments,
establishment of a bike-sharing system had added connections that supported public
transport. In this way, the system had increased the use of public transport by people living

in outer areas.

As a conclusion, the relationship between public transport and bike sharing is complex. It is
area-dependent, which means that the relationship might to some extent be city-specific and
dependent on the characteristics of the city. The relationship seems also to be bound to the
mode of transport as bus and bike-sharing are integrated far less than metro and bike-sharing.
As the share of multi-modal trips in studied cities shows, there is nevertheless a great

potential in deeper integration of bike sharing and public transport.
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3.STUDY AREA

The study area of this work is Helsinki, the capital of Finland, located south of the country
on the Baltic Sea shore. The population of Helsinki in the beginning of 2017 was 635 000
inhabitants but if the Greater Helsinki metropolitan area is included, the population reaches
over 1 457 000, which is approximately 26.5 % of the total population of Finland (Helsinki
Region, 2017). The downtown area of Helsinki is the largest and the most important
workplace hub in the region and in the country. Approximately 41 % of those who are
working in Helsinki were commuting from other municipalities in 2013, mainly from Espoo

and Vantaa, which are the closest neighbors of Helsinki (Statistics Finland, 2013).

The region is growing fast. It is estimated that by 2050, the population of Helsinki will grow
by over 200 000 people and the greater Helsinki region will have more than 400 000 new
inhabitants in the average scenario (Vuori and Laakso, 2017). The magnitude and speed of
the growth will inevitably affect the daily mobility patterns as there are more people moving
daily in the region. This means major challenges for the region’s transportation system,

which could not afford worsening traffic jams or increasing emissions.

3.1. CYCLING AS PART OF DAILY MOBILITY IN HELSINKI

3.1.1. Modal share

Helsinki has gradually transformed into a more cycle friendly city. In 2017, 70 % of the
citizens stated that they cycle at least sporadically (Helsinki City Planning Department,
2017). Modal share of cycling has increased slowly and is currently around 10 % of all trips
within Helsinki, but the goal of the city is to further increase the share to 15 % by 2020
(Helsinki City Planning Department, 2017). While these numbers are still far away from the
leading cycling cities in Europe such as Copenhagen and Amsterdam, where over 30 % of
all trips are made by bicycle, the modal share of cycling in Helsinki is still one of highest
among the European capitals (European Cyclist Federation, 2014). The region has also the
highest shares of cycling in whole Finland (Liikennevirasto, 2018). Citizens attitudes reflect
favorability towards cycling, as most people (96 %) are positive towards measures of
promoting cycling (Helsinki City Planning Department, 2017).

Apart from cycling, the overall modal share in Helsinki consists of walking (37 %), public

transport (30 %) and car (22 %). According to these statistics, the transportation in Helsinki
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seems quite balanced in terms of different transport modes, but if the perspective is extended
to the Greater Helsinki region, the role of private car grows. Within this region
approximately half of all trips are made by car (Liikennevirasto, 2018). Of commuting trips,
car has a 32 % modal share, public transport 47 %, and cycling 11 % (HSY, 2015). For those
people commuting to Helsinki from other municipalities, car is the dominating transport
mode with the modal share of 61 % while public transport accounts for 27 % and bicycle 12
% (HSY, 2015). The distance has a strong effect to the chosen travel mode. For instance,
around 75 % of the trips that are under 1 km are made by walking while of under 3 km trips,

walking accounts around a third in the Greater Helsinki region (HSL, 2013).

These numbers show that strictly within Helsinki, the sustainable modes of transport seem
to be well represented but in the whole region, the transportation is more or less car
dependent. The goal, set in the transport system plan for the Greater Helsinki region, states
that mobility within the region will be based on sustainable travel modes such as cycling and
public transport in the future (HSL, 2015). Based on the current situation, it is evident that
the modal share needs to shift towards sustainable modes of transportation if this goal is to

be achieved.

3.1.2. Cyclists demographics and cycling patterns in Helsinki

Based on the cycling barometer 2018, the demographic profile of general cyclists is balanced
(Helsinki City Planning Department, 2018). In 2018, 53 % of the cyclists were female and
47 % female (Table 1). Inhabitants between 25-50 years of age make most of the trips and
they are somewhat overrepresented among cyclists compared to their demographic shares of
the population. Most of the cyclists (64 %) live in the suburb areas while the rest live in the
downtown Helsinki. The barometer, which provided the information on cyclists in Helsinki,
is a survey, which might affect the results. Trip-based counts about cyclists’ demographic
shares were not available to the author’s knowledge.
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Table 1. Cyclists shares in Helsinki by gender, age and area. Original table presented in Cycling
barometer 2018 in Finnish (Helsinki City Planning Department, 2018) Translated to English.

ALL

INHABITANTS CYCLISTS
ALL RESPONDENTS n= 2010 % n=1182 %
Gender
Female 1022 53 % 555 53 %
Male 982 47 % 581 47 %
Age group
18-24 years 193 12 % 110 12 %
25-34 years 478 24 % 314 27 %
35-49 years 554 27 % 356 30 %
50-64 years 496 22 % 246 21 %
65-74 years 283 15 % 110 10 %
Area
Downtown 702 35 % 422 36 %
Suburb 1302 65 % 714 64 %

A report published in 2017 examined cycling routes and fluency in Helsinki using a dataset
of Strava sport application users (Tarnanen et al., 2017). The report found that the busiest
cycling routes go along the major bike lanes towards the city center and the downtown in
general is the most frequent origin and destination for the trips. There is temporal variation
in the cycling patterns. The summer months are unsurprisingly the busiest due to warmer
weather and clear roads. In 2015, August had the most cycling whereas in 2016, May was
the top month. There is generally more cycling in the first days of the week than during the
weekend, although the shares vary depending if the measure is based on the Strava
application users or cyclist counts by automated and manual counters (Figure 1). Daily
variation in cycling is nevertheless large. On an hourly level, the weekdays and the weekend
days have different patterns. During weekdays, there are two spikes, one in the morning and
one in the afternoon, whereas on weekend days the number of cyclists steadily rises from

the morning onwards, peaks at the noon and then starts to decrease (Figure 2).
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Figure 1. Cycling trips by weekday in Helsinki based on Strava sport application and cycling counts
data. Original figure presented in Tarnanen et al. (2017) in Finnish. Translated to English.
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Figure 2. Cycling trips by hour in Helsinki based on Strava sport application data from 2016.
Original figure presented in Tarnanen et al. (2017) in Finnish. Translated to English.

3.1.3. Cycling promotion in Helsinki

The increase in cycling has been a result of conscious efforts by the city of Helsinki. The
city has invested into better cycling infrastructure, of which the most visible example has
been the opening of the cycling highways network called “the Baana network™. There has
also been improvements in the winter maintenance of cycle paths and bicycle parking
facilities not to forget the new bike-sharing system, which was opened in Helsinki in 2016.
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The current cycling promotion plans include, for example, further extension of the cycling
highways network, improvement of bicycle parking facilities and improvement of services
targeted to cyclists, such as journey planners and bicycle self-repair facilities. (Helsinki City

Planning Department, 2017).

As part of cycling promotion, there has been an aim to increase the amount of people who
combine bicycle and public transport in their trips (Helsinki City Planning Department,
2017). One tool to advance the aim has been a policy, introduced in 2018, which allows
passengers to take their bike to the metro or train at all times of the day. Helsinki Region
Transport has also planned to promote better integration of cycling and public transport by
improving park and ride facilities near public transport stations and stops (Helsinki City

Planning Department, 2017).

3.2. PUBLIC TRANSPORT SYSTEM IN HELSINKI

The public transport system in Helsinki is comprehensive. The local transport authority HRT
(Helsinki Region Transport) is responsible of running local buses, trams, trains, metro and
certain local ferries. The metro line is the backbone of the system in the east-west direction
while towards north from the city center local trains provide important connections. Buses
and trams cover directions where the metro and trains do not reach and provide an important

access traffic mode to the train and metro stations.

There are several important public transport hubs in Helsinki. The central railway station is
the end stop for all the train connections and many buses being also located along the metro
and several tramlines. The metro line also passes nearby Kamppi, which is the terminal for
all the long-haul buses and many local buses. The Pasila station, located a few kilometers
from the city center, has a function as an important access and egress station for all the train

connections.

Helsinki has invested into improvements of public transport considerably within the last
decade. The best examples of this have been the train connection to the Helsinki-Vantaa
airport opened in 2015 and the extension to the metro line towards Espoo opened in 2017.
Generally, citizens are really satisfied with public transport in Helsinki. The satisfaction
level of people was over 80 %, which was among the highest of European cities (European
Comission, 2016).
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3.3. HELSINKI BIKE-SHARING SYSTEM

3.3.1. Coverage area

The bike-sharing system in Helsinki was initiated in 2016. The system and its yellow
bicycles often referred as “urban bikes” quickly became popular among citizens. At the
beginning, there were 49 docking stations and 500 bicycles in total located in the downtown
area of Helsinki. The system was expanded in the following year, which nearly tripled the
number of stations to 140 and the number of bicycles to 1 400. The expansion enlarged the
coverage area of the system outside the downtown of Helsinki. The coverage area extended
towards west again in 2018 when the neighboring municipality Espoo initiated its own
system, which was technically identical to the Helsinki system. The implementation allowed
that shared bicycles could be taken over the municipality borders without further costs or
compatibility issues. The coverage area of the Helsinki system will further expand in 2019
with an addition of almost 90 new stations and nearly 900 new bikes (HSL, 2018a). In this
study, the bike-sharing coverage area and the station coverage area refer to the area, which

includes all the postal areas in Helsinki that have at least one bike-sharing station.

As the Figure 3Figure 3 shows, the station network is dense and the distances between the
stations are short. According to Raninen (2018), the guiding principle in the planning of the
system has been that the distance between adjacent stations should be 500-600 meters at
most. This way the people who are living within the coverage area can access the station
easily with a short walk. The stations are not distributed equally however, but there are more

stations in the active areas of the city center as well as close to the cycle ways.
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Figure 3. Bike sharing station network in Helsinki in 2017.

3.3.2. System operation and use

The local transport authority HRT operates the system in Helsinki, while the maintenance of
the bikes is taken care by a local consulting company City Bike Finland. The scheme is
tightly integrated to the local public transport system. The shared bikes can be used with a
smart travel card, which is also used to access public transport in the region and there are
bike-sharing stations next to every metro and train station that are within the system coverage

area.

The users can choose between daily, monthly and whole season subscriptions. If they choose
the whole season, they need to register themselves before renting a bike. The normal use
time is limited to 30 minutes, but up to 5 hours, users can exceed this time by paying 1€ from

every starting half-hour. Bikes are locked to an electronic docking station, which releases
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them once the user has given his subscription credentials to the electronic reader placed in
the handlebar of the bike (Figure 4 & Figure 5. The left photo is showing the handlebar of a
shared bike while the right photo shows a bike rack where shared bikes are locked. Photos
by Elias Willberg

[ e e

Figure 4 & Figure 5. The left photo is showing the handlebar of a shared bike while the right photo
shows a bike rack where shared bikes are locked. Photos by Elias Willberg

Common problem with the system is the discrepancy between departures and arrivals in
some stations (Raninen, 2018). This is by no means unique to Helsinki, but rebalancing is
one of the biggest challenges of bike-sharing systems in general (Médard de Chardon et al.,
2016). In Helsinki, there are two ways to handle this issue. Rebalancing trucks are running
throughout the day and moving bikes from the stations of oversupply to the empty stations.
Another way has been to allow overloading of stations, which means that the stations can
recognize the bikes and change their status to “returned” even when the bikes are only close
to the station, but not locked to the docking rack. This feature allows the user to return the
bike to the station even when all the racks are occupied.

3.3.3. Public reception of bike-sharing system

The system in Helsinki has appeared very popular since it was opened in 2016. The operator
of the system publicly highlighted during the spring 2018 that the system is relatively
compared one of the most popular in the world when comparing by how many trips are made
per bike per day (HSL, 2018c), which is typically used metric to compare bike-sharing
systems. Even if this high metric in 2018 might have been partly a result of too few bikes
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for the increased user base during that time, the bikes of the system have been undeniably
used actively since the system was opened in 2016 (see the trip metric comparisons in
Raninen, 2018). The public discussion and the news coverage about the system have also

been very positive.

One of the indicators of the success has been the remarkable rise of bike-sharing systems in
Finland. Only after two years after the opening of the system in Helsinki, seven other cities
in Finland have now opened a full bike-sharing system or are experimenting one, and several
other cities have concrete plans to implement such a system in the near future (Tulenheimo,
2018).

3.3.4. Bike-sharing user survey 2017

The operator of the Helsinki system published a user survey, which had been targeted to
bike-sharing users. The online survey was sent to all registered users at the end of the 2017
season and had 7940 respondents (HSL, 2017). According to the survey, the users had
mainly been satisfied with the service. 71.9 % of the users were likely to recommend the
service to their friends. Most satisfied the users were to the condition of the stations and the
moderate usage fee. The lowest ratings got the bike return to a full station and the process of
buying a bike subscription from the station. In regard to integration with public transport,
53 % of the users stated that they had integrated public transport and bike sharing in their
journeys while the rest usually took the whole journey only with shared bikes. Bike sharing
had mostly replaced walking (70 %), tram (63 %) and bus (54 %) trips, but also personal
bicycle (37 %), metro (38 %) and car (14 %) trips. Around every third (31 %) thought that
the bike sharing had brought monetary savings while the rest mostly thought that they had
not got savings (50 %) or even lost money (10 %). Time savings were more evident to the
users as 69 % of them though that bike-sharing had saved their time. As for the deliberateness
of use, 57 % had normally used bike spontaneously while 43 % had planned their rentals.
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4. DATA & METHODS

4.1. DATA

4.1.1. Characteristics of the bike sharing dataset

The bike sharing dataset that was used in this work was jointly provided by 1) the local
traffic agency Helsinki Region Transport (HRT), which is the operator of bike-sharing
system in Helsinki and 2) City Bike Finland, which is a local company maintaining and
rebalancing the shared bikes in the city. The dataset was from 2017 and it covered the whole
operating season from May until the end of October (2.5.2017 — 31.10.2017). It was provided
in two equal sized csv-files, which contained every trip as one row. The total number of the
records in the raw data was 1 607 056. After the preprocessing and filtering of the data (see
the method section 4.2.2), the number of records decreased to 1 496 816.

Figure 6 shows a snapshot of the bike-sharing dataset. The dataset was of origin-destination
type containing information of each bike-sharing trip as well the basic demographic

information of the user who did the trip (the full list of variables shown in the Table 2).

A B C D E F G H 1 J K L M N o} P
1 |departure_timereturn_time account dep:departure station2 retur return_stationZ formul coveredurati id  uid hsl_fo hsl_pihsl_city hsl_c
2 |05/30/17 23:59 05/31/17 0:0¢ 16 Liisanpuistikko 22 Rautatientori / Year 1539 409 1 Year 320 FlI
3 |05/30/17 23:54 05/30/17 23:5 120 MAfAnkelAfArnkatu 129 Pernajantie  Year 624 222 2 Year 510 FI
4 |05/30/17 23:52 05/30/17 23:5 8 Vanha kirkkopuisto 3 Kapteeninpuist Year 0 335 3 Year 140 FI
S |05/30/1723:52 05/30/17 23:5 26 Kampin metroasem: 4 Viiskulma Year 1018 294 4 Year 150 FI
6 |05/30/17 23:49 05/30/17 23:% 36 Apollonkatu 36 Apollonkatu  Year 0 282 5 Year 4400 Fl
7 |05/30/17 23:48 05/30/17 23:5 20 Kaisaniemenpuisto 41 YmpyrAfAntalo Year 1413 410 6 Year 530 FIi
8 |05/30/17 23:47 05/30/17 23:5 46 Diakoniapuisto 120 MAfAmkelAfAm Year 1347 304 7 Year 510 FI
9 |05/30/17 23:47 05/30/17 23:% 8 Vanha kirkkopuisto 2 Laivasillankatu Year 1521 636 8 Year 140 FI
10 |05/30/17 23:46 05/30/17 23:5 28 Lastenlehto 27 Eerikinkatu Year 778 336 9 Year 140 FI

Figure 6: A sample from the bike sharing dataset from Helsinki from 2017. Descriptive information
on the trip is combined with the basic user demographic information. The columns containing unique
ID information are masked.

There were a few limitations in the data. Firstly, the last day of each month during the six-
month period was missing. However, the missing data divided equally to different weekdays
meaning that the lack of information did not skew the proportion of weekdays. Secondly,
only those users, who had subscribed the whole season, had their demographic information
included in the data. The total number of these yearly users was 35 196, whereas the total
number of all users was 40 709. Lastly, many users had not stated their gender, which
resulted that the analyses based on gender were done with the trips records from 23 181

users, who had given this information.
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Table 2. Descriptions of the original columns in the bike-sharing dataset.

COLUMN NAME COLUMN TYPE DESCRIPTION

departure_time date The departure time of the trip

return_time date The return time of the trip

account number User's account ID

departure_stationl  number The departure station ID
departure_station2  text The departure station name
return_stationl number The return station ID

return_station2 text The retun station name

formula number User's subscription type (day, week, year)
covered_distance number Trip length

duration number Trip duration

id number Trip ID

uid number User ID

hsl_formula number User's subscription type (day, week, year)
hsl_postal_code number User's home postal code

hsl_city text User's home city

hsl_country text User's home country

hsl_birthday date User's date of birth

hsl_region text User's home region

hsl_gender text User's gender

4.1.2. Characteristics of other datasets

Beside the journey data from the bike-sharing system, several other datasets were used in
this study. The geographical locations of the bike-sharing stations in Helsinki were provided
by HRT. The data contained coordinates and 1Ds for each station. The agency also provided
a customer survey targeted to the bike-sharing users in Helsinki (7 940 respondents), which
was used as a supplementary material (HSL, 2017). The survey focused on questioning
users’ preferences and reasons for using shared bikes (more information in the section 3.3.4).
Demographic data was also needed to proportion the number of bike-sharing users in a given
postal area in Helsinki to the total population of this area. Hence, the postal area populations
by the Statistics Finland (2017) were obtained. This dataset also allowed the examination of
the age and gender profiles of the population in Helsinki to compare the general population
demographics to bike-sharing users’ demographics. Finally, to carry out the shortest route
network analysis (see the method section 4.2.2), a cycling route network was needed.
MetropAccess-CyclingNetwork was used, which was based on the Digiroad data (Digiroad
K), developed by the Finnish Transport Agency and further modified by Tarnanen (2017) to

suit the cycling modelling in Helsinki.
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4.2. METHODS

This study had several phases. An extensive and systematic literature review was conducted
before the data processing phase took place. Data was first preprocessed, then analyzed, and

finally visualized. The following subchapters and the flow chart of the work (Figure 7) show
the different phases of this work in more detail.

|
STUDY DESIGN i DATA
I
1
Systemartic Non systematic : /_______._.—__._______\
literature review literature review Bike-sharing data processing |
(172016 — 2/2018) (hefore 2016) D —
; : ! BICYCLE SHARING
Literature search Literature search e Data preprocessing, 1 TRIPS 2017
(n=3 046) filtering and cleaning (@=1,490,000)
L i -p- Quality assessment (__\
Narrowed search w . 5
(a=798) : Bicycle sharing

¢ Data enrichment with ancillary data stations 2017

;’"" and calculation of derived columns .

1
I
1
1
1
1
1
1
1
|
L- : Helsinki population

Classification by EMPIRICAL STUDY | ,
+  study aim, : U tri 1
+  data tvpe. ser-centric 1
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analysis 1
|
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Figure 7. The workflow of this study

4.2.1, Systematic literature review

To support and contextualize the results of this study in relation to scientific literature on
bike sharing, a systematic literature review was carried out. Literature was first scanned by
using a keyword search in the scientific literature search engine Scopus. The initial search

contained the following keywords, which were also used in an earlier review study by
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Fishman (2013): bike sharing, bike share, bicycle sharing, bicycle share, public bicycle and
public bike (Figure 8). The number of resulting documents with the search was 3046.

ORIGINAL SEARCH (N = 3,046) 20.02.2018, SCOPUS

( TITLE-ABS-KEY ( bike AND sharing) OR TITLE-ABS-KEY ( bike AND share) OR
TITLE-ABS-KEY ( bicycle AND sharing ) OR TITLE-ABS-KEY ( bicycle AND share )
OR TITLE-ABS-KEY ( public AND bike ) OR TITLE-ABS-KEY ( public AND bicycle ))

Figure 8. The original search terms and date for the Scopus search. .

Due to the large number of results, the search was limited to only contain the time period
1/2016-2/2018 (Figure 9). This time period was applied since prior literature relevant to bike
sharing was extensively covered in Fishman et al. (2013) and Fishman (2015). The language
of the studies was also limited to English. These limitations resulted to a more controllable
number of studies as the number of results after the limitations dropped to 799. Both search
results were descriptively analysed, and their statistics i.e. documents by year, document

county/territory and subject area saved.

FILTERED SEARCH (N=799) 20.02.2018, SCOPUS

( TITLE-ABS-KEY ( bike AND sharing) OR TITLE-ABS-KEY ( bike AND share) OR
TITLE-ABS-KEY ( bicycle AND sharing) OR TITLE-ABS-KEY ( bicycle AND share )
OR TITLE-ABS-KEY ( public AND bike ) OR TITLE-ABS-KEY ( public AND bicycle ) )
AND (LIMIT-TO ( PUBYEAR, 2018) OR LIMIT-TO ( PUBYEAR, 2017) OR LIMIT-
TO ( PUBYEAR, 2016)) AND ( LIMIT-TO ( LANGUAGE, "English"))

Figure 9. The narrowed search terms and date for the Scopus search. The results of this query
were selected for the systematic literature review.

To answer to the study questions of what is being studied and where and what kind of data
Is being used in bike-sharing studies, the results were classified. The resulted 799 documents
were examined one by one and classified by their aim if the document was accessible. The
aim of the study, the data type, and the number of data records were classified into groups
and the study areas were noted down from each study. In the case of the aim of study, it was
possible for a study two get classified into two categories if the scope of the study did not
fall only into one category. Once the review was finished, the classified results were analysed

and visualized into graphs and tables.
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4.2.2. Bike sharing data processing

Software: The bike-sharing data in this study was managed and processed in several
software, but one of the methodological aims was to take the advantage of growing

capabilities of open source software.

Python (version 3.4), an open source general-purpose programming language was used to
carry out the data processing. One of the most useful features of Python is that it contains
numerous third-party modules called libraries that can be integrated to the core software.
These libraries extend Python’s capabilities and have made Python a common choice for
scientific computing. This study took the benefit especially from those libraries targeted for
data manipulation, analysis and visualization. The main modules for these purposes that
were used were Pandas, GeoPandas, NumPy and Matplotlib. The python codes used in this
thesis are openly available at GitHub (https://github.com/EWillberg/Bike-sharing).
Statistical analysis of this work was carried out in SPSS, which is a software for statistical

computing.

Furthermore, two geographical information system (GIS) software were utilized in this
work, mainly for map visualizations. Maps were done with QGIS (version 3.0), which is an
open source GIS software, whereas the network analysis to determine the distances between
the bike-sharing stations was conducted in Arc GIS (version 10.3) developed by ESRI due
to its more suitable network analysis tool package.

Preprocessing: The raw bike-sharing data was first merged into a single csv-file, which was
then read into Python. Filtering was the first step to remove the most obvious outliers from
the data. The data, for example, contained trips that were really short or had lasted under one
minute. These trips are often caused by the malfunctioning of the docking station or the bike
and do not represented real movements as noted by Bordagaray et al. (2014) in Santander,
Spain. The filtering was also extended to unrealistically long or fast trips as well as stations

that were not in public use or outside Helsinki. The following filters were thus applied:
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Table 3. Applied trip filters to bike-sharing data

Trip distance filter Filtered out the trips where the covered distance was
less than 100 m and more than 70 km.

Trip duration filter Filtered out the trips where the trip duration was less
than 60 seconds or more than five hours (Five hours is
the limit after which the user needs to pay a penalty

fee).

Trip speed filter Filtered out the trips where the trip speed was more
than 40 km/h

Formula filter Filtered out those users whose rental period was not

day, week, or year, which are the options that a normal
user can choose.

Station filter Filtered out those stations that were not in Helsinki or
were bike reparation or production facilities.

After the dataset was filtered, the spatial component was integrated into the bike-sharing
dataset. As the data was non-spatial as such, the location was derived by joining a dataset
containing all the locations of bike-sharing stations as geographical coordinates. This join
was possible as both datasets had a common column containing the station IDs. The join
operation was performed twice to get the geographical location of both the departure and the

return station for each trip.

Calculation of new columns was the next step. The user age column was derived from the
user’s birthday, the weekday column from the departure time column and the speed column

from the trip duration and distance columns.

As the dataset did not contain information about the user’s route, an interesting question was
how much the covered distance of the trip differed from the theoretical shortest network
route. For this purpose, a new difference column was calculated to the dataset. First, the
theoretical shortest route was calculated in ArcGIS with the Closest facility tool that is part
of the Network analyst extension. All the stations were assigned both as facilities and
incidents while the number of searchable facilities was the total number of stations (i.e. 140).
The underlying road network in the analysis was MetropAccess-CyclingNetwork, which
was based on the Digiroad data (Digiroad K) by Finnish Transport Agency and further
modified by Tarnanen (2017) to better suit for cycling analyses in Helsinki. This analysis
resulted a table containing the shortest route distances along the network between all the
stations. Once the theoretical shortest routes were obtained, a simple difference was

calculated between the covered and the shortest distance for each trip.
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The next step of the preprocessing was to group the dataset by users. Multiple new columns
were derived from the original columns in this phase. These included, for example, the count
of user’s potential public transport trips, the count of user’s trips that had been departed from
the same station where the earlier trip had returned, and the standard deviation of user’s
station usage. The full list of variables used in the analysis phase with explanations can be
found from appendix 1.

Analysis and visualization: Once the dataset was filtered and preprocessed, it was ready for
analyses. Descriptive analysis was carried out to see the most basic statistics for trips such
as the mean trip speed, the mean trip duration and the mean trip length. Temporal patterns
of trips were then analyzed on different time intervals (hourly, daily, weekly, monthly) to
see the variation in the number of trips in time. Next, the spatial variation of trips was
examined to understand, which were the most common routes of bike sharing users in
Helsinki and in which areas the most trips had taken place. Similarly, it was important to
understand the basic patterns of station usage, therefore the departure and the return counts

for each station were mapped.

After revealing the prevailing basic patterns of bike sharing trips the focus was turned to
users. As with trips, the basic user statistics were looked at first. These were the mean usage
activity as well as the cumulative use of the system. Users were then grouped into different
categories based on their qualities. These qualities, available in the dataset, were age, gender,
home postal area, use activity and the subscription type. Home postal area was further
divided into two groups, for those who lived in the postal area with at least one bike-sharing
station and for those who did not have a station in their postal area. All the different user
groups were then examined to see how much variation there was in trip profiles between the
groups. The demographic variation was also looked at for each variable to see whether, for
example, active bike-sharing users were skewed towards a certain group of people. The
variation of different variables within each user quality were visualized with box plots.
Furthermore, the variation of users’ home postal areas was mapped against the total postal
area population, to see relatively the most active neighborhoods in terms of bike-sharing

users.

Statistical analyses were also carried out. Binary variable user groups (gender and inside
users/outside users) were compared to each other with t-tests to validate that the groups

differed statistically significantly from one another. As the precondition of the t-test,
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Levene’s test was carried out to check for each variable the equality of variance between the
tested groups. For user groups that had more than two populations (age group, subscription
type, use activity), ANOVA technique was used with post-hoc tests. ANOVA analysis
determined the total degree and the significance of variation between groups while post-hoc
tests showed more in detail where the variation existed. Tukey’s post-hoc test was selected
due to equal variances that existed between the most groups. Finally, Pearson correlation
matrix was produced out of the continuous variables in the dataset to determine possible

correlations between variables.

Finally, the results were compared to similar cycling and population data sources and reports
from Helsinki (see Tarnanen et al. (2017) and Statistics Finland (2017)). This was done to
1) indicate validation for the methods how bike-sharing data was processed in this work and
2) to see how bike sharing users’ demographic shares differed from the general population

shares and general cyclists’ patterns.
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5. LITERATURE REVIEW ON BIKE-SHARING
SYSTEMS — CURRENT TRENDS

The following three chapters will present the results of this study. This chapter focuses on
the findings on scientific bike-sharing literature answering to the study questions of what is

being studied and where and what kinds of data are being used.

5.1. TEMPORAL AND DISCIPLINARY TRENDS IN BIKE
SHARING LITERATURE

Documents by year

500

400

1871 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 2015

Figure 10. Scientific literature on bike sharing by the publication year. The number of publications

has become manifold during the last decade. The search was made in Scopus in 20.2.2018.

Bike sharing has seen a surge of scientific interest during the current decade. The pace of
published works has grown from approximately 50 records/year to over 400 records/year
during the last decade as the Figure 10 shows. The results are worth a few note however.
First, the literature search returned also results that were not relevant to bike sharing.
Secondly, the volume of scientific publication in general has increased from the 1970’s to
this day. But even when accounting these notes, the trend is clear, bike sharing is increasingly
getting attention from many directions. The start of this upward trend sets around mid-2000s,
which coincides with the openings of the two major bike-sharing systems in Lyon and Paris.

whose popularity have inspired more cities to deploy similar bike-sharing systems. The
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graph also shows a small spike in 1995, which coincides with the year when the first broad-

scale bike-sharing systems was opened in Copenhagen.

The spectrum of fields that are represented extends to many different domains. Social
sciences and engineering publish most of bike sharing relevant literature but other fields like
computer science, medicine and environmental sciences all have their shares as well as
multiple other fields. (Figure 11). It is clearly visible from the figure that bike sharing is not
only seen as a matter for transport research, but it offers a multitude of research topics, many

of which link to wider societal issues.

Documents by subject area

Other (21.8%) \

Economics, Econ... (3.4%) / Social Sciences... (43.9%)

Business, Manag... (5.8%)

Energy (7.8%)

Decision Scienc... (8.0%) ———_

Mathematics (12.5%)

R Engineering (36.2%)

Environmental S... (15.3%)

Medicine (16.3%) 7

Computer Scienc...
(28.3%)

Figure 11. Published scientific literature on bike sharing by subject area. The publications are
being made by multiple disciplines showing the multidisciplinary nature of bike sharing as a study

topic.
5.2. TOPICAL TRENDS IN BIKE SHARING STUDIES

This study conducted an exhaustive literature review to identify different branches and topics
of recent bike-share-related studies between 1/2016 - 2/2018. Altogether 413 studies out of
799 were classified being relevant to bike sharing and 275 of these were directly linked to
bike sharing. Approximately a third of the classified studies were focused on cycling but not
directly to bike sharing.

Bike sharing relevant studies nevertheless cover a wide variety of different topics and

objectives (Table 4). System-wide analyses are the most common topic among the bike
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sharing relevant literature followed by the studies focused on bike-sharing usage. Within the
system-wide analyses, system potential and station placement are the most popular
subcategories. In the usage analysis category, temporal journey variation and the reasons for
trip variation are the topics that have gathered most interest during the study period. Both
rebalancing optimization and bike availability/demand prediction have also been topics of
notable scientific interest. If these partly overlapping groups would be counted together, they
would form the single biggest group by the number of studies. User-focused analyses have
also attracted interest, but within this group, many of the studies have especially focused on

user preferences/satisfaction and to a less extent trip purpose or user demographics.

On the other hand, bike-sharing systems safety and helmet use of users have been an
underrepresented theme among the bike-sharing literature. However, many of the studies
from the “other cycling” category have focuses on cycling safety and helmet use in general
but not specifically in the context of bike sharing, which probably explains the result. Bike
sharing systems’ impacts and effects are somewhat underrepresented among the main
categories. Within this category, however, the subcategories share is not equal. 12 studies
have focused on the emission reduction and modal share impacts of bike-sharing, which is a
reasonable volume in around two years. Then again, there were only few studies focusing
on travel time and accessibility impacts of bike-sharing systems in cities. From the remaining
categories, BSS supplementary services have been studied to some extent, but not very
extensively. In addition to classified categories, there are several studies that were relevant
to bike sharing but did not fall into any of the main categories.
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Table 4. Classification of bike-sharing studies by the focus area of the study. The studies included
are being published between 1/2016-2/2018

% of BSS classifications
Class Study classification Nm_n,ber_Of (other cycling and not
classifications relevant excluded)
1 BIKE AVAILABILITY / DEMAND PREDICTION 39 10.8
2 REBALANCING OPTIMIZATION 55 15.3
3 BSS USER ANALYSIS 51 14.2
3.1 BSS USER DEMOGRAPHICS 12 3.3
3.2 BSS TRIP PURPOSE 2 0.6
3.3 BSS USER PREFERENCES / SATISFACTION 37 10.3
4 BSS USAGE ANALYSIS 73 20.3
4.1 TEMPORAL VARIATION 26 7.2
4.2 TRAVEL TIME / DISTANCE 2.5
4.3 TRAVEL ROUTES 1.4
4.4 TRIP VARIATION REASONS 17 4.7
4.5 BIKE AVAILABILITY 6 1.7
4.6 STATION PATTERNS 10 2.8
5 BSS IMPACTS / EFFECTS 30 8.3
5.1 MODAL SHARE / EMISSION REDUCTION 12 3.3
5.2 ACCESSIBILITY / TRAVEL TIME 5 1.4
5.3 USER'S HEALTH / PHYSICAL ACTIVITY 3 0.8
5.4 ECONOMIC 8 2.2
5.5 OTHER 2 0.6
6 BSS SAFETY / ACCIDENTS / HELMET USE 7 1.9|
7 SYSTEM ANALYSIS 76 21.1
7.1 SYSTEM PRICING / BUSINESS MODEL 11 3.1
7.2 STATION PLACEMENT 13 3.6
7.3 SYSTEM PERFORMANCE EVALUATION 6 1.7
7.4 SYSTEM POTENTIAL 20 5.6
7.5 SYSTEM SUCCESS DETERMINANTS 1.7
7.6 SYSTEM ADVERTIZING 0.8
7.7 SYSTEM CONCEPTUAL DESING / PLANNING 10 2.8
7.8 SYSTEM BARRIERS 7 1.9
8 BSS SUPPLEMENTARY SERVICES 16 4.4
9 OTHER BSS STUDIES 13 3.6
10 OTHER CYCLING STUDIES 139
11 NOT RELEVANT STUDIES 386
TOTAL ALL CLASSIFIED STUDIES / NUMBER OF CLASSIFICATIONS (1-2 per study) = 413/499
ONLY BSS STUDIES / NUMBER OF CLASSIFICATIONS (1-2 per study) =273/360
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5.3. STUDY AREAS IN BIKE SHARING STUDIES

To some extent, the study areas seem concentrate to certain cities. Especially New York and
Washington D.C. in USA and Hangzhou in China have been the only study area or one of
them for many bike-sharing studies (Table 5). There have been 34 studies published utilizing
the bike-sharing data from New York, 20 studies with the data from Washington D.C and
18 studies with the data from Hangzhou in two years. While these cities possess some of
biggest bike-sharing systems in the world, another considerable thing is that they have also
actively shared the trip datasets from their bike-sharing system either fully openly (see: New
York: https://www.citibikenyc.com/system-data, Washington:
https://www.capitalbikeshare.com/system-data) or for research purposes (Hangzhou: see
e.g. Xu etal., 2017). From London, which is fourth on the list of most common study areas,
the trip records are also provided for research use (see e.g. Beecham and Wood, 2014) and
the station occupancy records publicly (https://data.london.gov.uk/dataset/number-bicycle-
hires?q=bicyc) while from Boston and Chicago the trip data is fully open (Boston:
https://www.bluebikes.com/system-data, Chicago: https://www.divvybikes.com/system-
data). From Taipei, the station occupancy records are publicly available
(https://data.taipei/dataset/detail/relation?id=8ef1626a-892a-4218-8344-f7ac46elaa48). In
overall, availability of data have seemed to influence to the choice of the study area in many
studies. In total, 93 cities have been a study area for at least one study, which shows wide

global interest for bike sharing.

When moving to the country level, the dominance of USA but also China in terms of the
published bike-sharing literature becomes clear, as these two are leading the comparison of
study area countries (Table 5). Strikingly, most of the listed countries are affluent and
developed countries. This trend is also visible in the study regions, which are heavily skewed
towards North America, Asia and Europe leaving only few bike-sharing studies carried out
in other regions. The lack of African countries is expected as there are only few bike-sharing
systems in operation in the continent according to the global bike sharing map by Meddin
(2018). However, the very small representation of other continents like Oceania and South
America is even surprising considering that there are dozens of systems in operation in these
continents as the map by Meddin (2018) shows. To some extent, the results might be tilted

due to the selected search engine and the English language.
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When comparing the countries of study areas and the countries where the study institutes are
located, the same nations are mainly represented among the top publishers (Table 5 & Figure
12). Some differences occur though. There are more studies published from certain countries
mainly from Canada and Germany, whose share of the study areas is not as big as their share
of the publications.

Table 5. The city/region, the country and the continent of the study area in the frequency order. The
studies included are being published between 1/2016-2/2018

43

CITY /REGION NUMBER COUNTRY OF NUMBER CONTINENT OF NUMBER OF
OF THE STUDY OF STUDIES THE STUDY OF STUDIES THE STUDY STUDIES
New York 34 USA 95 North America 103
Washington 20 China 56 Asia 85
Hangzhou 18 Spain 17 Europe 72
London 11 Taiwan 14 South America 6
Taipei 10 France 11 Oceania 4
Boston 10 UK 11 Central America 1
Chicago 9 Canada 8 N/A 43
Beijing 7 Italy 7

Paris 6 Germany 7

San Francisco 6 Austria 5

Ningbo 5 Ireland 4

Seville 4 Australia 4

Barcelona 4 Belgium 3

Lyon 4 South Korea 3

Montreal 4 Brazil 3

Vienna 3 Chile 2

Madrid 3 Japan 2

Suzhou 3 Other countries 21

Pisa 3 N/A 43

Mons 3

Munich 3

Zhongshan 3

Global 3

Nanjing 3

Other cities 69

N/A 53
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Figure 12. The country of the institution, which has conducted the bike sharing study. The studies
included are being published between 1/2016-2/2018

5.4. DATA TYPES AND VARIATION IN BIKE SHARING
STUDIES

Table 6. Classification of datasets by type and size that were used in the reviewed bike sharing
studies.

CLASS DATA TYPE NUMBER OF CLASS DATA SIZE NUMBER
STUDIES (records) OF STUDIES
1|0D trip data 88 110-100 22
Survey/ Interview /
Travel Diary 61 2(100-10 000 70
3|GPS data 7 3(10 000 - 1 000 000 32
Station location
/availability data 44 4| >1000000 57
5|/Observations 2 N/A 90
6|Bike counter data 1
7 |Statistics 15
8|Other cycling data 7
9[No cycling data 46
10|Literature review 2

Variety of data types are used to study bike-sharing systems (Table 6). The most common
data type in the bike-sharing literature is an origin-destination (OD) dataset, which is also
the type of data used in this study. Generally, bike sharing OD-data consists of 1) the

information about the origin and the destination station, 2) trip information (e.g. time,
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distance, speed) and 3) user-related information (e.g. gender, age). Altogether 88 studies
have used this type of data. On the other hand, many studies have opted for more qualitative
data using surveys, interviews or travel diaries as their source. Data generated by bike-
sharing stations, containing either temporal bike availability information at a given time, or

only the locations of the bike-sharing stations, was the third most common data type.

The lack of GPS data is clearly visible from the examined studies, although a couple of
studies have been able to access or gathered GPS data from bike-sharing systems. At least
one obvious reason for the result is that the conventional dockable bike-sharing systems do
not often gather the route information and the trip data from dockless bike-sharing systems,

which in turn are constantly tracking the user, are not yet easily available for research.

Concerning the data size, there is major variations between the studies as their dataset sizes
reached all the way from small sample interviews to broad-scale OD datasets consisting of
millions of trip records. Many studies have been able to access these broad trip datasets with
large sample sizes. Study areas are one likely explanation behind this phenomenon, as many
studies have taken place in cities where the largest bike-sharing systems are located and that
have shared their bike-sharing data openly as noted earlier.
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6. BIKE SHARING TRIPS IN HELSINKI

This chapter focuses on the results related to bike-sharing trips in Helsinki in 2017. The main
characteristics relevant to the system usage in Helsinki both temporally and spatially are
presented to give an overlook how the system is used.

6.1. DESCRIPTIVE TRIP STATISTICS

During the bike-sharing system operating season 2017 (2.5-31.10.2017), there was
approximately 1.5 million journeys made with the shared bikes in Helsinki (Table 7). More
than 41 700 users did at least one journey. On average, there was around 8 500 rentals every
day by 4 700 users. As the fleet size and the number of stations significantly varies between
cities, these usage rates yet do not give a full picture of the system popularity. Nevertheless,
1.5 million trips give an indication that the system’s 1 400 bikes were in heavy use during

the season.

A typical metric used to compare the usage rates of bike-sharing systems is to measure the
number of trips per one bike per day. In Helsinki, this figure was on average 6.03 trips per
day/bike in 2017. The use was not uniform but there was fluctuation between months and
weeks (Figure 13). On highest in mid-August, the metric was over eight trips per day/bike
while in October, an average shared bike was only used two to three times per day.

Table 7. Descriptive trip statistics for the Helsinki bike sharing in 2017

All season (1.5.2017- 31.10.2017)

Trip count 1496 816
User count 41709
Mean covered distance 2204 m
Mean speed 10.8 km/h
Mean duration 14 min 02 s

Daily averages

Daily trip count average 8 456 /day
Daily trip/bike average 6.03 /day
Daily user count average 4672 /day
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Figure 13. Variation of the trip count per day per bike by month and week during the system
operating season of 2017.

In general, the picture of system usage in Helsinki seems clear. Bikes are used comparatively
often, but users normally make short trips both time- and distance-wise and are not riding

very fast with their bikes.

To start with the trip distance, a user drives 2204 meters on average on a single trip. The
average trip distance and duration varies weekly (Figure 14). During the early season, the
averages remain stable but after the last weeks of July, the weekly mean distance and mean
duration start to lower steadily. In October, an average trip is over 500 meters shorter and
lasts around five minutes less than around mid-summer, which are considerable shifts when
considering how short the trips are in general. There is also indication that users take the
shortest route for their journeys more likely in the autumn (Figure 14). The mean difference
between the theoretical shortest route and the realized route distance decreases towards the
end of the season. While in the early season and mid-summer the mean difference is close
to 400 meters, in the last weeks of the season, it decreases close to 100 meters. More users
are then taking the shortest route for their trips in the autumn, which indicates that the share
of bounded trips, for example, commuting-related, increases and the share of more leisure-
oriented non-bounded trips decreases.
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Figure 14. Variation of mean covered distance, mean duration and mean distance difference of
bike sharing trips by week in Helsinki (2017).

The mean duration for a bike-sharing trip is 14 minutes. However, the median trip duration
is only six minutes and as the Figure 15 shows, there is a steady decrease in trips by each
minute from six minutes onwards. It is also notable that almost all of the trips, 96.7 %
exactly, are taken within the limits of the 30-minute normal use time, to which the user can
keep the rented bike without paying an extra fee. There is not either a spike in returns exactly
at the 30-minute boundary. This suggest that the bikes are normally taken for short trips and
only rarely for longer ones that would be close to use time limit even though the extra fee
for every starting hour after 30 minutes and until five hours is only one euro per starting

hour.
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Figure 15. Trip time variation by minute in 2017. Almost 97 % of the trips are at maximum 30
minutes, which is the single hire time limit for the user to use the bike without additional costs.

The average speed of users has been relatively slow, only 10.8 km/h. To some extent, this
speed is explained by the technical capabilities of the shared bike fleet and the main coverage
area of the system in the core of the city where cycling speeds are typically slower. In
general, bike-sharing users are nevertheless riding considerably slower compared to overall

cyclists in Helsinki.

The trip speeds, however, are not uniform for every station pair. There are clear spatial
patterns in speed variation as can be seen from the Figure 16. Majority of the slowest 20 %
trips are concentrated in a small area in the downtown being mostly horizontally directed.
The fastest 20 % routes then again are mostly between the station pairs from the city center
towards southwest, northwest and northeast in areas where the cycling infrastructure in
generally good. The spatial patterns of speed variation highlight areas where the cycling

network allows smooth cycling and areas where cycling is less flowing.
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Figure 16. The lowest 20 % and the fastest 20 % by median speed between two bike-sharing stations
in Helsinki (2017).
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6.2. TEMPORAL TRIP PATTERNS

The use counts of the bike-sharing system in Helsinki have fluctuated on a monthly, weekly
and daily-level (Figure 17). The most active month in terms of use is August when there has
been over 300 000 trips made with the bikes. The lowest use month correspondingly is
October when the total trip count has been around 100 000 trips. The weekly fluctuation
during the summer months (June-August) is moderate and not uniform, but the trip counts
are generally high varying between 50 000 and 75 000 trips. As the autumn proceeds, the
weekly trip counts start steadily decrease and in October 2017, there has been only around
20 000 to 30 000 weekly trips.

Similarly, there is daily fluctuation in bike usage. In general, shared bikes are used more
during the weekdays than the weekend days although this difference is not dramatic.
Wednesday is the most active day and Saturday the least active (Figure 18). There have been
several consecutive days where the daily trip count has doubled on the latter, which shows
the scale of daily variation in bike use (Figure 17). Any single day has not seen considerably
more use compared to other days, but several individual days in June and August nearly have
reached 14 000 trips in 2017. On the lower end, there has been generally a downward trend
towards the end of the season in bike use but also several days in June when the daily trip
count has been only around 4000 trips or less. While some of the low-use days can be
explained by the period of midsummer holidays, others are probably more related to bad
weather conditions than any other reason.
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Figure 17: Distribution of bike sharing trips in Helsinki in 2017 by month, week and day. Note: The last week of the October was not a full week but the bikes

were in operation only from Monday to Wednesday
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Figure 18. Percentages of bike sharing trips by weekdday in Helsinki in 2017.

Hourly fluctuation during weekdays follows the typical pattern of two peaks with one in the
morning and the other in the afternoon (Figure 19). In all weekdays, the afternoon peak is
slightly higher than the morning peak showing that the busiest hour of the whole day is
around four o’clock in the afternoon. Every weekday follows the same pattern. The weekend
days pattern is clearly different compared to weekdays. Bike use steadily rises from the early
morning onwards peaking in the afternoon at four o’clock and then starts to decrease. One
weekend-specific observation from the hourly fluctuation is the higher use during Friday-
Saturday and Saturday-Sunday nights when there have been around 5000 trips on average
even at one in the morning. The count is more than a double compared to a typical trip count

at that hour on any other weekday.
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Figure 19. Hourly fluctuation of bike-sharing trips by weekday in Helsinki (2017). Weekdays
typical patterns is different compared to weekend days.

6.3. MOST POPULAR ROUTES / STATIONS

Most of the popular routes either start or finish close to the central railway station (Figure
20). Common to the most popular station pairs is that they are dominantly in the center of
the system network where the station density is highest and where the number of people is
highest during daytime. From the railway station, many of the routes direct towards
southwest, which coincides with the location of a major cycling highway, Baana, which has
likely been the route choice for many of these trips. There seems to be more popular station
pairs in the western side of the downtown than in the eastern side where the terrain has more

elevation variation.
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@ CityBike Finland, HSL @Statistics Finland

Bicycle sharing trips in Helsinki (2017)
(2.May - 31.0ctober)

o Bicycle sharing stations Trip count
Metro line 1-81
Rail line 81 - 251

- 251 - 568

Helsinki municipality borders
— 568 - 1428
— 1428 - 3018

Figure 20. Bike-sharing trips in Helsinki (2017). The most popular trips are either departing or

returning to the central railway station.
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Additionally, there is an interesting pattern related to public transport, which can be seen
from the maps showing the amount of departures and returns by station (Figure 21 & Figure
22: The maps are showing bike sharing departures and returns by station.). Most of the
stations that fall into the top two categories of most departures/returns, are in the immediate
vicinity of a train or a metro station. This is the case with metro stations of Ruoholahti,
Kamppi, Central Railway Station, University of Helsinki, Hakaniemi and Sérndinen and the
Pasila train station. Naturally, some of these stations are not only public transport hubs, but
also areas of high socio-economic activity, such as the central railway station and the
Kamppi shopping center. The pattern still gives an indication that bike-sharing trips are
frequently chained with public transport.

Bicycle sharing departures in Helsinki (2017) Bicycle sharing returns in Helsinki (2017)

- Train stations Bicycle sharing station @ 15674 - 22709
departure count 22709 - 29743

. + 1605 - 8640
- - Metro line 29743 - 36778
® 8640 - 15674

Il Train stations  Bicycle sharing station @ 15674 - 22709
B Metro stations "Sturn count 22709 - 29743 [
: + 1605 - 8640
- - Metro line 29743 - 36778
® 8640 - 15674

®  Metro stations

—— Rail line —— Rail line

@ CityBike Finland, HSL @Carto @ CityBike Finland, HSL @Carto

Figure 21 & Figure 22: The maps are showing bike sharing departures and returns by station.

56



7. BIKE SHARING USERS AND VARIATION AMONG
USER GROUPS IN HELSINKI

This chapter focuses on the results relevant to bike-sharing users and their usage patterns.
First, the chapter zooms into user demographics and sees where the users come from and

then it focuses into travel patterns of different user groups more in detail.

7.1. USER DEMOGRAPHICS

Majority of bike sharing users in Helsinki in 2017 have been young adults and more likely
men than women (Figure 23). The single biggest age group are the 25-29-year-olds followed
by the 30-34 and 20-24-year-olds. As for the gender, 54,6 % of users have been male and
45,4 % female. However, the gender difference is not equal across all age groups. In the age
group of 20-24-year-olds there are actually more female users than male users, although this
share flips in favor of male users when compared by the number of trips instead of the

number of users.

When comparing the users share and the trips share, it is clearly visible that the demographic
differences become more emphasized in the latter (Figure 23 & Figure 24). Young adults
not only register as users more often than teenagers and older age groups, but they also do
generally more trips. For example, the relation between the registered users of the age groups
of 25-29 and 50-55-year-olds is approximately 5:1, whereas the trip count relation of these
same age groups is over 7:1. The gender differences also become larger when seen by trips,
as the male users share grows to 59,9 % of the trips compared to 41,1 % by female users.

The demographic structure of bike sharing users differs considerably from the overall
population structure in Helsinki, as the Figure 25 shows. When looking at the demographic
shares of the same age groups of the 25-29 and 50-55-year-olds, which were compared
above, the demographic relation between them is approximately 1.5:1 across the whole
population in Helsinki. The same applies to the gender, as there are more female compared

to male in most age groups living in Helsinki.
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Figure 23: Share of bike sharing users in Helsinki by age group and gender (2017).
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Figure 24: Share of bike sharing trips in Helsinki by age group and gender (2017).
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B male Age group User Count Share %
0 female 0 1 0.0
5 1 0.0
15 496 2.1
20 2 786 12.0
25 5925 25.6
30 4 790 20.7
35 2 986 12.9
Males: 54.4 % 40 1921 8.3
Females: 45.6 % 45 1275 5.5
50 1275 5.5
55 916 4.0
60 520 2.2
65 193 0.8
70 78 0.3
75 14 0.1
80 1 0.0
[I B 85 1 0.0
[ male Age group Trip Count Share %
0 female 0 141 0.0
5 5 0.0
15 24 933 2.7
20 126 038 13.8
25 267 473 29.3
30 190 355 20.8
Males: 59.9 % 35 105 420 115
Females: 40.1 % 40 61 144 6.7
45 42 479 4.7
50 40 031 4.4
55 30 360 3.3
60 16 054 1.8
65 5 378 0.6
70 2 904 0.3
75 665 0.1
20 0.0
11 0.0
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Figure 25: Share of population by age group in Helsinki (2017). Source: Statistics Finland (2017)

A further comparison shows that the bike-sharing users are neither as diverse group of people
as all cyclists in Helsinki (Figure 23 & Table 1 in the section 3.1.2). In terms of age, the
share of different age groups is more balanced among general cyclists and the same applies
to gender, as there are almost equal share of men and women cycling in the city in overall
according to the cycling barometer from 2018 (see Helsinki City Planning Department,
2018).

7.2. SPATIAL DISTRIBUTION OF USERS

The main observation regarding the spatial distribution of users is that the users are distinctly
concentrated to the postal areas where there is at least one bike sharing station (Figure 26).
In absolute terms, the single postal area with most bike sharing users is the Etu-T66l6,
neighborhood, followed by Kallio and Kamppi-Ruoholahti (Table 8). All these areas are
considered as urban core areas in Helsinki. Relatively, the share of users by postal area is
mostly equal within the station coverage area. The areas with relatively most users compared

to the total postal area population have been Jatkasaari and Kalasatama.

What makes the bigger difference in this examination is indeed the presence of a bike-
sharing station. There are only few areas outside the system coverage area, which do not
belong to the bottom category by the users share. The result implies that in postal areas,
which do not have a station, the share of users compared to the total area population is low.

For example, the users living in Etu-T0610 generate almost tenfold trips compared to the
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users coming from Etel&4-Haaga, which is the top area by the number of users outside the

station coverage area (Table 8 & Table 9).

Notable here are the top postal areas outside the station coverage area (Table 9). First, three
of them are in Espoo, but none in any other city except Helsinki. Secondly, seven out of ten
of these postal areas have also a train station within their boundaries. This implies that those
postal areas with good railway connections to the city center tend to attract more bike-sharing

users within their area.

Bicycle sharing users share by
postal area in Helsinki (2017)
= Bicycle sharing stations

--- Metro line

-+ Rail line

BSS users share of the population
(unique BSS users living in the
postal area / postal area population)
0.1-32%
3.2-6.4%
T 64-95%
,--.El 95-127%
Bl 12.7-15.8%

Top 10 postal areas

Postal area Users
Helsinki Keskusta - Etu-T6616 2251
Kallio 2031
Kamppi - Ruoholahti 1663
Taka-T6616 1428
Lauttasaari 1365
Sérnainen 1354
Toukola-Vanhakaupunki 1141
Eira - Hernesaari 1080
Etu-Vallila - Alppila 984
@ CityBike Finland, H5L @Statistics Finland Vallila 908

Figure 26. Bike-sharing users share of the total postal area population in Helsinki (2017).
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Table 8. Most common postal areas of those bike sharing users who are living inside the system

coverage area.

USER'S POSTAL AREAS (USERS LIVING INSIDE THE SYSTEM COVERAGE AREA)

Postal area

1|Helsinki Keskusta - Etu-To66l6
2 |Kallio

3/ Kamppi - Ruoholahti
4| Taka-Tosl6
5/Lauttasaari
6/5Sdrndinen
7 Toukola-Vanhakaupunki
8|Eira - Hernesaari
9|Etu-Vallila - Alppila
10| Vallila

Sum of trips
109001

91113
83746
70271
48255
54591
39645
52815
46145
36222

Sum of users

2251
2031
1663
1428
1365
1354
1141
1080

984

908

% of trips

8.1
6.8
6.2
5.2
3.6
4.1
2.9
3.9
3.4
2.7

% of users

6.4
5.8
4.7
4.1
3.9
3.8
3.2
3.1
2.8
2.6,

Table 9. Most common postal areas of those bike sharing users who are living outside the system
coverage area. Notable here is that seven out of the ten postal areas have a train station.

USERS' POSTAL AREAS (USERS LIVING OUTSIDE THE SYSTEM COVERAGE AREA)

Postal area City

1 Eteld-Haaga Helsinki
2|Matinkyla Espoo
3| Viikki Helsinki
4| Pohjois-Haaga Helsinki
5|Oulunkyla- Patola Helsinki
6|Kannelmaki Helsinki
7 |Puistola Helsinki
8| Tapanila Helsinki
9 Etela- Leppévaara Espoo
10|Otaniemi Espoo

Sum of trips

11002
7110
5464
5343
4467
4310
4204
4184
3970
3830

421
378
169
175
179
le4
124
124
149
149

Sum of user: % of trips

0.8
0.5
0.4
0.4
0.3
0.3
0.3
0.3
0.3
0.3

% of users

1.2
1.1
0.5
0.5
0.5
0.5
0.4
0.4
0.4
0.4

The overall picture is similar when comparing, which postal areas generate the most trips

(Figure 27). The top three postal areas by the share of trips are the same than when compared

by the share of users. In a relative comparison, the trip generation is slightly more

emphasized to the western postal areas of the downtown Helsinki. The presence of a bike-

sharing station is still the decisive factor dividing the areas mainly into two categories, to

those with a station and more generated bike-sharing trips and to those without and fewer

generated trips.
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Bicycle sharing trips per person
postal area in Helsinki (2017)

= Bicycle sharing stations

- Metro line
-+ Rail line

BSS trips per person

(trips made BSS users living in the

postal area / postal area population)
0.0-1.6
1.6 - 3.2

[ 3.2-48

..Il 48-6.4

Il 64-80

Top 10 postal areas

Users's postal area Trip Count
Helsinki Keskusta - Etu-T6616 109 001
Kallio 91 113
Kamppi - Ruoholahti 83 746
Taka-T6616 70 271
Sérndinen 54 591
Eira - Hernesaari 52 815
Lauttasaari 48 255
Etu-Vallila - Alppila 46 145
Toukola-Vanhakaupunki 39 645
@ CityBike Finland, HSL @Statistics Finland Vallila 36 222

Figure 27. Bike-sharing trips per person by postal area in Helsinki (2017).

When extending the scope of users’ home areas to the city level, it becomes clear that a vast
majority of users, 81.4 %, are from Helsinki (Table 10). The neighboring municipalities
Espoo and Vantaa are the second and the third, while the third biggest city in Finland,
Tampere, has the most users outside the Helsinki region. In terms of trip generation, the

differences are even bigger, as the users from Helsinki make 87.5 % of the trips.

Table 10. Most common home cities of bike-sharing users in Helsinki.

USER'S HOME CITIES

City Sum of users |Sum of trips | % of users % of trips
1 Helsinki 28 646 1178 735 81.4 87.5
2 Espoo 2675 58 500 7.6 4.3
3 Vantaa 1 002 23 616 2.8 1.8
4 Tampere 246 6 440 0.7 0.5
5 Turku 189 5 989 0.5 0.4
6 Kirkkonummi 188 4 019 0.5 0.3
7 Jarvenpaé 149 7 836 0.4 0.6
8 Kerava 132 4 283 0.4 0.3
9 Tuusula 126 4 335 0.4 0.3
10 Oulu 118 2 113 0.3 0.2
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7.3. TRIP GENERATION BY USERS

An average bike-sharing user is not very active in his or her use. The distribution of all
indicators, the trip count, the number of unique user days and the trips per day are showing
the same pattern that most users are not active or regular to use shared bikes (Figure 28). A
median user has done 22 trips in 15 unique days, which is 0.13 trips per day or in other terms,
one bike-sharing journey every 8" day. The variation within every indicator is significant,
for example, the standard deviation of the trip count is 46.3 trips. This shows that there a
portion of super-users who use shared bikes extensively. The maximum number of trips by

one user have been as high as 1124 trips, which results to almost 6.5 trips per day

20000
16000

10000 17500

14000

15000

12000 8000
< 10000 = 5 12500
=2 =) =)
: g oo s 10000
@ bl mean: 22.6 5
§ 9000 mean: 38.3 F] std: 23.0 3 ean 0’22
> std: 46.3 =} min: 1 =} std: 0.26
min: 1 25%: 6 7500 min: 0.005
6000 25%: 8 4000 50%: 15 25%: 0.05
50%: 22 75% 32 50%: 0.13
75% 50 max: 158 75% 0.29
4000 max: 1124 5000 max: 6.42
2000
2000 2500
0 0 0
0 100 200 300 400 0 50 100 150 0 1 2 3
Trip count Unique user days Trips per day

Figure 28. Distribution of trip count, unique user days and trips per day variables in Helsinki (2017).
Majority of users have taken a trip only occasionally.

The overall use of the bike-sharing system is not divided very equally among users.
Cumulatively, most the cycling trips (~60 %) have been generated by the clear minority of
users (~ 20 %) as the Figure 29 shows. In absolute numbers, this means that around 7 000
users have done around 786 000 trips. The difference between the mean and median number
of trips by user also illustrates this notion. While the median number of trips per one user
has been 22, the mean is 38.4 showing the effect of “super users” who have taken hundreds
of trips during the season and hence are stretching the mean higher with their use.
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Figure 29. Cumulative use of bike-sharing system in Helsinki (2017). A small minority of users
have made the majority of trips.

7.4. TRIP PATTERN VARIATION BY USER GROUPS

7.4.1. Trip pattern variation by home area

Table 11. Descriptive statistics of bike-sharing user groups in Helsinki classified by the home area.

e . Trip count | Userdays |Mean user
Classification UserID count % Trip Count % . .
median median age
Users living outside BSS area 10892 30.9 280729 20.8 13.0 8 36.0
Users living inside BSS area 24 304 69.1 1067 016 79.2 27.0 18 34.1
Median trip Vetheminn | Watiamis Median week . Median dis.tance Potential PT trip percent:clge Tnedian
. . . / weekend |difference (realized route { (Departure/return station in the
duration (min) | distance (m) |speed (km/h) ] : ) .
use ratio shortest route) (m) immediate vicity of PT hub) %
11.6 1913.0 10.1 2.0 220 0.50
11,2 1941.0 10.9 1.2 197 0.31

The clearest difference in usage patterns by different type of user groups arises from the

user’s home area. Based on the data, it is reasonable to divide the users into two groups based

on whether their home area is inside or outside the station coverage area and examine the

variation between these two groups. For the sake of clarity, in this subchapter these groups

will be called as “inside users” and “outside users”.

As seen from the spatial distribution of users (section 7.2), the areas inside the station

coverage area have clearly had more users, which in turn have generated clearly more trips

than the users living outside the coverage area. Around 69 % of the users lives inside the

station area and they make more than 79 % of all the trips (Table 11). “Inside users” have
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over twice as many trips and days of use in median showing that they not only register
themselves as users more often, but they also do more journeys with shared bikes than the

“outside users”.

The usage profiles of the two groups vary in many respects (Table 11 & Figure 30). The
“inside users” are slightly younger in general, and they do slightly faster and shorter trips.
Bigger differences between the groups, however, arises from the variables of potential public
transport chain trips, usage on weekdays/weekends and the distance differences between the
shortest routes and the realized routes. The T-tests show that differences in all these variables
between the groups are statistically significant at the 0.05 level (see Appendix 3).

POTENTIAL PUBLIC TRANSPORT CHAIN TRIPS

(Departure or return station in the immediate vicinity of a metro of train station)

100.0 USER AGE VARIATION

8
S
o
S

% of all trips

User age (years)
=)
=

a
=]
o

200 02

i 0o
0.0 0 4 0 1

Users living outside BSS coverage area Users living inside BSS coverage area Users living outside BSS coverage area Users living inside BSS coverage area

WEEKDAY VS WEEKEND RELATIVE USE RATIO MEDIAN ROUTE DISTANCE DIFFERENCE

(The number of weekday trips per one weekend trip 1000.0 (shortest route distance - realized route distance)
'
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400.0

(m)

|
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Figure 30. Box plots show the variation of user age, potential public transport trips, weekday vs
weekend relative use ratio and median route distance difference between the two home-area based
user groups.

First, the “outside users” make more trips that either depart or return in the immediate
vicinity of a public transport hub, which is a metro or a train station. This public transport
variable is also temporally sensitive as the Table 12 shows. “Outside users” have a spike in
their potential public transport departures share in the weekday mornings (0.58 % of the
trips) and a corresponding spike in their potential public transport returns share in the
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weekday afternoons (0.47 % of the trips). The “inside users” do not have these spikes, but
their shares are reverse to the “outside users” in these times. On weekends, these temporal

patterns are similarly divided between the groups, but not so distinctively.

Table 12. Temporal variation of potential public transport trips shares by “inside users” and
“outside users”. The results suggest that “outside users” combine bike sharing with public transport
especially in commuting trips.

Classification Weekday mornings Weekday afternoons Weekend mornings Weekend afternoons
(7-9) (15-17) (7-9) (15-17)
PT departure % by all users 0.24 0.25 0.14 0.21
PT departure % by inside users 0.11 0.25 0.10 0.25
PT departure % by outside users 0.58 0.22 0.34 0.22
PT return % by all users 0.26 0.25 0.25 0.20
PT return % by inside users 0.29 0.18 0.26 0.18
PT return % by outside users 0.17 0.47 0.20 0.47

There is also a clear spatial pattern by postal area in the median share of potential public
transport trips by user (Figure 31). In most of the postal areas that are along a railway, the
share of potential public transport trips is distinctly higher than in those that are further away
from the railway line. This phenomenon is also visible with the metro line, but not so
distinctively than with the train. Thus, it reasonable to assume that the “outside users” chain
their bike-sharing trips more often to a public transport trip than the “inside users”, who have
their home location within the system area. The chaining pattern is stronger if the user lives

close to a train or metro station.

Another major difference between the groups is in the weekly emphasis of use. The “outside
users” take their trips much often during weekdays compared to the “inside users”, whose
use in weekdays and weekends is more equal. When the share of weekdays is normalized,
the “inside users” make in median 1.2 weekday trips for every one weekend trip while the
ratio for “outside users” is 2.0 weekday trips for every one weekend trip. The “inside users”
also have less distance difference between the realized route distance and the shortest route

distance implying that they take more often the shortest route for their trip.
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Figure 31. Bike-sharing users’ potential public transport trip share by postal area. The map shows
the median share of potential public transport trips of all bike-sharing trips by postal area. The
users, who are living close to a train or metro station, have higher shares in general.
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7.4.2. Trip pattern variation by age

Table 13. Descriptive statistics of bike-sharing user groups in Helsinki classified by the age group.

- UserID . Trip count Medi.an trips per day Mediar% trip
Classification % Trip Count| % ) (trips / length of duration
count median subscription days) (min)
Age 10-19 768 2.2 35691 2.7 27 0.15 10.7
Age 20-29 12 634 36.5 553622 41.6 28 0.16 10.9
Age 30-39 11902 34.4 448913 33.7 22 0.13 11.3
Age 40-49 4929 14.2 155701 11.7 16 0.09 11.8
Age 50-59 3225 9.3 103851 7.8 16 0.09 12.2
Age 60-69 1030 3.0 29968 2.2 14 0.08 13.2
Age 70-79 136 0.4 4476 0.3 11 0.06 13.2
. Median distance . .
Median trip | Median trip Median week / difference (realized Potential PT trip per?ent.age
distance (m)| speed (km/h) WeEker.ld use route - shortest _(Depar.ture/.re.turn station in the
ratio immediate vicity of PT hub) (%)
route) (m)
1698 10.0 1.1 71.0 0.33
1888 10.8 1.1 56.3 0.35
1955 10.8 1.4 69.5 0.37
1950 10.4 2.0 89.2 0.35
1981 10.0 2.0 105.2 0.33
2020 9.4 1.9 142.0 0.32
1887 8.8 1.3 156.0 0.22

As shown in the chapter 7.1, users age distribution is tilted towards young adults. Age
directly affects the number of trips likewise, as the older age groups (from the age 40
onwards) have in median lower number of trips per day compared to the younger age groups
(Table 13). The usage patterns of different age groups have some variation too (Table 13 &
Figure 32). Older age groups tend to do a few minutes longer trips in time that are a few
hundred meters longer in distance. Older age groups also have 1 to 2 km/h slower cycling
speeds than younger age groups. Furthermore, the distance difference variable grows by the
age group, implying that younger adults take the shortest route to their trip more frequently.
However, the variation within this distance difference variable is only 100m at largest.

There is also variation in the weekly use emphasis, as the age groups from 40 to 69 make
almost twice as many trips during the weekdays than on the weekend days, whereas the
young age groups from 10 to 29 have almost equal usage between the weekend days and the
weekdays (Table 13 & Figure 32). The users of the age group 30-39 make slightly more

potential public transport trips than the other groups, but the difference is only a minor. Only
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the users is the oldest examined age group 70-79 make clearly less potential public transport
trips than other groups. A one-way ANOVA and Tukey’s post-hoc tests confirm statistically
significant variation (p =< 0.05) between the groups in the above variables (appendix 4). The
post-hoc test also shows that from 40-49 years onwards, there are less statistically significant
variation between the age groups implying that trip patterns do not vary between older age

groups so much.

Age clearly has a big role in individual’s willingness to decide to use shared bikes. However,
the results indicate that age is not very decisive factor in usage patterns. There is variation
between the age groups, but in general, the variation is not major. Moderate variation in trip
speeds, which also affect the trip durations, might be explained by the age-related physical
factors. Slightly longer trips also increase the distance difference, as normal cycling easily
accumulates more additional meters in a longer route compared to a shorter one. The weekly
use emphasis is clearly age dependent, but even that might be explained by the distribution
of people in Helsinki. There are younger population living in the downtown areas, which
means that these people have the bikes readily available throughout the week whereas older

age groups use bikes more on working days when they more likely visit the city center.
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Figure 32. Box plots show the variation of trip count, median trip distance difference, median trip
duration and median trip speed between the age groups.
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7.4.3. Trip pattern variation by gender

Table 14. Descriptive statistics of bike-sharing user groups in Helsinki classified by gender.

UserID Tri ¢ Median trips per day |Median trip
Classification Ser % |Trip Count| % op Cf)un (trips / length of duration
count median o .
subscription days) (min)
Female users 10 556 0.46 | 366315 0.40 21 0.12 12.1
Male users 12 625 0.54 | 547116 0.60 25 0.14 10.4
Median trip | Median trip Median week / ' Median dis'tance Potential PT trip per?entfe\ge
dista d (km /h weekend use |difference (realized route -| (Departure/return station in the
istance (m) | speed (km/h) ratio shortest route) (m) immediate vicity of PT hub) (%)
1999 10.3 1.33 70.5 0.33
1852 11.1 1.33 65.6 0.37

Trip usage pattern variation attributed to gender is quite small. Men are more likely to
become users and they also do more bike-sharing trips than women do, as was shown in the
section 7.1. However, the usage patterns of these two groups do not differ much (Table 14
& Figure 33). Men cycle slightly faster and make slightly shorter trips both in time and in
distance in median. Median weekly emphasis is similar between the gender groups, as is the
route distance difference. Women have a slightly lower share of potential public transport
trips than men, but the difference is only five percentage points. The small variation in all
these variables is nevertheless statistically significant at 0.05 level based on the t-tests, but

the magnitude of the variation is not large in any of the variables (appendix 2).

TRIP COUNT BY GENDER | MEDIAN TRIP DURATION BY GENDER

| |
! ]
Male

POTENTIAL PUBLIC TRANSPORT CHAIN TRIPS

(Departure or retumn station in the immediate vicinity of a metro or train station)

Female

2000

8

g

il
—

Female

number of trips
Median trip duration (s)

8

Female

RIP DISTANCE BY GENDER

Male

MEDIAN T

Gender Gender

5000

4000

]
£

3000

% of all trips

e
T

2000

Median trip distance (m)

o
o

1000

Femal

os Male

Gender Gender

Figure 33. Box plots show the variation of trip count, median trip duration, median trip distance and
the share of potential public transport trips between the gender groups.
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7.4.4. Trip pattern variation by subscription type

Table 15. Descriptive statistics of bike-sharing user groups in Helsinki classified by the subscription
type.

UserlD Tri " Median trips per day | Median trip
Classification ser % Trip Count| % P c?un (trips / length of duration
count median o .
subscription days) (min)
Users subscription type: "Day" 5538 13.6 78 711 5.3 3 3.0 21.0
Users subscription type: "Week" 1614 4.0 42522 2.8 7 1.0 16.6
Users subscription type: "Year 33557 82.4 1375583 | 919 25 0.14 11.0
Median distance . .
. . . . . . Potential PT trip percentage
Median trip distance| Median trip Median week / difference L
) AT/ || et rati T lizzdions (Departure/return station in the
spee eekenduse ratio calized route immediate vicity of PT hub) (%)
shortest route) (m)
2811 8.0 0.8 462.3 0.25
2375 8.9 0.8 275.5 0.31
1892 10.7 1.2 63.9 0.36

Bike-sharing users in Helsinki can choose whether they purchase the daylong, the weeklong
or the yearlong subscription. Based on the data, some usage variables vary considerably by
the subscription choice (Table 15 & Figure 34). One-way ANOVA and the post-hoc tests
confirm that variation is significant (p < 0.05) and that each group has distinguishing usage
patterns (appendix 5). Majority of users opt for the whole season (82,4 %) followed by the
daylong (13,6 %) and the weeklong subscription (4,0 %). In median, the “day users” make
3.0 trips per day, while the “week users” make 1.0 and the “season users” only 0.14 when
proportioned to the duration of their subscription. Still the most striking difference between
the groups arises from the trip characteristics. The median duration of the “day users” is
nearly twice as long, 21 minutes, compared to the “season users” who have 11 minutes.
Likewise, the median trip distance is 2811 meters for the “day users” while the “season
users” have 1892 meters. The median speed of the trip is also almost 3 km/h slower for the
“day users” (8.0km/h vs 10.7km/h). Whereas the “season users” typically take the shortest
route, the distance difference between the realized and the shortest route for the “day users”
Is in median 462 m. With all these four variables, the medians for the “week users” are

between the “day users” and the “season users”.
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Figure 34. Box plots show the variation of median trip duration, median trip distance, median trip
distance difference, and median number of trips per day between the subscription type groups.

The results suggest that especially the “day users” have distinctive usage patterns. Based on
their trip characteristics it can be assumed that many of them take a shared bike often for
leisure trips where the speed or the fastest route are not so important. The “day users” and
the “week users” take relatively more trips on weekends, which supports the assumption of
their trips being often more leisure-oriented. Additional note is that the “day users” also take
the benefit of their short subscription fully and make several trips with the shared bikes
during the purchased day, whereas the “weekly users” let alone the “season users” do not

use the bikes this intensively when compared to their subscription length.
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7.4.5. Trip pattern variation by the activity of use

Table 16. Descriptive statistics of bike-sharing user groups in Helsinki classified by the activity of
use

Medi k
I Gender share % | Median | UserID | Mediantrip | Mediantrip | Median trip edian wee
Classification ) . . / weekend use
(female/male) | userage | count |duration (min)| distance (m) | speed (km/h) ratio
Trip count quartile Q1 (1-4 trips) 0.48/0.52 35 9209 1031 2499 9.0 0.60
Trip count quartile Q2 (5-12) 0.49/0.51 33 7812 790 2053 9.9 1.20
Trip count quartile Q3 (13-25) 0.48/0.52 32 7548 687 1901 10.5 1.20
Trip count quartile Q4 (26-54) 0.45/0.55 31 8008 635 1840 10.9 1.24
Trip count quartile Q5 (55-1124) 0.38/0.62 30 8132 592 1823 11.4 1.46
'Median distan.ce Potential PT trip percentage Departure station R e Next departure from Perc'entage ey whlere
difference (realized L . standard . . the first departure station
(Departure/return station in the | standard deviation . earlier return station | )
route - shortest route) e R Gy T B ) ) Ttins) deviation Y is the last return station
(m) B P (hours) P e (%)
285 0.25 0.0 0.0 0.00 0.00
124 0.33 0.9 0.8 0.17 0.10
78 0.36 1.9 1.3 0.19 0.13
53 0.36 3.4 2.2 0.21 0.15
39 0.36 7.4 4.9 0.25 0.20

Usage patterns are also trip count specific as active bike-sharing users differ from their not-
so-active counterparts. These differences occur especially with trip variables that show how
repetitive the bike use is (Table 16 & Figure 35). Almost in all variables apart the potential
public transport trips share, all the activity groups differ from each other as the ANOVA test
and the following Tukey’s post-hoc tests confirm (p< 0.05) (appendix 6). Only the most
active quartiles (Q4 & Q5) are similar in their median distances, median durations and
median distance differences.

Further comparison shows that a positive correlation (Pearson) exists between the user’s trip
count and several variables that imply use repetitiveness (Figure 36). All are statistically
significant (p < 0.05). When the trip count rises, there is relatively more days when the user
has ended to the same station where his first trip of the day was taken (correlation of 0.22).
There are also relatively more chained trips that have departed from the station where the
user’s earlier trip returned within the same calendar day (c= 0.24). Trip count also positively
correlates with the standard deviation of user’s departing stations (c= 0.79) and departing
hours (c= 0.8). The more there are trips the more these trips are taken from one or a few
stations at a certain hour. Furthermore, there is a positive correlation with the user’s trip
count and the user’s median speed (c= 0.3) meaning that the more user makes shared bike
rentals, the faster he or she goes. The relative weekday versus weekend usage ratio also
slightly grows (c=0.12) when the trip count variable grows implying that active users make

relatively more trips during weekdays compared to weekends.

73



The user’s trip count has a negative correlation with the user’s median trip duration (c= -
0.16), the median trip distance (c=-0.12) and the median trip distance difference (c=-0.13)
(Figure 36). All these correlations are statistically significant (p < 0.05). These results show
that active bike-sharing users make shorter and faster trips and they take the shortest route

for their trip more often than those users who have less trips.
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Figure 35. Box plots show the variation of round trips days share, chained trips share, standard
deviation of station usage, and median trip duration between the use activity groups.

Based on these results, it is possible to identify a group of active users, who have different
usage patterns than those who have taken less trips. The most active users are notably more
often men and slightly younger. Especially the ratios of standard deviations of departure time
and departure hour indicate that the active users often have a certain station and hour where
and when they rent their bike. They also drive faster and shorter trips and take the fastest
route more often. When these results are combined with the result of pronounced weekday
use, it is reasonable to assume that many of the most active users use shared bikes in their

daily commuting and that shared bikes have a significant role in their daily mobility.
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8.DISCUSSION

8.1.1. Bike-sharing systems are actively and extensively studied but

study areas are concentrated

The pace of the bike-sharing research has further accelerated in recent years. The results of
the systematic literature review by this study complement literature reviews on bike sharing
by Fishman et al. (2013) and Fishman (2015). Since then, there has been a multitude of
publications on the topic and the research community’s extensive interest towards bike-
sharing has only grown, as over 400 published studies in two years show. These publications
have come from a myriad of scientific fields covering a large range of study topics.

From a research perspective, the surge of bike-sharing studies strongly links to the societal
need for information on how urban mobility is transforming. Another important trend has
been the revolution of mobility data and improved possibilities to access these data sources.
It seems that bike-sharing systems have been in a position where these two trends have
intersected. Bike-sharing systems have spread rapidly to cities and in this way, they have
been very topical for urban planning and policy-making. They have also disrupted existing
urban mobility patterns in a novel way but provided quantities of useful movement data to
study these disruptions. Lastly, these systems have been viewed as an optimal tool to
promote cycling, which has been a high-priority target in many urban areas during the last

decade due to large emission reduction needs.

Findings of my literature review on bike sharing study topics generally agree with earlier
studies (see Fishman et al., 2013; Fishman, 2015). Bike-sharing systems are analyzed from
many perspectives but there is a strong focus on system-wide analyses, bike demand
modelling and rebalancing issues as well as bike usage analyses. Compared to these, impacts
of bike sharing are still a somewhat understudied topic as pointed out by Ricci (2015) and
Médard de Chardon et al. (2017) but clearly there has been more focus on impacts than
before, although earlier studies have not quantified the volume of studies. With some topics
like health impacts and accidents, the research focus seems to be more in overall cycling but

not particularly in bike-sharing cases.

An emerging trend is the rise of China. In 2015, Fishman (2015) noted that while China has
the biggest bike share capacity in the world that was not shown in the research activity.

Based on the results of my literature review, the research community has acknowledged the
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gap and China is now second after USA in a country-level analysis both by the number of
study areas and the published articles. Contrary to the expectations by Fishman (2015), there
is still, however, little research on dockless bike-sharing systems, which have been a topic
that has been expected to emerge to the research agenda. Closely related to the dockless
systems, this study found that only a couple of studies had been able to access and utilize
GPS trip data, which is always recorded by the dockless systems but only rarely by the
dockable bike-sharing systems. The number of studies focusing on dockless systems and
using GPS data will probably increase in the future as these systems become more common.
However, it seems that GPS data are still scarcely available. It is possible that private
companies, which often run dockless bike-sharing systems, are less eager to share the trip

data from their systems than public operators.

The literature review of this work also showed that recent bike-sharing studies are
surprisingly concentrated into a few cities. There can be several explanations to the result
but clearly the availability of bike sharing data has been one explanation. Possibilities to
access relevant data steer study area choices and all the cities where most studies had been
conducted had either shared their trip data fully openly or for research purposes. Openly
available transport data on public transportation and alternative travel modes such as bike
sharing serve research purposes well (Jappinen et al., 2013). On the other hand, bike-sharing
system operators’ unwillingness to share their data hinders comparisons of different systems
(Médard de Chardon et al., 2017). Providing, for example, trip records openly not only
benefits researchers but cities themselves too. Bike sharing data can be used to better
understand cycling dynamics and this way to support planning and policy. The datasets can
also benefit the users, for example, by enabling real-time travel information services.
Clearly, the cities who have been able and willing to share their bike-sharing data, have
benefited from the policy as they have attracted researchers to study their systems and

provide more information on them.

8.1.2. System popularity does not necessarily mean equal use

The bike-sharing system in Helsinki has been popular, even when compared internationally.
During the 2017 season, there was on average six trips per bike made each day, which places
the system high among bike-sharing systems (see Médard de Chardon et al., 2017) although

different systems are not fully comparative due to varying sizes and coverages. Popularity
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of the Helsinki system has echoed in the public discourse, which has been positive in general.
The system has widely been praised as a success (Raninen, 2018).

Despite the active use of bikes, the empirical results of this work show that there is still
considerable room for improvement in how well the system attracts users. The user
demographics skews towards young adults and males, and the representation of these groups
does not match to their demographic share or their share of all cyclists in Helsinki.
Correspondingly, the representation of women and older age groups do not correspond to
their demographic representation. This is a common phenomenon with bike-sharing systems
around the world, as bike-sharing systems tend to attract a certain profile of people (Ricci,
2015; Raux et al., 2017). In fact, the share of women cyclists in Helsinki is slightly higher

than in most other systems where the user demographics have been studied.

Regarding age, the Helsinki system has thus far indisputably been used mostly by young
adults. It is possible that there will be a shift in user demographics in the coming years as
2017 was only the second year when the system was in operation. Typical innovation
diffusion patterns might then explain these patterns. Young people, who in general embrace
new technologies more readily than older members of the population, are more likely to be
early adopters and have higher use in the stage when the system in still relatively new in
Helsinki. Somewhat specific to Helsinki is the representation of bike-sharing users compared
to all cyclists. Contrary to the results by Buck (2013), the bike-sharing users in Helsinki are
a more homogenous group of people than cyclists in general in the city.

The usage rates of the shared bikes vary considerably among the users. A relatively small
portion of the users, around 20 %, make around 60 % of the trips, while a typical user only
seldom uses the bikes. This result is in line with previous literature, as similar usage patterns
have also been found elsewhere showing that most users are moderate or irregular users
(Vogel et al., 2014; Fishman, 2015). The distribution of use is nevertheless important to
consider when evaluating the system performance. Following the words of Ricci (2015),
success in trip generation does not mean that bike-sharing system are socially inclusive. To
some extent, high usage rates might hide the fact that the bikes have been a part of daily

mobility only to a limited group of people.

Equality is a central concern in bike-sharing systems. Especially when the system is publicly
funded, the goal should be that the many benefits of bike sharing are distributed equally to

the citizens. Use of bike-sharing systems link to general popularity of cycling in a country.
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It is widely shown that cycling demographics tend to be skewed towards younger male
population in low-level cycling countries, whereas in countries with a mature cycling
culture, cycling is generally seen as a viable transportation option across the population (e.g.
Harms et al., 2014; Aldred et al., 2015). Inevitably, the local cycling culture then affects the

adoption and user distribution of bike sharing.

In Helsinki, however, cycling levels are high compared to other European capitals and
cyclists’ demographic shares resemble the demographic shares of the overall population
(European Cyclist Federation, 2014; Helsinki City Planning Department, 2018). Is it then
surprising that the bike-sharing system in the city has thus far mostly attracted quite narrow
user and especially trip profiles? The coming years will show if the user demographics will
equalize as the system becomes an established part of possible transportation options. It is
nevertheless vital for system managers and urban planners in general, to be aware of who
the users of the system are. Even if the system attracts high use, a surprisingly small and

homogenous group of people might still generate most of it, as has been the case in Helsinki.

8.1.3. Spatiality matters — User’s home area is decisive in bike-sharing

usage

Based on the empirical results of this work, home area has a significant role in shaping usage
patterns of bike sharing. Users that live in an area in Helsinki, which has at least one bike-
sharing station, generate 80 percent of the trips and their usage patterns differ from the other
group. The “inside users’” weekly use emphasis is distinctly more balanced between
weekdays and weekends and they combine bike sharing much less with public transport.
They also drive a little faster and take the shortest route a little more often. These differences
occur even though the demographic profiles of the overall population between the postal
areas inside and outside the system coverage area are similar in Helsinki in terms of age and

gender.

To some extent, the results support Ricci (2015) who states that “the geographical location
of bike sharing stations can be plausibly regarded as a key explanatory factor to the socio-
economic profile of the scheme's users”. This study did not study the economic attributes of
the users due to a lack of suitable data, but this perspective would be important to
acknowledge in later research as economic attributes have been found to be important in
explaining bike-sharing users’ profile elsewhere (Ricci, 2015; Raux et al., 2017). Regarding
the proximity of stations, there is also contrary evidence from Lyon where the local system
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was not strongly related to the user’s postcode (Vogel et al., 2014). The explanation might
be the scale. The differences may not occur so straightforwardly between individual postal
areas but become more visible when the areas are aggregated to dichotomous inside/outside
bike-sharing station coverage area classes. It is also important to notice that while home area
seems to shape usage patterns, it does not guarantee causality as self-selection bias might be
relevant here (Handy et al., 2006). People who are more likely to use bike-sharing might
also be more likely to move to areas where the shared bikes are available or where the urban

form supports short and bikeable travel distances.

Most likely, urban form is indeed important in explaining the results. Shared bikes are easily
available for those who live in their proximity. In the central areas of Helsinki where the
system is located, the population density is higher, which according to Naess (2012), often
implies shorter travel distances. Short travel distances then again, are well suited and typical
for bike-sharing trips. Furthermore, the users who are living outside the system area, might
not have the need to come to the city center of Helsinki every day. According to a recent
unpublished study by Bergroth (2019), the share of population within the inner city of
Helsinki of the total present population in the Finnish capital region only grows from
approximately 22 % to 32 % from night-time to daytime. Outside users” only have the
opportunity to use shared bikes when they need to come to the city center even if they would

like to use these bikes more often.

These findings on the role of spatiality have several implications. Firstly, they are one likely
explanation why the system in Helsinki has been so successful in attracting trips. The station
coverage area of the system in 2017 was mainly in the inner city where the station network
was the densest and the population density highest. In other words, the typical trip distances
have been ideal for shared bikes. There is evidence that to maximize the system use, a good
policy is to locate most stations in the area of high cultural, social and economic activity
(Ricci, 2015). In Helsinki, the system has been placed exactly in these types of areas. It will
be interesting to see how the realized and planned system expansions to new areas in
Helsinki and Espoo will affect trip patterns as the urban form within the system area becomes
more diverse and the areas that were earlier on the fringe of the station coverage area become

more central.

Secondly, as said, the bike-sharing system in Helsinki will expand to new areas in 2019 with

almost 90 new stations (HSL, 2018b). Based on the results of this work, the expansion is
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reasonable especially from an equity perspective. Despite that, there is little evidence that
expansion would increase bike-sharing systems performance (Médard de Chardon et al.,
2017). In fact, the system performance in terms of the generated trips per bike might even
decrease in Helsinki. This is due to characteristics of the expansion areas that are outside the
city center and have less potential user base and likely longer travel distances than in the
downtown. However, most bike-sharing trips are made by those who have a short access to
their nearest bike-sharing station. After the expansion, more citizens can access the full
benefits of bike sharing in Helsinki. In London for example, the system expansion helped to
reduce inequalities in use (Goodman and Cheshire, 2014). As it seems that the bikes are
indeed mostly used in Helsinki to cover “the last-mile”, the expansion can help to make

cycling a part of daily mobility to a larger group of people.
8.1.4. Active users and day users have distinctive usage patterns

Home area is not the only factor that shapes bike-sharing usage patterns in Helsinki. This
study shows that the user’s subscription type and the use activity also steer how a customer
uses the bikes. Then again, this study found age and gender only to have a minor effect on
usage patterns, but they are more important in explaining whether someone chooses to
become a bike-sharing user in the first place. However, this study did not analyze spatial
structures of trips, which might vary due to gender or age as was shown in London by
Beecham and Wood (2014).

The absolute majority of users were annual subscribers. This is similar to earlier findings
from Hangzhou and New York (Shaheen et al., 2011; Noland et al., 2016). Users with a
daylong subscription make notably longer and slower trips and take relatively more trips on
weekends, which implies that many of them are tourists. This considered, the “day users’”
distinctive patterns are not a surprise as travel motivations of tourists are often different
compared to the resident population. Then again, the users with a long subscription are more
likely to use bike on weekdays, which is in line with the results of Zhou (2015) from

Chicago.

The segmentation of the users into activity quantiles by their total trip count also uncovered
some interesting mobility patterns. Like “day users”, the most active users have distinctive
usage patterns. For example, the most active users seem to do more trip chaining and depart
more from certain stations at certain hours. These results imply that bike sharing plays a
major role in the daily mobility of the most active user quantile and that these users often
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have daily recurring patterns of use. It is likely that many of them are using shared bikes for
daily commuting. Not so surprisingly, the share of men and young adults is clearly higher in
the most active user quantile. Vogel et al. (2014) found similar demographic patterns with
bike-sharing in Lyon and these patterns of active use linked to masculinity are also common
in general cycling studies. While this study provided a view into trip patterns of different
user groups based on the trip data, it did not look into motivations. There is still a need to

study motivations of different activity groups to choose or not to choose shared bikes.

This study neither analyzed the spatial variation of trips by different user groups nor created
activity spaces for users. Noland et al. (2016) found differences in the spatial location of
casual users and subscribers in New York where the trips by casual users were less likely to
be generated in residential areas. In general, spatial patterns and areal coverage of trips by
different user groups are promising avenues for further research. Precise location data is
likely to become increasingly available as more GPS trackers are integrated to dockable
systems while dockless systems, which rely on location tracking, become more common. In
Helsinki, the evolution of spatial trip patterns is especially interesting once the system

expands in 2019.

8.1.5. Bike sharing both complements and replaces public transport in
Helsinki

The bike-sharing system in Helsinki seems to be both replacing and extending public
transport. On the one hand, the stations near the metro and the train stations have been the
most popular departure and return stations. Moreover, there is indication that in postal areas,
which are outside the system area but close to a metro or a train station, have more users
than in areas that are both outside the system area and further away from the train and metro
connections. On the other hand, the user survey shows that beside walking, most people have
replaced tram and bus trips (HSL, 2017). The bike sharing users in Helsinki are mainly from
the downtown area. This means they probably have less need to integrate bike-sharing trips
and public transport, as their travel distances are usually short. The short median distance
and median duration of bike-sharing trips in Helsinki clearly supports this assumption. The
users who come from outside the station coverage area integrate public transport and bike
sharing more. For many of them, the bike sharing is probably an important part of the daily
commuting as they use shared bikes relatively more on weekdays. Their use of stations close

to public transport hubs is also time-sensitive peaking in the morning and in the afternoon.
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These results are well in line with earlier findings. Higher rental activity near public transport
hubs has been found for example in Paris and London (Nair et al., 2012; Goodman and
Cheshire, 2014). Similarly, elsewhere the majority of users have been found to be mostly
replacing walking and public transport journeys with bike sharing (Fishman, 2015). In
Dublin and Montreal, similar to Helsinki, the bike sharing users were found to integrate
metro and train more than bus (Bachand-Marleau et al., 2012; Murphy and Usher, 2015).
Taken together, the findings of this work go along with Shaheen et al. (2011) and Raux et
al. (2017) who state from the context of Hangzhou and Lyon that bike sharing acts both as a
competitor and a complement to the existing public transit system. It seems that this
conclusion applies to the relationship of public transport and most bike-sharing systems.

Despite the indicative results, the bike-sharing OD trip data, still has a limited ability to
provide information on the integration of public transport and bike sharing. Based on the
rental information and users’ home area it is possible to make conclusions about probable
integration of bike sharing and public transport by the certain user groups. However, a
further analysis on the synergy between the two modes would require either user-level public
transport and bike-sharing journey data integration or in-depth interviews. In Helsinki, where
the shared bikes are rented with a smart travel card, which is also used to access local public

transport, integration of journey data would actually be possible.

8.1.6. Origin-Destination trip data on bike sharing is a useful but limited

data source

The bike sharing data that was used in this work was an origin-destination (OD) type of trip
data where the basic user information was integrated. The systematic literature review in this
study showed that this has also been the most common data type in the bike-sharing relevant
studies during the recent years. For the purposes of this study, the OD trip data on bike-
sharing provided a great deal of useful information on users’ trip patterns in Helsinki. It was
possible to extract recurring patterns of daily mobility from the data. Beside the station-
centric analyses to uncover rental patterns and help bike rebalancing, the empirical findings
of this work show that the OD data is also useful for user-centric analyses. User-centric
perspective was suggested first by Vogel et al. (2014). Trip data sheds new light into cycling

dynamics in Helsinki where earlier studies have mostly been surveys.

OD trip data has its inevitable limitations, which was also discussed by Romanillos (2016).
First, the data does not contain route information. In this study, the minor difference between
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the shortest and the realized route showed that it is valid to assume that the users mostly take
the shortest path. Accurate GPS data would nevertheless allow studying the route
preferences, for example, whether the users prefer the cycle path even when it is a slightly
longer choice. The next-generation dockable bike-sharing system as well as dockless
systems can potentially provide more this type of information in the future. Secondly, the
OD-data only contains the trips that were made. It does not allow studying those situations
when the user has come to a full station and opted for another transport mode due to a lack
of shared bikes or went to another station. Thirdly, OD-data is very limited in its ability to
explain user behavior. Mostly, it is not possible to answer why users have certain usage
patterns. More work is needed on this front on how to enrich raw trip data with meaningful
explanatory variables (Romanillos et al., 2016). Lastly, OD-trip data is often messy in its
raw format and needs specific processing techniques due to its size. Extracting insights from
the data needs a certain level of technical expertise as well as availability of sufficient

computational power, which are not necessarily always available.

From the broader cycling perspective, OD-trip data on bike sharing is a useful addition to
the existing cycling data sources. The main benefit is its scale. In Helsinki, the trip data from
2017 contained around 1.5 million trips and in bigger cities, the trip record sizes are
manifold. Bike-sharing data also gives a more representative view on cycling compared for
example to sports application data that are often strongly skewed towards certain
demographic groups (see e.g. Tarnanen et al., 2017). Due to the mentioned limitations, OD-
data on bike sharing is not fit for every research purpose on cycling or on bike sharing, nor
is any other type of existing cycling data source. While none of these data sources alone can
provide comprehensive knowledge on cycling, novel and broad-scale datasets, for example
from bike sharing and sports applications, have increasingly helped to fill cycling related
information gaps. They can provide a better understanding of cycling dynamics, which is

crucial to the efforts to raise the popularity of this mode of travel in urban areas.

8.1.7. Future directions for bike-sharing planning and research

Concluding from the high use rates and the upcoming expansion, bike sharing has come to
stay in Helsinki. Young adults have embraced the system well as this study has shown. This
bodes well for a gradual change of urban mobility in Helsinki towards more sustainable
direction. However, to contribute better to the city’s cycling policy target to increase the

modal share of cycling to 15 % by 2020 (see Helsinki City Planning Department, 2017), it
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Is important that the system attracts users across a wider range of age and gender groups.
Hence, it is important to promote bike sharing and cycling especially among under-
represented groups. Following the argument of Aldred et al. (2015), urban planners and
policy-makers in general need to consider needs and preferences of under-represented
groups separately and not see cyclists only as one homogenous group. Research can
contribute to this need and still deeper explore different typologies and preferences of bike-

sharing users as has been suggested for example by Ricci (2015).

From the socio-political perspective, bike-sharing systems might also have some indirect
effects that have received less attention. First, bike sharing might improve and normalize the
public image of cycling. Evidence shows that bike-sharing users who are commonly cycling
in normal clothing and without helmets, might reduce perceptions that cycling is only for
“sporty people” (Fishman et al., 2013; Goodman et al., 2014). This way bike sharing not
only directly but also indirectly might increase cycling. Secondly, positive visibility of the
Helsinki bike-sharing system in the public discourse and the high use rates might increase
pressure for politicians to raise investments to the system and to the cycling infrastructure in
the city. This study did not delve into these potential impacts. Further research is needed to
study whether evidence supports these hypotheses that bike sharing indirectly has

contributed to the popularity and promotion of cycling in Helsinki.

In all, bike sharing has changed mobility patterns in urban areas around the world. The
concept has especially seen rapid expansion into western cities. The pace of development is
unlikely to cease as technological advancements have enabled innovations such as dockless
and electronic bike-sharing systems to become increasingly available and viable options in
cities. With these developments, the bike-sharing concept has still an increasing potential to
contribute to aspirations to make cities more sustainable. Impacts, which bike-sharing
systems have, can nevertheless range from significantly positive to nearly negative or
minimal depending on the perspective. In this, research has a fundamental role to keep up
with the rapidly changing landscape and provide comparable and justifiable tools to assess
different kinds of bike-sharing systems as concluded by Fishman (2015). Only with
knowledge-based policy, can cities harness bike-sharing effectively and further promote

cycling with these systems.
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APPENDICES

Appendix 1

The complete table of user variables and their explanations in the bike sharing dataset

departure_station1_nunique

return_station1_nunique

dep_Ret_Count_ratio

duration_mean

duration_median

speed_mean

speed_median
distance_mean

distance_median

DayOfTheYear_nunique

month
diff_mean
diff_median

loop_count

depHour_nunique

number of unique

number of unique

ratio

mean

median

mean

median
mean

median

number of unique

number of unique

mean
median

count

number of unique

Variable name Value type Explanation

id count User ID

formula text User subscription type (day, week, year)

hsl_age absolute value User's age

hsl_gender binary User's gender

hsl_postal_code text User's home postal area code

hsl_region text User's home postal area name

hsl_city text User's home city

hsl_country text User's home country

- . Binary value to indicate if the user lives in a postal area, where

insideArea binary . X ; .
there is at least one bicycle sharing station

trip_count count Count of user's trips

Number of unique departure stations

Number of unique return stations

Ratio between the number of unique departure and return stations

Mean duration of the trip (s)

Median duration of the trip (s)

Mean speed of the trip (km/h)

Median speed of the trip (km/h)
Mean distance of the trip (m)

Median distance of the trip (m)
Number of unique usage days

Number of unique user months

Mean difference beween the shortest routes and the realized
routes

Median difference beween the shortest routes and the realized
routes

Count of trips where the departure station and the return station of
the trip have been the same

Number of unique departure hours
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Variable name

Value type

Explanation

retHour_nunique
dep_ret_hour_ratio
depStatSTD
depStatSTD_ALL
depStatSTD

depStatSTD_ALL

PT_dep_count

PT_ret _count

PT_trip_count

dep_PT_pros

ret_PT_pros

PT_trip_pros

depStartFromRet_count

nearDepStartFromRet_count

depStartFromRet_ratio

nearDepStartFromRet_ratio

Days_RetToStartDep_ratio

Days_NearRetToStartDep_ratio

loop_ratio
userDayCount

userDayRatio
tripsPerDay
weekdayTripCount

weekendTripCount
week_weekend_absRatio

week_weekend_relaRatio

number of unique
ratio

standard deviation
standard deviation
standard deviation

standard deviation

count

count

count

ratio

ratio

ratio

count

count

ratio

ratio

ratio
ratio

ratio

count

ratio
ratio
count
count
ratio

ratio

Number of unique return hours

Ratio between unique departure and return hours

Standard deviation of departures by station (only the stations used included)
Standard deviation of departures by station (all the stations included)
Standard deviation of departures by hour (only the stations used included

Standard deviation of departures by hour (all the stations included)

Count of potential public transport departures (the departure station of the trip in the
immediate vicinity of a metro or train station)

Count of potential public transport return (the return station of the trip in the
immediate vicinity of a metro or train station)

Count of potential public transport trips (the departure or the return station of the trip
in the immediate vicinity of a metro or train station)

Ratio of potential public transport departures from all user's trips (the departure
station of the trip in the immediate vicinity of a metro or train station)

Ratio of potential public transport return from all user's trips (the return station of the
trip in the immediate vicinity of a metro or train station)

Ratio of potential public transport trips from all user's trips (the departure station or
the return station of the trip in the immediate vicinity of a metro or train station)
Count of trips where the departure station has been the same as the return station of
the earlier trip and both have been taken on the same calendar day

Count of trips where the departure station has been the same or maximum 500m
away from the return station of the earlier trip and both have been taken on the
same calendar day

Ratio of trips where the departure station has been the same as the return station of
the earlier trip and both have been taken on the same calendar day

Ratio of trips where the departure station has been the same or maximum 500m
away from the return station of the earlier trip and both have been taken on the
same calendar day

Ratio of days where the day's first departure station has been the same as the return
station of the day's last trip

Ratio of days where the day's first departure station has been the same or maximum
500m away from the return station of the day's last trip

Ratio of trips that have been loops (i.e. trip has the same departure and return
station)

Count of unique user days

Ratio of user days against all days during the operable season
The number of trips per day by user compared to the season length
Count of user's weekday trips

Count of user's weekend trips

Absolute ratio of weekday trips to weekend trips

Relative ratio of weekday trips to weekend trips (the share of weekdays and
weekend days normalized)
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Appendix 2.

Full t-test results for gender analyses.

1= Male, 2=Female

Group Statistics

St Error
genderMumeric [+l Mean Std. Deviation Mean
hsl_age 1 12620 35,010 10,8936 0970
2 10556 34,387 11,1514 1085
trip_count 1 12620 4334 51,219 A58
2 10556 34,70 40,545 ,395
duration_median 1 12620 754,906 811,74492 7,2258
2 10556 851,079 794 6462 7,7344
speed_median 1 12620  10,94439470  2,099514601 0186891358
2 10556 1014952362 1,8493492500 0180002858
distance_median 1 12620 2082570 12680014 11,2873
2 10556 2223183 121517490 11,8274
diff_median 1 12620 226,5486388 1003,319376 8,931193880
2 10556 224 7492282 9025562407 8,784652423
DaydfTheYear_nunigue 1 12620 2516 24 560 2149
2 10556 2110 20,91 204
week_weekend_relaRati 1 12620 4 723497262 1281233113 1140508370
¢ 2 10556 4 446411645 11,48682942 1118022338
FT_trip_pros 1 12620 408907217 2830241586 0026083973
P 10556 3857437037 2813677218 0028359055
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Independent Samples Test

Levene's Test for Equality of

Variances t+test for Equality of Means
95% Confidence Interval of the
Mean Stdl, Error Difference
F Sig. 1 df Sig. (2-tailed) Difference Difference Lower Upper

hsl_age Equal variances 572,508 ,oon 17,346 34620 Jooa 2,2032 1270 1,89543 24522
assumed

Equal variances not 16,521 18177391 Jooa 2,2032 1334 1,9418 24646
assumed

trip_count Equal variances 833,699 000 -33,659 34620 Jooa -17,899 xh -18,941 -16,856
assumed

Equal variances not -37,606 26681988 Jooa -17,899 A6 -18,832 -16,966
assumed

duration_median Edqual variances 684,105 ooo 17,566 34620 Jooo 188,2188 10,7151 167, 2168 208,2204
assumed

Equal variances not 13,719 12812780 Jooo 188,2188 1371492 161,3272 2151106
assumed

speed_median Equal variances 572,886 ,oon -34,168 34620 Jooa - B16100138 023B884A954 - BE28145904 - TE92B5375
assumed

Equal variances not -31,468 16945218 Jooa - B16100138 0258343448 - BEEA34A2 - TBE266127
assumed

distance_median Equal variances 173,387 000 3,751 34620 Jooa 57,2523 152624 27,3374 87,1672
assumed

Equal variances not 3,264 15206563 oot 57,2523 17,5431 22,8656 91,6380
assumed

diff_median Edqual variances 682,201 ooo 17,620 34620 Jooo 2141762332 1215486135 190,3521214 238,0003451
assumed

Equal variances not 13,967 13085727 Jooo 2141762332 1533425044 184 11887445 244 23355920
assumed

DayOfTheYear_nunigue Equal variances 787,490 oo -39.541 34620 ,ooo -10,348 262 -10,861 -9,835
assumed

Equal variances not -43,485  25RR0,382 Jooa -10,348 238 -10,814 -9,882
assumed

weelk_weekend_relaRati Equal variances 3934221 ,ooo 42,300 34620 Jooa 5738662908 1356642646 5472756623 6,004569193
1} assumed

Equal variances not 31,066 11822614 Jooa 5,738662908 1847233359 5,376574753 6100751063
assumed

PT_trip_pros Equal variances 1342554 ,0oo 50,964 34620 Jooa 1682397282 0033011790 617693122 747101443
assumed

Equal variances not 46,745 16807 097 Jooo 1682397282 00359581003 611851132 1752543433

assumed
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Appendix 3.

Full t-test results for home area analyses.
0 = Users living outside station coverage area

1 = Users living inside station coverage area

Group Statistics

Std. Error
insideArea M Mean Stil. Deviation Mean
hsl_age 0 10603 36,326 11,8443 151
1 24019 34123 10,4443 0674
trip_count 0 10603 26,06 36,598 355
1 24018 43,98 43,060 T
duration_median 0 10603 961,888 13458007 13,0698
1 24019 773669 G646, 4162 417048
speed_median 0 10603 9920536447 2353546814 0228603174
1 24019 1074603659  1,898092861 01224728498
distance_median 0 10603 2214, 368 16428004 15,9540
1 24019 2157116 1130,7296 7,2958
diff_median 0 10603 403,0419680 1495896382 1452737446
1 24019 188,8657358 760, 7423126 4908627898
DayOfTheYear_nunigque 0 10603 1557 18,635 RE
1 24018 2591 23,835 154
week_weekend_relaRati 0 10603 3519552013 18,50335533 JAT96950476
. 1 24019 2780889105 6,634186597 0428065494
PT_trip_pros 0 10603 5158485791 3274668983 0031801897
1 24018 3476068508 2611741861 0016852052
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Independent Samples Test

Levene's Test for Equality of

Yariances ttest for Equality of Means
95% Confidence Interval of the
Mean Stl. Error Difference
F Sig. t df Sig. (2-tailed) Difference Difference Lower Upper

hsl_age Equal variances 18,766 ,oon 4,292 23174 .aoa G234 1452 3387 5081
assumed

Equal variances not 4283 22264728 0oo 6234 1455 3381 9086
assumed

trip_count Equal variances 313,860 000 14,031 23174 ooa 8635 615 7429 9842
assumed

Equal variances not 14,321 23105230 000 8,635 603 7,454 9817
assumed

duration_median Equal variances 1,190 275 -9,068 23174 .aoa -96,173 10,6047 -116,9580 -75,3872
assumed

Equal variances not -9086 22612452 0oo -86173 10,5848 -116,9187 -75 4266
assumed

speed_median Equal variances 110,028 000 30,291 23174 ,ooa 794871083 0262411484 7434366509 8463054752
assumed

Equal variances not 30,633 23112143 .aoa 794871083 0258479111 7440114484 BAETI0TITE
assumed

distance_median Equal variances 2,297 130 -8,568 23174 0oo -140,6127 16,4111 -172,77845 -108,4459
assumed

Equal variances not -8,601  22751,233 ooa -140,6127 16,3490 -172,6580 -108,5675
assumed

diff_median Equal variances 380 Rk 142 23174 8a7 1,798410613 1264562711 -22, 9868577 2658567888
assumed

Equal variances not 44 23051788 BBE 1,798410613 12 52742368 -22 75517749 26,353099512
assumed

DayOfTheYear_nunigue Equal variances 274,085 ooo 13,379 23174 0oo 4,054 303 3,460 4 647
assumed

Equal variances not 13,571 23166746 ,ooa 4,054 289 3,468 4,639
assumed

weelk_weekend_relaRati Equal variances 10,738 001 1,718 23174 0BE 2770856171 B12649364 -,039004359 5931755035
[i} assumed

Equal variances not 1,735 23062811 083 2770856171 1597101528 - 035556959 5901281534
assumed

PT_trip_pros Equal variances 2,280 131 6,009 23174 ooa 0231635880 0038550091 0156075144 0307196616
assumed

Equal variances not 6,012 22489185 ,0oa 0231635880 0038530633 0156113165 0307158595

assumed
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Appendix 4.

Full t-test results for age group analyses.

Age groups = 10-19,20-29,30-39,40-49,50-59,60-69, 70-79

ANOVA
Sum of
Squares df Mean Square F Sig.
trip_count Between Groups a73062100 i} 145510 350 68 535 Jooo
Within Groups 73452702,41 34615 2123146
Total T4365764,51 34621
tripsParDay Between Groups 28508 i} 4 751 68535 Jooo
Within Groups 23499 762 34615 RiEe]
Total 2428270 34621
duration_median Between Groups 253320788,3 i3 4222013138 49 871 .ooo
Within Groups 2 H25E+10 34815 844884 277
Total 2 850E+10 34621
speed_median Between Groups 5110588 i} 851 765 203,244 Jooo
Within Groups 145065919 34615 4191
Total 150176507 34621
distance_median Between Groups 303406560,3 i} 50567760,05 29 647 Jooo
Within Groups 5804E+10 34615 1705662 681
Total 58934E+10 34621
diff_median Between Groups 3379653986 6 5632756643 51823 000
Within Groups 3 T7B2E+10 34815 1086913937
Total 3,796E+10 34621
PT_trip_pros Between Groups 4842 i} 824 9573 Jooo
Within Groups 2978 477 34615 086
Total 2983 419 34621
week_weekend_relaRati Between Groups 114132480 G 19022082 136,748 ,aoo
. Within Groups 4815052 888 34615 139,103
Total 4929185377 34621
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Multiple Comparisons

Tukey HSD Tukey HSD

Tukey HSD

Tukey HSD

95% Confidence Interval Interval Interval
Mean Difference Upper Lower | Upper Lower | Upper
&) Std.Error | Sig. |LowerBound| Bound Std. Error | Sig. Bound | Bound std. Error | Sig. Std. Error | Sig. Bound | Bound
2719 1715 0.691 -2.336 7775 1544255 34203 0.000 0076]  0000[ -1140[ -0691

13886 125,8601° 0,004 ¥ 226,885 -L1%0| 0740
20227 14.455)
19.798 41.308
23926 -0.680
26.269 0.032| -516.854 -12.485
2336 0000| -255273| 53578
7838 0185 -63.185|  6.054 -0.049]
14513 15436  0.000| -185.485 -94.456 92707324’
14.209 18134  0000| -275520| -168582 92806251’
19.127 29785|  0.000| -381.233 -205.501
22621 79242 0.000| -652.739| -185.451
-3.757 34263| 0004 -226885| -24835
-4.367 11741 0.185] -6.054) 63.185
8430 15569  0.000| -157311| -65500
3 8213 18247|  0.000| -247.288| -139.683
210( 13035 20854 0000| -352871 -176822

79.268 0000 -624.250| -156.809

111,4052°| 15569 0.000| 65500 157.311
20818 0.002| -143462| -20.698
-246.292

-514.705
-14,337'|
11,618] 0.000| 168582| 275520 0000  -0.949
5,516 0000| 139.683| 247.288 0000  -0.999
0613] U.M’W 0.000|  -0.557,
3107 71361 32898| 0312 -168359 25638 0000 0347
0710 -197044| 80463  0178| -434290| 40202 0000[  0.79|
17,444’ 43855  0026| 9680 268292 0.000|  -0.765|
14,725 29785|  0.000| 205591 381233 0000 -1588

0000/  -1638

0000| 176.822| 352871

622
2494 1579 0041 0012 0000 60590| 246.292 0000[  -1.190|
-3.107 1.649| -0.046 0.010 = £ 0.312] -25.638| 168.359 0.000 -0.779
3817|4204 0093|0049 y X n.74€’ 372.947| 121580 0001| 0211

3627|  4288) 0025 26269 -0.150|  -0.006 12.485| 516854 0000  -1.800
10908 3972 0087 22621 0023|  0087| -0120| 0005 ' : X 185.451| 652739 0000 2674
4806|3974 0891 16522 0023| 0801 -0.004| 0039 156.809| 624.250 0000 2724
1323| 4005|1000 10486 0023| 1000 -0.060| 0075 0009 43544 514705 0000[ 2270
0710  4034|  1.000 11183 0023| 1000 -0064| 0072 197044| 80.463| 0178 -40202| 434290 0000[  -1853]
3817| 4204|0071 8579 0024  0071| -0.049| 0093 83861  0.746| -121580| 372.947 0001  -1312]

-35.609| 48,598 0.990| 178989  107.591 38.794 0.000[  90206| 318974 0.011; 1.000[  -0.030 0.034 0.439| 0.906|  -1.807 0.781

139.180|  48683|  0.064|  -282.721 4361 7| ssse2|  0.000| 67.886| 297.056 oo11| oso1l -0048] 0017 3519 0926
2145548 50722 -364.109 -65.000 607 40490  0653| 52779 185.992 0053 0014 6473|3772
2902856 -445063|  -135.508 41904|  0879| -175.466| 71643 0047 0023 0474| 0000 -6.400|  -3605
366,819 550536  -183.087 49741  0056| 291337 1988 0,027, 0563 0000 -6.447| 3120
225991 584307| 132325 97010  0.144| 532784 39283 | 0027| X 0022 1007|  0999| -3739| 2733

0438| 0906 -0781] 1807
0.151 0.000 -2.154] -1.266
0198| 0000 -5104| 4026
0233 0000 -5176| -3.804
| 0382| o0o000| -5403] -3.149
1017|  1000] -2988)  3.008
0440 0000 0926| 3519
0151 0000 1266 2154
0200 0000 -34%0| 2312
0234 0000 -3470| 2090
0383 0000 3695 -1437

-0.034;
0.004] 0000/ -0029|  -0.007
0005| 0000 -0037| -0.007
0006  0180[  -0.031] 0.003
u,m£| 0847/  -0016 0.040
0.025! 0.001; 0.026. 0.175
0.011; 0801  -0017 0.048
0.004| 0.000: 0.007. 0.029
0.005! 0.974| 0019 0.010
0.006; 0997/  -0.014 0.021
0.010; 0.027. 0.002. 0.058

38.794)  0.000| -318.974| -90.206
13.317| 0.642 -61.385 17.147
17508|  0.000| -189.606| -86.359
20568 0.000( -317.147| -195.855
33783  0.000| -448.873| -249.655
80878)  0.000| -716.345| -186.336
0000 -297.056| -67.886
0642| 17147 61385
0000| -167.981| -63.797
0.000| -295.406|
352.702|  -102.563 ' . 0.000| 426985

35699| 48598 0990  -107.591  178.989
-1034807|  16.683]
17885587  21.933
-254,5866 | 25.766)
3311120  42320|
190292 112501
139180  48.683]
103,4807 | 16.683|
753751 22121
-151,10587  25.927
-2276322" 42418

-86.812|  112.627| -418893| 245270 | . 0,000 -694.312 0.025. 0.000: 0.044] 0.193 1.017| 0622 1279 4718
2145548 50722 0.000 65.000)  364.109 | 404%0|  0653| -185.992| 52779 0.011; 0503 0014 0.053 0.458| 0.000| 3.772| 6473
1788558 | 21933 0.000| 114187 243525 0000  86.359| 189.606 0005 0.000 0.007. 0.037 0.198| 0.000| 4.026| 5194

7537517 22.121] 0.012. 10150  140.600 0000 63797 167.931 0.005; 0974/  -0010 0.019 0.200| 0.000| 2312 3.490

0267| 0999 -0667| 0908
0857,
| 1507
0474| 0000|3605 6400

0.000| -188.139| -48.897
0.000| -316595| -105.967 N 0.010! 0.005!
0010 -580559| -46.156 ‘ 48

75731 29579 0.138| -162.945| 11484 0.007, 0.012:
1522571 44.744] 0.012. -284.185 -20.330

11437 113.524] 1.000| -346.161| 323288

2902856 | 52494 0.000| 135508  445.063 0879| -71643| 175.466 -0.023;
2545866  25.766 0.000| 178615 330558 0000| 195.855| 317.147 0.006! 0.180|  -0.003 0.031 0.233| 0.000| 3.804 5176
1511058 25927 0.000| 74661 227551 0.000| 173358| 295.406 0.006; 0.997|  -0.021 0.014 0.234] 0.000| 2.090) 3470
75731 29579 0.138. -11.484) 162945 0000| 48.897| 188.139 0.007, 0902| 0027 0.012 0.267| 0999  -0.908 0.667
76526  46.743] 0.658| -214.347 61294 0.164| -202781 17.255 0.010; 0.147|  -0.004 0.058 0.422| 0999  -1031 1.459.
64294 114326 0.998| 272796 401.385 0332 -463.929| 74.251 0.026. 0.000! 0.039. 0.191 1.032] 0.000| 1455 7544
3668119 62311 0.000| 183087  550.536 0056|  -1988 291.337 0.014; 0.027 0.563| 0.000| 3.129) 6.447
3311129 42320 0000 206.332|  455.803 000| 249.655| 448.873 0.010; 0.016 0.382| 0.000| 3.149) 5403
2276322 42418 0.000| 102563  352.702 0000| 227.306| 426.985 0.010; 0.027, -0.002 0.383| 0.000| 1.437| 3695
1522671°| 44744 0.012. 20.330| 284185 0.000( 105.96 0.010; 0.011; -0.005 0.404| 0982  -1526 0.857
76526 46743 0.658| -61.204| 214347 0.164| -17.255 £ 0.010; 0.147, 0.004

140821| 119154 0901  -210504| 492145 0936| -382528| 178376 0027 0017

225991| 121525 0507 132325 584307 0.144] -as.n_alm | 0027|0003 0183

190292 112501 0623 . 522.265 0000| 186336| 716:345 0025|0001 -0475| 1.017| -3.008
86812 112627| 0988 418893 0000| 164.130| 694312 ‘| 0025| oo00| 0193 1017 4718
11.437| 113524 1.000] 346161 0.010] 46,15‘5‘% ‘W’W’W" 0000|  -7.643
64204 114326 0998 272.796 194839 0332| 74251 463.929 | 00| o0o00| 0101 0039 1032|  oo000| 7544

-140821| 119154 0901  -492.145| 210504 102,076 0936| -178376| 382528 0027| 0017|0167 -0.009 1076| 0001 7458




Appendix 5.

Full t-test results for subscription type analyses.

Subscription type groups: 1 = Day subscription, 2 = Week subscription, 3 = Year subscription

ANOVA
Sum of
Squares df Mean Square F Sig.
trip_count Between Groups 7368702820 2 3675851 460 2004633 .0oo
Within Groups 747225934 08 40706 1835674
Total B20B82637,00 40708
tripsPerDay Between Groups 240,317 2 120158 2004633 ooo
Within Groups 2439933 40706 060
Total 2680,245 40708
duration_rmedian Between Groups 1123E+10 2 S613927076  4126,240 ooo
Within Groups 5,538E+10 40706 1360543180
Total 6,661E+10 40708
speed_median Between Groups 37334194 2 18667,097 4205124 ooo
Within Groups 180699 266 40706 4439
Total 21B033 459 40708
distance_median Between Groups 1,31TE+10 2 6585960187 2859693 ooo
Within Groups 9,375E+10 40706 2303030859
Total 1,069E+11 40708
week_weekend_relaRati Between Groups 4724 898 2 2362 449 184,713 000
? Within Groups 520624 428 40706 12,7590
Total 525340 326 40708
diff_median Between Groups 1,138E+10 2 5696660133 3004779 000
Within Groups 7,493E+10 40706 18407321490
Total 8,632E+10 40708
PT_trip_pros Between Groups 13,631 2 6,816 74,555 .ooo
Within Groups ar21,291 40706 091
Total 3734922 40708
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Multiple Comparisons

Tukey HSD
sz?eme " 95% Confidence Interval
Dependent Variable () MumericFormula  (J) NumericFormula J) Stdl. Error Sig. LowerBound ~ Upper Bound
trip_count 1 2 -5,106! 1,212 ,0oo -7,95 =227
3 -36,406 621 000 37,86 34,95
2 1 5,105! 1,212 ,ooo 2,27 7,95
3 -31,300" 1,092 ,0oo -33,86 -28.74
3 1 36,405 621 000 3495 37,86
2 31,300! 1,092 ,0oo 28,74 33,88
tripsPerDay 1 2 029176205 0069254055 000 -,045407877  -,012944533
3 —‘208034827! 0035510130 ,ooo - 216357643 -199712011
2 1 029176205 0069254055 ,0oo 0120445330 0454078768
3 -‘1T8358522x 0062389101 000 -,193481295 -164235549
3 1 ‘20803482? 0035510130 ,0oo 1887120107 2163576435
2 ‘17885852? 0062389101 000 1642359491 1934812954
duration_median 1 2 999,2290’ 32,9945 ,ooo §21,897 1076561
3 1526,5815 16,9180 000 1486,929 1566,234
2 1 9992250 32,5945 000 -1076,561 521,897
J 527,3526x 20,7238 ,0oo 457 686 597,019
3 1 -1526,5815 16,3180 000 -1566,234 1486929
2 —527,3526! 20,7239 ,0oo -597,019 -457 686
speed_median 1 2 - BO5251626 05958983850 000 -1,034453752 - T55565736
3 -2,58452388x 03055591696 000 -2, 75614805 -2,61289871
2 1 ‘895251625 0595883850 000 71555657363 1,034937517
3 -1,7892722{ 0536905693 000 -1,91511149 -1,66343303
4 1 2,68452383’ 0305501696 ,0oo 2,612800714 2,756148052
2 1,78927226" 0536905693 000 1,663433025 1,915111488
distance_median 1 2 9817839 42,8275 000 881,171 1082,387
J 1646,3063x 22,0111 000 1594,717 1697 BOE
2 1 -981,7839" 42,9275 000 -1082,397 881 171
3 664,5224! 386722 ,0oo 573,883 785162
3 1 -1646,3063" 22,0111 000 -1697,896 -1594 717
2 6645224 38,6722 000 755162 573,883
week_weekend_relaRati 1 2 0884218187 011622706 i - 148680944 3255245838
o J -‘8T4352630X 0518711201 ,0oo -, 895927461 - 7527777499
2 1 -,088421820 011622706 JBET -,325524584 1486809444
3 -BEZT?‘MSUX 0911343470 000 -1,17637390 -, 749174998
4 1 ‘8743525301 0818711201 ,ooo JTB27T77094 JH959274612
2 962774450 0911343470 ,0oo 74091748831 1,176373802
difft_median 1 2 995,503599x 3B,377B6542 000 906 6541760 1086,553222
J 1537,1538?! 19,67831338 ,0oo 1491,032105 1583,275635
2 1 -995,503599x 38,37786542 000 -1086,55322 -906,654176
3 540,550171! 3457357848 ,ooo 450 5170849 6215832578
3 1 153715387 19,67831339 000 -1583,27564 -14G81,03210
2 -540,55017( 34 57357848 000 -621,583258 -459 517085
PT_trip_pros 1 2 - 005993834 0085526874 763 -,026039531 0140518625
J -‘049358582! 0043854088 ,0oo - 059637046 -,039080119
2 1 0059938342 0085526974 763 -,014051862 0260395308
3 -‘04335474Bx 0077048932 ,oo0o -,061423373 -,025306124
3 1 ‘049353532x 0043854096 000 ,0350801185 0596370461
2 ‘04336474Bx 0077048832 ,0oo 0253061235 0614233728

* The mean difference is significant atthe 0.05 level



Appendix 6.

Full t-test results for use activity analyses.

Use activity groups (from lowest to highest by trip count quantiles): 1, 2, 3,4, 5

ANOVA
Sum of
Squares df Mean Square F Sig.
duration_median Between Groups 2796894978 4 6992237445 906 484 000
Within Groups 2,670E+10 34617 771357 860
Total 2950E+10 34621
speed_median Between Groups 23360,771 4 5840193 1594 202 oo
Within Groups 126815736 34617 3,663
Total 150176,507 34621
distance_median Between Groups 3468720806 4 8671802014 H3T7,244 oo
Within Groups 5588E+10 34617 16141259591
Total 5934E+10 34621
diff_median Between Groups 2898643718 4 7246609296 715448 ,aoo
Within Groups 3,506E+10 34617 1012879441
Total 3,796E+10 34621
week_weekend_relaRati Eetween Groups 129920,192 4 32480,048 234278 000
e Within Groups 4799265,186 34617 138,639
Total 4928185377 34621
PT_trip_pros Between Groups 2814 4 728 8460 oo
Within Groups 2980,506 34617 086
Total 2983419 34621
DepStatsTD Between Groups 313199585 4 78299896 10335112 000
Within Groups 262262,037 34617 7,576
Total 575461622 34621
DepHourSTD Between Groups 150307240 4 37576,810 8979,024 aoo
Within Groups 144870586 34617 4185
Tatal 295177826 34621
depStantFromRet_ratio Between Groups 44 9458 4 11,237 5509 964 ,0oon
Within Groups 694,679 34617 ,020
Total 739,628 34621
Days_RefToStartDep_rati  Between Groups 72,101 4 18,025 554,493 000
? Within Groups 1125323 34617 033
Total 1197424 34621

105



Tukey HSD
Mean Interval
Difference (- Lower | Upper
Dependent Variable J3) Std. Error| _Sig. Bound | Bound
604,3583" 1471 0000| 564224| 644.492
6917611 1507|  0000| 650658| 732.864
734,7207" 1506 0000 693634| 775.807
773.1762° 1501 0000 732235| 814.117
-604,3583" 1471 0000| -644.492| -564.224
3 1477| 0000 47.103| 127.702
1477| 0000 90.080| 170.645
1471 0000 128684| 208.952
1507|  0000| -732.864| -650.658
1477  0000| -127.702| -47.103
1512 0036 1712 84208
1507| 0000 40312| 122519
1506 0000 -775807| -693.634
1477|0000 -170.645 -90.080
1512  0036| -84208| -1712
1506 0079 2631 79542
1501  0000| -814117| -732.235
1471 0000| -208952| -128.684
1507  0000| -122519| -40.312
1506 0079 -79542| 25631
-1,0780792] 0. EI 0000  -1166]  -0.991
15560035  0.03|  0000|  -1.646|  -1.467
19527485  003|  0000|  -2042| -1863
2,4067603]  003|  0000|  -2496| 2318
1,0780792¢ 003 0.000 0991 1166
47801425  003|  0000|  -0.566|  -0.390
87466926  003|  0000|  -0.962| -0787
13286810  003|  0000[  -1416] -1241
15560035{ 003  0.000 1467 1646
(47801425 003  0.000 0390 0566
39665500  003|  0000|  -0487| -0307
85066683  003|  0000|  -0.940| -0761
1,9527485¢ 003  0.000 1863 2042
187466926 003  0.000 0787| 0962
1396655004 003  0.000 0307| 0487
45401182  003|  0000|  -0544| -0364
2,4067603: 003 0.000 2318 2496
132868104 003  0.000 1241 1416
003  0.000 0761 0940
45401182t 003 0.000 0364 0544
-143085167]  0.20] 0000  -1969| -0.893
1,99715923{ 020/ 0000  -2548|  -1.446
330323189{ 020 0000  -3854| 2752
575524033) 020 0000  -6304| 5206
1430851677  0.20(  0.000 0893 1969
- 020 0034 -1107| -0.026
187238021] 020 0000 2412 -1.332
-4,32438865{ 020 0000  -4862| -3.786
199715023¢  0.20(  0.000 1446 2548
020[ 0034 0026 1107
1,30607265{  0.20| 0000  -1859| -0.753
-3,75808100{  0.20| 0000  -4309|  -3.207
3, 020[  0.000 2752| 3854
1872380217  0.20(  0.000 1332 2412
1306072659  0.20(  0.000 0753 1859
2,45200844{ 020 0000  -3003| -1.901
5755240335  0.20|  0.000 5206  6.304
4,32438865¢  0.20|  0.000 3786 4862
3758081004 020/  0.000 3207| 4309
245200844 020  0.000 1901 3003

Tukey HSD

Dependent Variable

Multiple Comparisons

Interval

Lower

Upper

Mean Difference (-J) | Std. Error | Sig. Bound | Bound
6689953  21.28]  0000| 610938| 727.052
782,7206°|  21.80|  0.000| 723.262| 842180
8235334°| 2179  0.000| 764.099| 882968
849.4604°| 2171  0000| 790.236| 908.685
6689953’ |  21.28|  0.000| -727.052| -610.938
113,7254°|  21.37|  0000| 55429| 172022
1545382'|  21.36| 0000 96.267| 212810
1804652 21.28 0.000| 122.408( 238.522
-782,7206 21.80 0.000| -842.180( -723.262
1137254°|  21.37|  0000| -172022| -55.429
408128  2187| 0336 -18.856 100481
66,7308 2180 0019 7281 126199
8235334°| 2179  0.000| -882.968| -764.099
1545382'| 2136 0000 -212810| -96.267
-408128| 2187  0.336| -100.481| 18.856
259270 2179 0757 -33508| 85.362
8494604 2171  0.000| -908.685 -790.236
-1804652°| 2128 0000 -238522| -122.408
66,7398 2180  0019| -126.199|  -7.281
259270 2179 0757 -85.362 33508
655,386965210943800| 1686  0.000| 609.397| 701.377
723,601891031792100°7|  17.27|  0.000| 676.501| 770.703
744, | 17.26] 0000 697744 791907
763,289977818062100| 1720  0.000| 716.375 810.205
-655,386965210043800 | 1686  0.000| -701.377| -609.397
68,214925820848300°  16.93| 0001 22035 114.395
80,438532105256930°  16.92| 0000 43279| 135598
107,903012607118330°| 1686  0.000|  61.913| 153.893
-723,601891031792100|  17.27|  0.000| -770.703| -676.501
-68,214925820848300°  16.93|  0.001| -114.305| -22.035
21.223606284408600(  17.33|  0.737| -26.043|  68.490
39.688086786270000 17.27 0.145| -7.413| 86.789
744} )| 17.26 0.000| -791.907| -697.744
-89,438532105256930 16.92 0.000| -135.598| -43.279
-21.223606284408600 17.33 0.737|  -68.490 26.043
18.464480501861400  17.26| 0822 -28617 65546
763,289977818062100| 1720  0.000| -810.205| -716.375
-107,903012607118330°| 1686  0.000| -153.893| -61.913
-39.688086786270000|  17.27| 0145 -86.789|  7.413
-18.464480501861400|  17.26  0822| 65546 28617
-0.012402321101206! 000|  0086| -0026]  0.001
-014175781264730' 001|  0039| -0028)  0.000
-,019755501166503 001| 0001 -0033] -0.006
N ‘| 001|  0000| -0042| -0.014
0.012402321101206! 000[  0086| -0001] 0026
-0.001773460163524;
-0.007353180065296
-015646212418469
,014175781264730 |
0.001773460163524;
-0.005579719901772!
-013872752254945
,019755501166503 |
0.007353180065296
0.005579719901772!
,015646212418469 |
013872752254945 |

Tukey HSD

Dependent Variable
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Interval

Lower Upper

Mean Difference () | Std.Error | Sig. | Bound | Bound
d 0000[ -1072| -0821
-2,054569915149492 | 005| 0000 -2183| -1.926
,777627677794478' 005 0000 -3906| -3649
-8,539269664138006 | 005| 0000 8668 -8.411
K d 005| 0000 0821 1072
-1,108069646761635 | 005| 0000 -1234| -0.982
831127409406621 005| 0000 -2957| -2.705
-7,592769395750150 | 00s| 0000 -7.719|  -7.467
2,054569915149492'| 005| 0000 1926 2183
1,108069646761635 | 005| 0000 0982 1234
-1,723057762644986 | 005|  0000| -1852) 1594
484699748988515 0000[ -6614| 6356
3,777627677794478'| 0000[ 3649 3906
2,831127409406621 | 0000[  2705| 2957
1,723057762644986 | 0000[ 1594 1852
-4,761641986343529 | 0000[ -4890| -4633
8539269664138006 | 0000[ 8411 8668
7,592769395750150 | 0000[ 7467|7719
6,484699748988515 | 0000 6356 6614
4,761641986343529 | 0000| 4633|4890
p | 003  0.000| -o.7§a| 0581
1 | 004| 0000 -1435| 1243
78] 004| 0000 -2577| -2.386
1924488354637052 003 0000 -6020 5829
k | 003| 0000 0581 0768
| 003 0000 -0.758 -0.570
-1806726631273689 | 003 0000 -1901 -1713
-5, ' 003| 0000 5343 5156
1 | 004| 0000 1243 1435
| 003| 0000| 0570 0758
11 | 004| 0000 -1239| -1.047
. ' 004| 0000 -4881  -4.490
2, 78’ 0.04 0.000} 2.386 2577
1,806726631273689| 003| o0000| 1713] 1901
11 | 004] 0000| 1047|1239
3,442788371833274' 004| 0000 -3538 -3347
5,924488354637052 | 003| 0000 5829 6020
5 ' 003 0000 5156 5343
4 ' 004| 0000 4490 4681
3442788371833274 | 004| 0000 3347| 3538
-048170035806771 | 000[ 0000 -0.055 -0.042
497 000 0000 -0.060  -0.047
-070816313732170] 000 0000 -0077| -0.064
-112027762874039 | 000 0000 -0.119| -0.105
1048170035806771 000 0000  0042| 0055
-0.005138257575979) 000 0197| -0012| 0001
-022646277925399 000 0000 -0029| -0.016
-063857727067268 | 000 0000 -0.070| -0.057
49 000 0000  0047|  0.060
0.005138257575979 000 0197| -0001] 0012
-017508020349421 | 000 0000 -0024| -0.011
-058719469491289 000 0000 -0065| -0.052
1070816313732170' 000| 0000 0064 0077
1022646277925399 000| 0000 0016 0029
1017508020349421 000 0000 0011 0024
1041211449141869' 000 0000 -0048| -0.035
1112027762874039’| 0.00} 0.000| 0.105 0.119
1063857727067268 000/ 0000| 0057| 0070
1058719469491289 000[ 0000| 0052| 0065
1041211449141869 000 0000 0035 0048

Tukey HSD

Dependent Variable

Interval

Lower Upper

Mean Difference (I-J) | Std.Error | Sig. | Bound | Bound
B 41150° 0. 0000[ 0077|0061
-075717432426589 000[  0000| -0.084| -0.067
-091894147856659 000[  0000[ -0100[ -0.083
-142704948611387 000[  0000| -0151 -0.134
41150’ 000[ 0000[ 0061 0077
-0.006708527285439) 0oo| 017s| -0015| 0002
-1022885242715509' 000[  0000| -0031] -0.015
-073696043470237 0.00; 0000/  -0.082  -0.065
,075717432426589| 000[ 0000| 0067| 0084
0006708527285439. 0oo| 017s| -0002| 0015
-016176715430070' 00o| 0000 -0025| -0.008
-066987516184798" 00o| 0000 -0075| -0.059
,091894147856659| 000[ 0000| 0083 0100
022885242715509 000|  o0000| 0015 0031
016176715430070 000|  o0000| 0008 0025
- 28’ 000[ 0000 -0059| -0.042
,142704948611387 | 000[  o0000| 0134 0151
,073696043470237 | 000 0000 0065|0082
,066987516184798 000 0000 00se| 0075
28’ 000| 0000| 0042|0059




