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Abstract
Shared economy is a phenomenon becoming more prevalent in our society. The
study explores the case of business-to-consumer (B2C) carsharing. Using a
unique cross-sectional data set, which is compiled by aggregating several cityspecific demographic and geographic factors, we construct several models which
should be explanatory on the characteristics of cities, where car sharing is ac
tive and successful. Firstly, a logistic regression is employed to estimate the
impact of predefined factors on the presence of B2C car sharing in a city. We
find out that there is significantly positive relationship between the presence
of prestigious university and active shared mobility platform. Furthermore, we
introduce the OLS regression with log-level functional form to estimate, what
determinants affect the quantity of cars in cities. Additionally, we provide
explanation on demographic and geographical variables, which have the most
defining impact on the prosperity of car-sharing. In conclusion, several sugges
tions on future research and studies based on carsharing success are presented.
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Abstrakt
Sdílená ekonomika je fenomén, který je v naší společnosti čím dál víc rozšířený.
Tato práce se zaměřuje na případ B2C carsharingu. Na základě posbíraných
dat jsme sestavili několik ekonometrických modelů zkoumající charakteristiky
měst, kde je carsharing úspěšný. Nejprve byla použita logit regrese, díky které
jsme zjistili, jaké faktory ovlivňují samotnou přítomnost car sharingu ve městě.
Objevili jsme signifikantně pozitivní vztah mezi přítomností prestižní univerzity
a samotnou fungující car-sharingovou platformou. Dále jsme vypočítali regresi
metodou nejmenších čtvreců, kde jsme zlogaritmovali závislou proměnnou a
hledali jsme determinující faktory ovlivňující množství sdílených aut ve městě.
Co víc, jsou poskytnuty charakteristiky jednotlivých demografických a geografický
nezávislých proměnných. V závěru je presentován možný postup pro budoucí
navazující výzkum úspěchu carsharingu.
K líč o v á slo v a

sdílení aut, sdílená ekonomika, B2C, Logit,
metoda nejmenších čtverců
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Proposed Topic:
Analysis o f car-sharing: level o f efficiency worldwide
Preliminary scope of work:
Research question and motivation

In my thesis I will focus on the trend of shared economy specifically the sector of car-sharing. The
concept of shared economy is not something new. However, over the last decade, this phenomenon
soared in success on a global scale thanks to the technological progress and improvements to internetfacilitated platforms, which can allow a more complex and personalized form of attraction and
connection between individuals willing to participate in peer-to-peer exchange of assets.
As the private owning of an automobile is losing on its social and economic status, there is a growing
demand for a new way of utilizing a car in a more effective manner. Car-sharing has the potential to
become a serious competitor to other forms of automotive transport. In recent years, there has been a
handful of research papers focusing on this phenomenon in a certain region (Schmoller et al., 2015).
The goal of this paper is to describe car-sharing usage globally and identify any existing links between
seriousness of traffic congestions, cost of private car owning in major cities and amount of car-sharing
services operating in the designated area.
Contribution

The research should build upon already existing literature by analysing the cost of driving a private car
and what factors might affect the prosperity of car-sharing in larger cities. The final results might be of
interest to car-sharing service providers willing to expand their economic focus to other cities and help
them understand and probably prevent issues, that might be economicaly defining for their purpose.
Additionally, the analysis could be useful to individuals seeking for an efficient alternative of car usage.
Methodology

For the empirical analysis, I will gather demographic data for average income per capita, level of traffic
congestion, level of air pollution, cost of car owning (INRIX, 2017) and population density from

seleceted cities across various countries. Using the gathered cross-sectional data I will construct an
econometric linear regression model and apply the method of Ordinary least squares(OLS), putting it in
context with the amount of car-sharing service providers operating in the selected cities. Finally, the
result will be examined to find any existing relationship between the previously mentioned coefficients
and the number of service providers, to determine how likely is the service to be effective.
Outline

1) Introduction
2) Literature review
3) Data
4) Methodology
5) Data analysis and empirical results
6) Summary and conclusion
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Chapter 1
Introduction
The world is rapidly urbanizing and in the future most of humanity will be
living closer to cities, forming larger metropolitan areas.

Critical levels of

pollutants present in the air, traffic congestion and shortage of free parking
pose a serious concern.

At the same time, the need to satisfy demand for

mobility is growing. Due to heavy urbanization, utilizing a personal car in an
efficient and less time-consuming manner in rush hours in most of city centres
is virtually impossible. This fact may have an impact on the deterioration of
private car owning. As possession of an automobile is losing on its economic
and social status among the younger generations, different transport models are
becoming more popular and prevalent in cities (Hopkins & Stephenson 2014).
Carsharing is among one of these models, as an affordable supplement ser
vice it is receiving a greater attention worldwide among governments and busi
ness models in larger urban areas. Carsharing allows individuals to temporarily
operate a vehicle for a short period of time without the responsibilities and costs
connected with a private ownership. By combining the convenience of a private
vehicle and slightly higher flexibility than typical public transport, carsharing
as a service has the potential to address the problems connected with increasing
population in cities (Barth & Shaheen 2002; Barth et al. 2006).
In recent years, car sharing has become a serious alternative to other means
of transport in urban areas. Growth of membership of this service is steep and
according to data from Statista (2018) in some regions it has more than doubled
over the past 4 years, moving the sharing mobility from just a niche service to a
noteworthy complement of more traditional ways of transport. The success and
simplicity of carsharing lies within the extensive usage of smartphones. The
entire process of sharing and returning a vehicle is done via a mobile device
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through an app, where the customer chooses from a fleet of cars owned by a
certain car-sharing organization (CSO) or from an individual.
Even though carsharing as a service is receiving a greater attention also
among researchers, the data are still not very sufficient. In most of the cases,
the data has been collected mainly through surveys or compiled as real booking
data provided by certain CSOs. The scope of majority studies focuses on the
efficiency of carsharing within a certain limited region (Schmoller et al. 2015;
Baptista et al. 2014), by conducting an analysis of effects resulting from a shift
to shared mobility. As a result, this may cause a lack of generalized properties
and insights of the service (Hansen et al. 2013). Nevertheless, there has been a
few research papers targeting success of carsharing on a city-level basis within a
larger area, specifically Europe. This is the case of Blomme (2016) and Miinzel
et al. (2017). However, to the best of my knowledge, recently there has been
no study that would assess the topic on a global point of view.
Subsequently, the aim of this thesis is to quantitatively analyze and discuss
determinants affecting the success of carsharing on a global scale as opposed to
other similar researches conducted in a single region or in a continent as a whole.
For the quantitative approach of this paper, a unique database has been created.
By applying a logit model and a log-transformed ordinary least squares (OLS)
model, first determinants affecting the initial presence of carsharing in a city
are analyzed. Moreover, city-level socio-demographic and geographic variables
are compiled to describe the levels of supply of vehicles within the carsharing
service. Additionally, for the purpose of this thesis, the supply of vehicles will
be considered as a proxy of success. Defining the factors, which can have the
highest impact on success of carsharing in cities is important as it can be of use
to policy makers and authorities. It has been shown that carsharing requires a
certain degree of protection in a form of policy to maintain its viability in city
environments where parking is expensive due to limited space (Shaheen et al.
2010). In order to effectively design such a policy for car-sharing, insight into
most defining factors is needed.
Results reveal a significantly positive probability of carsharing being active
in a city with prestigious university. We find, that capital cities are more likely
to have an active shared mobility program. Additionally, it has been found,
that capital cities and cities with a present of metro transport system positively
affect the size of B2C car-sharing fleets.
The thesis is structured as follows. Chapter 2 focuses on the properties and
distinction of car-sharing from car-rental. In the next section, Chapter 3, the
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paper will introduce and present available literature related to carsharing and
its utilization, both on city and regional scale. Different studies measuring suc
cess and development of this service will be discussed. The following Chapter
4 will describe the process behind data collection with detailed description of
each used variable. Chapter 5 elaborates the applied methodology. Chapter 6
is devoted to the estimation of success of carsharing alongside the analysis of
results. Finally, last Chapter concludes the findings of this thesis.

Chapter 2
Background of Carsharing
In this section, an overview of the brief history of carsharing is presented, along
side the motivation and dichotomy description of different modes of carsharing.

2.1

Development of carsharing

As a part of shared economy, carsharing is not anything new. First reports
of carsharing come from Zurich, Switzerland in 1948. It prospered thanks to
the fact that members were willing to utilize a car, however their economic
situation did not allow them to purchase it. The service known as ’’Sefage”
enabled this option. Although this was not the transport mode in the final
form as that of the present day, it gave foundation to the idea of sharing a
single vehicle among more individuals (Shaheen et al. 1999).
Few decades later, in 1970s, similar services were launched in Amsterdam
and in Montpellier, ’’Witkar” and ’’Procotip” respectively. Nevertheless, their
success was short-lived, and they had to be shut down. Consequently, it took
until the 1990s for the service to successfully re-emerge in Germany and grow
since then. This was the case of StattAuto. By applying a functional business
model, it paved the way for newly established carsharing service in Portland in
1998, which was the first of its kind in the USA (Shaheen et al. 1999).
Although the scale of the service in Portland was miniscule, with only 3
cars in operation, it provided an inspiration to similar programs, that have
established later on. One of these were the ’’station cars”. These cars were
set up at rail stations in metropolitan areas, available for individuals commut
ing by train. The programs were being launched by rail transport operators
as a response to the limited amount of parking spaces at train stations. De-
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spite having electric vehicles in their fleets, most of the operators struggled to
maintain them, due to high costs and low reliability (Shaheen et al. 1999).
Due to small fleets and lack of modern technology, a large number of operat
ing carsharing services had been managed manually. Entire process of sharing
has been done with the assistance of a human operator, who was responsible
for the reservation administration. A user willing to participate in the sharing
service had to confirm a reservation in advance by calling and obtaining the
car key personally from a self-service. It was also the users responsibility to
report their covered mileage. As a result of increasing car fleets, this process
became unreliable, prone to booking errors, billing mistakes and expensive to
maintain (Shaheen et al. 1999).
Nowadays, automation of the process allows a more efficient control of
the sharing process. Due to the technological progress and improvements to
internet-facilitated platforms such as social media and smartphones, these prob
lems connected with manual processing have been solved and businesses in this
area can function more effectively and on a larger scale. However, even nowa
days, the technology of CSOs differs, from complex automated reservations and
integrated billing systems estimating the sharing process data and calculating
the best places, where to deploy vehicles for future use to less sophisticated sys
tems and manual maintenance of the user data (Shaheen et al. 2010). Namely,
Asian CSOs have been known to be first to adopt advanced systems used to
track the position of shared vehicles, either with the help of GPS or by apply
ing telematics to communicate between other vehicles. Such fast leap forward,
from previously manually processed sharing procedure, enables fully automated
systems, which allow open-ended bookings, instant access to vehicles, one-way
rentals or prepaid usage cards(Shaheen & Martin 2006).
Following Figure 2.1 presents the evidence of the increasing popularity of
carsharing in North America, measured in the supply of cars in the years 2000
to 2016. Between years 2010 and 2016 the number of vehicles in North America
within B2C carsharing has more than doubled. To this day, the fleets are still
expanding at a swift pace in this region as well as on the global scale.
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Figure 2.1: Development, of fleet size in North America

2.2

Properties of carsharing

There are two distinguishable types of carsharing: business-to-consumer (B2C),
where organizations own a fleet, from which the consumers can rent a certain
vehicle and peer-to-peer (P2P), which allows individuals to rent vehicles from
owners willing to participate in this field of shared economy by allowing access
to their private vehicles. In the case of B2C type we can differentiate two
more subtypes: one-way and return-trip. When focusing on the one-way case
there is one more distribution, free-floating and station-based. Free-floating
form is a more user-friendly concept as it allows users to rent a car, which can
be located anywhere in the designated area of a city and consequently, when
the trip is over, park it anywhere within the borders of the same area. On
the other hand, station-based form has different properties, as the listed cars
are available only in certain parking spots. Nowadays, free-floating option is
becoming more popular among the public, as individuals prefer spontaneous
decision-making, when it comes to transportation. Having the possibility to
rent a car in an instant, when walking past it on a street is comfortable.
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Figure 2.2: Dichotomy of carsharing models

Source: www.carsharing.org

This paper focuses solely on the success and efficiency of B2C car-sharing
model, as B2C CSOs, e.g. cambio Belgium, DriveNow, EkoRent and Zipcar,
have a greater influence and opportunity to impact the environment by using
fully electric and ecological cars (Namazu & Dowlatabadi 2015), which are too
costly for an individual the in cases of peer-to-peer sharing. Although P2P
model offers larger fleets in most of the cities, the regulations on low-emissions
of vehicles are not as strict as they are when it comes to B2C. The fact that B2C
model has an opportunity to cut on greenhouse-gas emissions from automobiles
and the fluctuation of fleets is minimal or close to zero as opposed to peer-topeer carsharing model, has led to this particular scope of interest. A large
amount of cities has a community based carsharing model, specifically some
universities maintain a carsharing service for their students. An example of
this service is Uniqway, community carsharing model based in Czech Republic
established in 2017, which allows students from universities in Prague to utilize
shared cars. Similarly, certain companies offer an option to share vehicles for
their employees, as a form of job benefit. However, due to the limited nature
of these platforms, these fleets were omitted from the study.
Likewise, there is a certain carsharing operator for both types of shared mo
bility platform. Regarding peer-to-peer option, the operator is only a mediator
as the disposable fleet consists of vehicles provided by individuals. Whereas
B2C providers are responsible for the entire process of implementation and
maintenance of their own vehicles.

It is also important to note, that cars

within the P2P platform are rented out much less often than in the case of
B2C (Blomme 2016). The difference in rent frequencies is caused by the fact,
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that marginal costs of supplying a car in the P2P mode are virtually zero, as
it is privately owned and shared only when not in use by the owner. Unlike
B2C, where CSOs, in order to cover their investments, need to pay attention
and adjust the supply of cars to correspond with the local demand (Miinzel
et al. 2017).
In order to become a member of a certain CSO, individual usually has to
upload a photo of personal ID, driving license and pay an initial club fee, for
which an electronic key card is administered. Furthermore, an individual has to
walk to the nearest free car located on the map of the mobile app, swipe the key
card, which opens the car and enables the user to get around the city. Once the
sharing process ends, the automobile is parked anywhere in the designated zone
and the user is billed for the time spent using the car, undergone mileage or a
combination of both. Each CSO has different billing conditions, but one trait
is similar across all business-to-consumer carsharing operators. The option to
rent a car by hour or even by minutes at any time. Such a feature differentiates
car-sharing from a traditional car-rental.
A research carried out by Martinez & Crist (2015) on shared mobility
presents convincing results on the benefits of carsharing in several cities. Among
some of the potential advantages of shared-use systems is the reduction of the
number of registered automobiles needed to meet the total demand for travel.
Specifically, an automobile within the shared mobility platform replaces the
number of privately owned vehicles by 4 to 20 cars (Ryden 2005; Shaheen &
Cohen 2013). By alleviating the number of vehicles within the city limits the
total vehicle miles travelled (VMT) can be cut down. Consequently, this trend
can efficiently vacate more parking spaces, therefore reducing the need for the
construction of new ones. As a privately owned vehicle is being parked 95 per
cent of the time according to a study by INRIX (2017). Secondly, individuals
reduce their transportation costs, i.e. car insurance, maintenance and parking
costs, since the expenses are shared among all users. It has been estimated,
that the costs inflicted by privately owning a car can add up to $10,288 per
year for an average U.S. driver. Interestingly, the largest part of the costs, al
most 45%, are accounted to parking fees and traffic related expenses. Breaking
down the costs into smaller segments, parking single-handedly makes up a third
of vehicle costs. Subsequently, drivers spend up to $3,000 for parking-related
expenses (INRIX 2017). Utilizing a shared vehicle has the potential to strip
the participants of these costs. Lastly, it can cut on air pollution and nega
tive emissions by maintaining ecological and electric carsharing fleets (Barth
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& Shaheen 2002). Despite a slower adoption of electric vehicles, a vast major
ity of CSOs implement smaller compact and hatchback vehicles in their fleets.
These types of cars incrementally consume lower amounts of fuel, resulting in
a reduced emission of particulates and greenhouse gases. However, a shift to
fully-electric fleets is gaining on momentum. Specifically, in 2011, large global
car-makers, including BMW, Ford, General Motors, Mitsubishi, and Toyota,
have pledged to provide their own carsharing service or support the already
existing car-sharing operators with sustainable electric vehicles (Shaheen &
Cohen 2013).

Chapter 3
Literature Review
This chapter consists of the discussion on literature review and previous re
search concerning the success of carsharing, specifically with a focus on the
B2C case. The first part focuses on a brief summary of relevant papers re
garding the introduction and subsequent impact of shared mobility in various
regions. In the second part, studies regarding the analysis on determinants and
variables affecting the efficiency and success of carsharing are presented.

3.1

Impact of shared mobility

Shared mobility is a fast-moving and expanding market, gaining high attention
among researchers and public. A steep rise in membership indicates the growing
importance of this service, as it is way above 10 percent per year in Germany
and North America (Shaheen & Cohen 2013). Most of the papers build their
studies upon data collected through a survey conducted on users of carsharing
services, concentrating mainly on the motivation and incentives of individuals
using a shared mobility platform (Nobis 2006; Efthymiou et al. 2013). However,
research papers regarding the factors affecting the success of carsharing are
gaining on momentum.
In 1990s, the shared mobility platform started to become more prevalent
and successful. One of the first studies focusing on the carsharing program was
conducted by Shaheen et al. (1999). The paper presented the fundamentals of
carsharing, summarized the history of the service and for the first time men
tioned that this platform may have a potential to supplement the traditional
transportation modes in the future.
More recently, many cities in China, with a present carsharing platform,
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seem to have a small-scale shared vehicle supply according to Yoon et al. (2017).
Fundamental reason for this situation is due to high levels of pollutants present
in air in the Asian regions, which leads to refusal of conventional cars and carves
a path for green vehicles. According to the study of the Chinese Academy of
Engineering and the National Academy of Sciences by Liu & Guan (2005),
technology of majority of vehicles in Chinese regions is highly obsolete.

It

has been proved, that particulates emission in Beijing are seven times higher
than of New York. In an attempt to hnd the solution for the dire situation in
Chinese regions different studies on the sustainability of transport have been
assessed. In a study by Yoon et al. (2019), by using a Monte Carlo simulation
model, the researchers estimated the fleet size needed to satisfy the demand
for shared mobility in Beijing. As electric vehicles need to be charged from an
electrical grid after a short period in order to be operational, it is important
to distinguish between different levels of chargers of EVs. According to their
research, there are 3 levels of chargers. Each vary by the speed of charging and
by price respectively. Starting from the least effective level 1 charger to the
most effective level 3 charger. While level 2 charger is capable of fully charging
an electric vehicle in 3 hours for a 160 km trip, the level 3 charger for the same
trip has the potential to top up the EV in a fraction of that time, in about
20-30 minutes (Yoon et al. 2019). As a result, this can have a major impact
on the discrepancy in demand for vehicles.
Undoubtedly, Ulgen & Hock (2018) claim, that urban areas are ideal for the
application of electric vehicles. This claim is supported by the fact, that electric
vehicles(EVs) are becoming a stable part of many car-sharing fleets. Compared
to conventional automobiles, EVs present a reduced environmental impact,
have lower maintenance cost and fuel costs. However, the initial purchase prices
of EVs along with the charging spots infrastructure are considerably higher.
This fact causes a problematic implementation of emission-free automobiles
in Chinese regions, as the start-up capital is not sufficient. Which explains
the slow growth of shared mobility fleets in this region (Yoon et al. 2019).
Nonetheless, carsharing markets in Asia offer significant profitable conditions
with an immense potential for growth compared to North America.
In their research, Baptista et al. (2014) present what are the estimated
effects of car-sharing on energy and environment in Lisbon. In terms of vehicle
technology, they found out that combustion engine automobiles are still the
most predominant model among carsharing operators. Nevertheless, some of
the operators are starting to focus on a more sustainable form of transport by
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adopting plug-in hybrid and electric vehicles in their fleets. Using a scenario
simulation, the results of their research yielded that when a shift to electric
vehicles is prompted the amount of energy consumed can be potentially reduced
by 47% and CO2 emissions by up to 65%. Along with the environmental impact,
it has been argued that, electric vehicles can cut on the noise in urban areas
and improve the efficiency of transport. Tracking the usage of 10 combustion
engine vehicles and 2 hybrid vehicles over one year, with a covered distance of
approximately 5000 km per vehicle, Baptista et al. have discovered a following
driving distribution. The largest segment of the time spent commuting, at an
average speed of 50 km/h, was in the urban part of the city, namely 85%.
Followed by the rural area with average speed of 90 km/h, accounting for 10%
and lastly the highway, sitting at only 5% with an averaging speed of 100
km/h. It should be noted that hybrid and electric vehicles, in terms of energy
saving, are relatively most efficient at lower speeds, varying from 40 - 70 km/h
(Granovskii et al. 2006). Clearly, the observed time-usage distribution would
support the shift to sustainable vehicles, resulting in an efficient and sustainable
transport model. However, the ratio of conventional cars in Lisbon within car
sharing platform still accounts for more than 80% (Baptista et al. 2014).
Participation in the carsharing programs unsurprisingly leads to higher en
vironmental awareness of individuals. It has been documented, that in Europe
between 15 to 34% users of carsharing sold their vehicle Shaheen et al. (2009).
In case of North America, the reduction of utilizing a privately-owned car ac
counted for 11 to 29% of participants and about 12 to 68% users postponed or
foregone the purchase of an own car Katzev (2003). A majority of participants,
which previously owned a car, report a change in their transportation habits
and reduction of total vehicle miles travelled (VMT).

3.2

Factors affecting carsharing success

Following study by Millard-Ball (2005) was among the first papers on the deter
minants of success of carsharing. Millard identified the barriers and presented
5 key factors for success, which affect the potentially successful development
of the service. Among those was, most importantly, the support of local au
thorities. Regional administrations play an important role, when it comes to
selecting locations for shared cars to park.

Free and reduced parking costs

are among one of the key points responsible for efficient growth of carsharing
worldwide Shaheen et al. (2010). Without policies and regulations, such as
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parking and zoning incentives, the service is likely to fail. Additionally, the
insufficient initial funding can be an obstacle for the establishment of the alter
native transportation mode. Moreover, the paper discusses the importance of
providing supportive actions such as marketing, as spreading the word among
public is also a defining factor.
In previous studies, it has been pointed out, that city size and population
density are the primary defining factors, which describe the reason behind a
higher diffusion of shared cars within larger cities (Millard-Ball 2005). How
ever, other socio-demographic city characteristics were receiving a limited fo
cus, apart from studies by Miinzel et al. (2017); Blomme (2016). It is highly
important that cars across a certain area should be the distributed uniformly,
as according to customer surveys, it has been concluded that an ideal walking
distance to a vehicle is approximately 500 metres. Anything above 800 me
tres, needs to be supplemented by public transport or a bicycle. Therefore a
presence of bikesharing can have a positive impact on car usage, despite lower
diffusion of shared automobiles (Loose 2010).
When determining the initial success of carsharing, the scope of studies
is focused mostly on one or two cities. Analysis of real car booking data by
Schmbller et al. (2015) brings important insights on the shared vehicles circu
lation within a market segment of two German cities, specifically Berlin and
Munich. Their study of free-floating carsharing system investigates the short
term and long-term factors affecting the demand for cars. The weather changes,
especially precipitation, can be responsible for short-term influence on demand
of shared mobility. According to the data, users seem to book shared cars
slightly more when rainfall is present or imminent. Findings show that most
of the booking takes place on Saturdays and the booking variation during the
day between weekends and workdays is considerable. Particularly, it has been
presented that approximately 30% of all bookings occur on weekends. With
most of the trips happening during weekend, it can be hypothesized, that users
prefer utilizing shared vehicles in their free time for the purpose of shopping
and leisure activities. On average, booking duration does not exceed one hour.
In terms of spatial distribution of booking, a Hot spot - an area, where book
ings are significantly higher as opposed to the average - is discovered (Schmbller
et al. 2015). These areas emerge due to the socio-demographic differences in
certain parts of a city. The research also brings evidence on one-way form of
free-floating being predominant, accounting for almost 70%. To some extent,
this causes imbalances between supply and demand of automobiles at certain
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spots. Thus, it is important for the operator to calculate the usage of cars in
Hot spots and determine where cars are most likely to be rented out, as this can
help to treat for the imbalances by reallocating vehicles to the most demanded
spots.
Despite the increasing focus on the efficiency and prosperity of carsharing,
there has been a limited amount of studies targeting the service on a multi-city
or even international level (Braun et al. 2016; Stillwater et al. 2009). As it can
provide general trends on determining factors of shared mobility. Although
more recently, this topic has been studied by Blomme (2016); Miinzel et al.
(2017).

Their research focuses on carsharing from a European perspective.

By analyzing different urban and socio-demographic factors, which can affect
carsharing in 177 cities across Europe, their research brought many important
insights on the differences in diffusion of shared cars.

Furthermore, such a

broad scope of interest helped to identify certain policy conditions or barriers,
which may influence a successful development of the carsharing service (Miinzel
et al. 2017). Miinzel identified a large pool of variables affecting the B2C and
P2P carsharing prosperity, including Green party votes, as main focus of Green
parties is on sustainability and whether the city has a historical centre, which
may have an impact on the regulation of cars within the city centre itself.
Following the existing literature, this paper expands on the topic of carshar
ing by presenting an analysis on various urban and geographic determinants,
which affect the success of carsharing in selected cities worldwide. Although,
there is an increasing focus on research of the efficiency, success and allocation
of vehicles within a certain urban area, studies comparing the system on a
global scale are lacking. With the evidence from previous research, this paper
will identify and describe different links to environmental and social problems,
which may affect the success of carsharing platform from a general point of
view.

Chapter 4
Data
This section explains the process of data collection and provides a theoretical
background for each of the variable used in the following models.

For the

purpose of this paper, a unique data set has been created by primarily collecting
data from online databases such as Eurostat, World Bank Data and other
similar open data websites. By aggregating all the data, cross-sectional data
set has been formed.

4.1

City eligibility

As the paper focuses on the city-level point of view, it is important to first de
fine the fundamental condition for a city to be accounted for in the data set. For
European cities data were collected directly from Eurostat. Data on population
in other regions were compiled from various websites, e.g. WorldPopulationReview and population.de. The size of the city, in terms of population, needs
to exceed at least 150,000 inhabitants. In spite of larger countries, an upper
bound per country had to be introduced for the cities used in the sample. This
was the case of China and USA, as the number of cities within the borders of
each country satisfying the “150,000 inhabitants” condition was too high. As
we are interested in a balanced distribution of cities on a global scale, having
too many observations from one country could be problematic, resulting in a
bias.
Therefore, the maximum number of cities in those countries was capped
to 25. In case there was no present B2C carsharing platform in any city of
a certain country, the entire country was discarded. Although, there is a car
sharing service present in Japan, it was not considered in this study due to
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the language barrier and problems with the data collection of the exact fleet
sizes. Using the data from latest census and applying the condition, has led to
225 cities being selected. The full list of eligible cities, which were used for the
analysis, can be in the Appendix A.2.

4.2

Size of fleets in each city

Quantity of vehicles had to be collected solely for each provider in each city,
as every website of a CSO is unique. Resolving whether a service is a strictly
carsharing provider is very important, as many standard car rental companies
such as Alamo, Avis, Europcars, Budget and Sixt1 could also, in some broad
definition, be considered as car-sharing providers. However, in this paper we
will use the definition of carsharing mentioned in second section.
Therefore, certain criteria need to be met for the service to be considered
in the count:
(a) The type of the carsharing service must be a business-to-consumer,
(b ) Operator must have an option to rent the vehicle by hour, not only by
day.
Once these criteria are satisfied the CSO is eligible for data collection. With
the conditions in mind, the exact size of fleets in each city has been determined
using several different methods. Only vehicles within the urban area of the city
are accounted for. Following methods are presented from most detailed to least
detailed.
A large portion of data on fleet sizes was also acquired by directly contacting
and questioning some of the CSOs.

This was the most efficient approach,

although it was used as a last resort in most of the cases.
Some of the countries publish open city-level data on the size of fleets an
nually. This was the case for the Netherlands, Germany and Czech Republic.
However, this is not very common for other countries. In the rest of the coun
tries, most of the providers have a website with fleet description, either stated
in a special tab or as a list of individual vehicles. When the CSOs size of
fleet was not stated explicitly, the Python data scraping method had been uti
lized. This process allows to automatically compute the pin-points of available
1Although Sixt is a car-renting company, few years ago it introduced a new option of
renting a car at special mobile spots located around different cities by hour, therefore it can
be added to the sample.
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shared cars in each city on a map, which was usually present on majority of
the websites of each provider.
However, we also need into take in account the variability and uniqueness
of each website, so this way of gathering data cannot be used on a mass scale.
In case the website of a certain CSO was not compatible with the data scraping
approach, less sophisticated method had to be assessed. That is the manual
computation of each point on the map. This practice had the highest prob
ability of a measurement error, but it allowed for an advanced distinction of
cars located in the urban area. After applying all these methods, the size of
the fleet in each city was determined by aggregating all the shared vehicles per
city. The final list contains cars from 93 different carsharing providers, which
are active in at least one of the cities. For the full list of all publicly available
CSOs used for the analysis see Appendix table A .l. It was also important to
search for the relevant carsharing services using correct translation2.
It should be noted that despite our best effort to collect B2C carsharing
fleets of all active CSOs in each of the listed city, there may be some inaccuracy
in the final counts. As the data have been gathered over the span of 3 months
and carsharing fleets expand rapidly, aggregated counts for several cities had
to be updated over the course of this time. An example can be taken form the
Prague shared mobility market. During the beginning of year 2019, Car4way,
a carsharing operator, added 100 cars to their fleet of 250 cars. By the end of
the year, a new provider should supply the market with 500 shared vehicles.
Nevertheless, the possible lacking data are not expected to affect the results,
as there are no missing data on the largest providers, which account for the
majority of the fleets in each city.

4.3

Variables and Hypotheses

The goal of this thesis is to analyze a cross-sectional data set based on the
success of carsharing and fleet sizes in relation to different city-based variables.
In this section, description and motivation behind choosing all the independent
variables is presented along with the overview on the used dependent variables.
Furthermore, several hypotheses, which are to be tested, are introduced.

2French translation is ’’autopartage” or ’’voiture en libre service”,”autodelen” stands for
German service and most carsharing services in UK are called ’’car clubs” .
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Dependent variables
For our purpose, supply of cars, rather than demand for cars, within carsharing
platform in each city will be used as a proxy for success, as CSOs will provide
vehicles only when they are being used effectively. Therefore the dependent
variable, cars, represents the total amount of cars in B2C carsharing in each city.
Additionally, we focus on the ratio of shared vehicles per 100,000 inhabitants,
to compare different sized cities. However, for our logit regression we will be
using a binary dependent variable, B2C, which is equal to zero for non-present
carsharing service in the city and one if present.
Table 4.1: Dependent variables
Variable
b2c
cars
cbp

Description
Presence of B2C carsharing (0=non-present, l=present)
Number of B2C shared cars within a city
Number of B2C shared cars within a city per 100,000 inhabitants

Independent variables
The collected data on variables can be separated into two main groups: de
mographic, including important city metrics and sociological aspects; and geo
graphic, containing weather and environmental parameters. A majority of data
on explanatory variables was collected through World Bank Data, Eurostat and
other publicly accessible websites. Basic information regarding the names of
variables are summarized in the following Table 4.2.
Capital is a dummy variable defining whether a city is a capital or not. The
highest diffusion of cars is in largest cities of each respective country. Usually,
the capital cities contain most of the inhabitants of the certain country. This
fact has led to the application of variable capital in the following models.
Applying continent dummy variables allows to control for certain factors
connected with a certain region. In total, there are dummies for 4 continents.
Dummies america, australia, asia and europe stand, respectively, for, North
America, Australia, Asia and Europe. In the model itself, only three continent
dummy variables can be used to prevent the dummy variable trap. Thus, we
will apply Europe as the base group.
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Table 4.2: Independent variables
Description

Type

Variable

Demographic

pop

City population from latest census

dens

Population density of the urban city area

cap

Dummy variable for a capital city

inc

Gross income per capita per month in USD

uniSOO

Dummy variable for top 500 university

metro

Dummy variable for a metro system

bike

Dummy variable for a bike-sharing program

prec

Annual precipitation in mm

airpol

Air pollution index

australia

Dummy variable for Australia

america

Dummy variable for North America

asia

Dummy variable for Asia

europe

Dummy variable for Europe

Geographic

Pop is the first variable, also used before as a proxy for defining the eligibility
of a city. This variable seems to be self-indicating. We can predict that the
impact on the supply of cars within carsharing systems should be positive, as
larger cities tend to have larger fleets to satisfy the needs. The size of population
is reported by a number reduced by 5 digits (e.g. 2,503,431 inhabitants = 25.03)

Hypothesis 1

Larger cities have a positive impact on the presence of B2C

carsharing.

Dens variable captures the average density of population in the urban area
of each city, following the notation of (000s) inhabitants per square kilome-
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ter. The reasoning behind application of this variable is caused by the fact,
that in highly dense city areas parking spaces are a scarce and valuable re
source. As a car is being parked 95 percent of the time (Barth et al. 2006;
Namazu & Dowlatabadi 2015), having a place to park a vehicle is vital. With
increasing population density, this is becoming a more concerning problem
(RAC-Foundation 2012).
Hypothesis 2

A higher population density have a positive effect on the

presence of B2C carsharing.
Uni500 dummy variable has been included due to the fact, that individuals
with higher degrees of education tend to adapt to new innovations at a much
faster pace than individuals with lower levels of education (Barth et al. 2006).
Younger population also seems to be less conservative than older generations,
when it comes to utilizing new services. The uni500 variable expresses the
presence of a university ranked within the top 500 according to the Shanghai
University ranking, which is published annually. Prestigious university attract
many students, resulting in a higher ratio of younger population. Correspond
ingly, carsharing mostly attracts individuals between ages of 20-39 according
to Efthymiou et al. (2013). A university within the top 500 can also be viewed
upon as an proxy for certain advanced development of the city.
Hypothesis 3

A presence of university within the top 500 in the city has a

positive impact on the presence of B2C carsharing.
Metro is a second dummy variable which was included in the model, doc
uments the presence of a subway system in the city limits.

According to

Burkhardt & Millard-Ball (2006), users of carsharing tend to supplement their
mode of transport by frequently utilizing public transit. Such a fact does not
come by surprise, as individuals sharing vehicles need to supplement their mode
of transport in other ways. A more complex public transport infrastructure
including a subway system should therefore result in a positive impact on the
supply of shared vehicles. The trend among younger generations living in dense
urban areas is leaning towards not owning an automobile, as public transport
is faster and more efficient in most city centres. This fact has led to the dummy
variable of metro being chosen as one of the independent variables, which we
want to control for in the model. According to research and public transport
data, sub-way transit belongs among the most popular modes of travel in most
of the cities (Gonzalez-Navarro & Turner 2018).
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H y pothesis 4

A presence of metro system in the city has a positive impact

on the success of B2C carsharing.
B ike variable expresses the presence of bike sharing in the city. A developed
system of shared bikes can resemble the attitude towards the shared economy
within the city. As bikesharing is also part of the shared economy, it is more
likely, that successfully implemented bikesharing platform will result in a like
wise prosperity of car-sharing. For this reason, the bike control variable has
been introduced. The data were collected from Google and from the website
bikeshare.com, which contains up to date map with active bikesharing programs
worldwide.

H y pothesis 5

A presence of bikesharing program in the city has a positive

impact on on the success of B2C carsharing.
Inc, income per capita, to some extent, denotes the average wealth of a
city. One may argue, that lower income per capita will lead to a higher usage
of shared cars, as it has the potential to eliminate the costs connected with
a possession of a private car (Stillwater et al. 2009).

A carsharing user is

paying only for the costs inflicted by actively using a car, cutting on insurance,
maintenance and parking fee. All of these passive costs are shared among all
users of carsharing platform. However, other research on carsharing found out
a positive relationship between shared mobility adoption among higher income
groups (Millard-Ball 2005). Whereas, the results yielded by a study from Coll
et al. (2014) explain a negative correlation between utilization of carsharing
and higher incomes. Therefore, the final effect of income is yet to be proved.
For the purpose of this paper, gross income per capita is featured in USD per
month.

H y pothesis 6 Higher income per capita has a positive impact on the presence
of B2C car-sharing.
Prec is the first geographic variable. The average precipitation (rainfall) is
measured in mm per year. In a study conducted by (Schmoller et al. 2015),
it has been presented, that changes in weather conditions can have a positive
influence on the usage of free-floating car-sharing. Subsequently, according to
Yoon et al. (2017) cold weather does have an impact on the one-way carsharing.
To control for this issue, variable for precipitation was added. Individuals are
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more likely to use the free-floating carsharing service, when the weather con
ditions are severe to increase their comfort. However, individuals are willing
to walk only around 400 metres to pick up the shared car (Schmoller et al.
2015). When the diffusion of cars within a city is lower, the high precipita
tion paradoxically discourages the individual from walking further then that
distance.

H y pothesis 7

Frequent rainfall has a negative influence on the presence of

B2C carsharing.
Airpol stands for air pollution. The rates of carbon monoxide and dioxide
are strictly regulated in most of the European cities and high-emission vehicles
are not allowed to enter city centers. This situation leads to an increase in the
support of authorities by subsidizing emission-free electric car usage allowing
for prosperity of CSOs with fully electric fleets such as DriveNow, Bluemove
or Ubeeqo. Air quality variable is represented by an index describing the level
of emissions present in air. The interval of (0;50) stands for good air quality,
where pollutants pose little or no risk. Moderate air pollution is denoted by
an index belonging to the interval of (51; 100), which may cause health issues
to people, who are unusually sensitive to worsened air quality. As we move
along the scale to (101; 150), people with respiratory diseases, such as astma,
can be endangered and should reduce the time spent outside. Air pollution
interval of (151;200) is considered unhealthy and can pose a serious threat to
everyone. Such high measures are present in extremely dense urban areas in
China. Data on air quality were compiled and aggregated from World Bank
Data and World Air Quality Index (Waqi) website. Air quality index(AQI)
is based on the measurement of particulate matter, Ozone, Nitrogen Dioxide,
Sulfur Dioxide and Carbon Monoxide emissions (Waqi, 2019).

Data on air

quality are collected hourly at monitoring stations and averaged over time to
get the average air pollution index.

H y pothesis 8

Higher levels of air pollution negatively impact with the pres

ence of B2C carsharing.

4.4

Descriptive statistics

The following table 4.3 presents descriptive statistics independent variables.
There is a total of 13 independent variables that are considered in the models.
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Table 4.3: Summary Statistics for independent variables

Mean

St. Dev.

Min

Max

16.46
2.93
2352.52
792.8
55.78
0.11
0.61
0.41
0.77

31.4
1.59
971.4
321.5
39.9
0.314
0.488
0.49
0.41

1.51
0.43
634
57
10
0
0
0
0

255.82
8.21
6,028
2,251
232
1
1
1
1

0.049
0.204
0.168
0.577

0.218
0.393
0.38
0.493

0
0
0
0

1
1
1
1

Variable

pop
dens
inc
prec
airpol
cap
uni500
metro
bike
continent dummy

australia
asia
am erica
europe
N=225

As almost half of our variables are binary, the mean values measure the
percentage proportion of a given variable in a model. Thus, we can see that
most of the cities from the sample are situated in Europe, whereas least cities
come from Australia. The data set contains 25 capital cities, which account
for 11% of all collected cities.

Additionally, more than 61% of cities have

a university ranked in the top 500 and 77% of cities contain a bikesharing
program. While bikesharing is fairly distributed among cities, this cannot be
said about metro system, which is present in only 41% of the cities.
Unquestionably, cities in Europe have the lowest air pollution as opposed
to Chinese regions, which are on the other side of the scale with the highest
polluted cities. The better situation in Europe is caused by strict emission
policies and stronger support of Green parties. Most of larger German cities
ban cars with a certain emission threshold to enter the city limits. This helps
to reduce the total emissions and enables a more sustainable environment.
Followed by Australian regions and North America, which have slightly more
polluted cities than in Europe but still way bellow Asian countries.
When looking at the summary statistics on the number of cars in carsharing
fleets in Table 4.4, we can see that on a global scale a city has on average 458
cars present per city. If we focus on each continent individually, the differences
in average number of vehicles vary marginally. Most shared cars are distributed
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Table 4.4: Summary Statistics for dependent variables
Variable

Mean

St. Dev.

Min

Max

b2c
cars
cbp
N=225

0.848
458
39.61

0.359
912.69
54.94

0
0
0

1
7,726
362.79

in Europe, this accounts for 54% of all collected cars, followed by Asia with
26%, North America with 17% and Australia and Oceania region with only 2%.
In case of Europe and America, the average number of vehicles is close to the
global average. However, the greatest difference can be seen in Asia, where the
average number is rather high, peaking at 590. Furthermore, there are 34 cities
in the sample with zero B2C shared vehicles satisfying the eligibility condition.
These cities are mostly situated in Europe and Asia.
Table 4.5: Number of cars across continents
Continent
America
Asia
Australia
Europe

Total number of cars
18,003
27,148
2,700
55,401

Average per city
473
590
245
426

Number of cities
38
46
11
130

Additionally, the largest fleet of shared vehicles is present in Moscow, reach
ing up to 7726 cars. Among other cities with the largest fleets is London, Paris,
Berlin, Shanghai, Milan and New York. Even though, these 7 cities account
for less than 4% of all the city observations their combined car-sharing fleets
add up to 32,2% of all the collected shared cars in the data set. While at least
76% of the included cities report a fleet size lower than 500 cars.
Interestingly, the cars by population ratio (c&p) yields important insight
into the development of carsharing in cities. This ratio is highest for Vancou
ver, peaking at 362.7 shared B2C cars per 100,000 inhabitants, followed by
Karlsruhe with 274 vehicles and Washington, D.C. closing at 249 shared vehi
cles. On the other hand, if we omit the null counts, we have Adelaide at 2.2
automobile per 100,000 inhabitants and Los Angeles with 4.8 vehicles. To some
extent, highest ratios are often present in larger cities, however the absolutely
largest cities in our sample have a lower ratio due to possible dissimilar speed
of growth of shared cars compared to population. However, this prediction is
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yet to be estimated. On the other hand we can find several smaller-sized cities
standing out with extremely high amounts o f shared cars per capita. Specifi
cally, Amersfoort reports 125 vehicles per capita and Freiburg sits at 147 cars.
The following Table 4.6 presents the top 25 cities by shared cars per capita.

Table 4.6: B2C vehicles per 100,000 inhabitants
City
Vancouver
Karlsruhe
Washington
Boston
Seattle
Utrecht
Düsseldorf
Milan
Florence
Stuttgart
Zurich
Freiburg
Brighton
Amsterdam
Haarlem
Frankfurt am Main
Portland
Edinburgh
Amersfoort
Copenhagen
Munich
Cologne
The Hague
Hamburg
Antwerp

Country
Canada
Germany
USA
USA
USA
Netherlands
Germany
Italy
Italy
Germany
Switzerland
Germany
UK
Netherlands
Netherlands
Germany
USA
UK
Netherlands
Denmark
Germany
Germany
Netherlands
Germany
Belgium

Shared cars ratio
362.79
274.05
249.04
241.41
240.41
226.55
203.24
182.88
156.17
155.48
149.16
147.71
145.07
141.25
140.00
130.29
129.53
128.39
125.69
122.42
118.99
116.64
115.57
94.20
91.66

Chapter 5
Methodology
This chapter focuses on the description of the used models and included vari
ables. Furthermore, there will be two models introduced in this section. Firstly,
a logit model is used to determine the factors affecting the presence of carshar
ing in a city. Authors focusing on studies of determinants affecting the success
of carsharing typically use the logit model (Blomme 2016; Mtinzel et al. 2017).
Second model, the OLS model, analyzes the determinants, which affect the
sizes of fleets in cities with present B2C carsharing services. The theoretical
background for the following section will refer to Wooldridge (2015).

5.1

The Logit Model

For the purpose of this paper, a presence of B2C carsharing service within the
city is used as a limited dependent variable (LDV). It is defined by two values:
0 when the service is non-present and 1 marking the presence of the service.
This type of variable is called a binary response variable.
Subsequently, we could apply the linear probability model as it is simple to
estimate and interpret. However, the application of this model poses several
drawbacks. The main issue is in the fitted probabilities, as they may reside
outside the range of the interval (0,1). Additionally, another concern is with
the heteroskedasticity of disturbances as well as the partial effect of explanatory
variables being constant. In order to avoid these limitations we will be using
a logit model - a more complex binary response model. In a binary response
model, the main emphasis is put on the estimation of the response probability
P (y = l|x) = Pipy = l|xi, x 2, ...,x„)
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where x is used to denote the full set of explanatory variables.

In order to

ensure that the values of a dependent variables belong to the range o f ( 0 ,l ) we
need to use a nonlinear function instead.

P (y = l|x) = G(/30 +

+ ••• + AgCfc) = G(/30 + x/3)

(5.1)

where function G is taking on values in a range strictly above zero and bellow
one, that is:
0 < G(G) < l,V z e R
The logit model uses a logistic function G, given by Equation 5.2, with a
similar cumulative distribution function(CDF) to the standard logistic random
variable.
........v

s

e

The function G (z) is an increasing function. It increases most quickly at z = 0,
for z —> oo, G (z) —> 0 and as z —> —oo, G (z) —> 1. To derive the logit model, we
will use a latent variable model, which is determined by the following equation:
y* = /30 + x/3 + e,

y = l\y* > 0]

(5.3)

where the notation 1[.] defines a indicator function, which represents the value
1 if the event in square brackets is true and value 0 when otherwise. Thus, y
is one if y* > 0 , and zero when y* < 0. We must also consider the assumption,
that e has the standard logistic distribution and is independent o f x.

Once

these assumptions are satisfied, from Equation 5.3 we can derive the response
probability for y:
P (y = l|x) = P (y* > 0|x = P [e > - ( / % + x/3)|x]
= 1 — G [—(/30 + x/3] = G (/30 + x /3 ),
which leads to the same result as in the case of Equation 5.1. In order to derive
the logistic regression model, we need to plug Equation 5.1 into Equation 5.2.

P (y = l|x) = G(/30 + x/3) =

exp(J30 + x/3)
1 + exp(j30 + x/3)

(5-4)

In a binary response model, the interpretation of the ¡3 coefficients is more
complicated compared to the linear probability model. This is caused by the
non-linear nature of function G (.). To obtain the partial effect o f explanatory
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variables Xj on the response probability P (y = l|x), we need to take the partial
derivative with respect to Xj.
(5-5)

w here g(z) =

As function G(.) is strictly increasing CDF, so is g(z) for all z. Thus, the
estimated sign of the partial effect of Xj always corresponds with sign of (3j.
Due to non-linearity of the logit model, maximum likelihood estimation needs
to be assessed. Assuming we have a large enough random sample of size n and
the density of yi given x, we can obtain the maximum likelihood estimator.
This can be written as
- G (xi/3)](1“?/),

y = 0,1

By taking the log of the previous equation, we can derive a log-likelihood
function
C(/3) = y i l o g ^ ^ i ^ } + (1 - yi)log[l - G(x;/3)]
Function G(.) lies strictly between 0 and 1, therefore G(/3) is well defined
for all values of [d. By summing all observations, for a sample size of n, we
receive a following log-likelihood function defined as £(/3) =
However, the logistic regression estimates are reported as log-odds and their
magnitude cannot be directly interpreted. Fortunately, application of exponen
tiation allows for an interpretation with the help of odds ratio. For a binary
variable, the effect of change from 0 to 1 is represented by the marginal effects.
In addition, different approach of obtaining marginal effects can be employed,
such as partial effect at average (PEA) or average partial effect (APE).
PEA is applied in order to acquire magnitudes of the partial effects for
’’average” person in the sample. However, summarizing the partial effect of
a binary variables using the PEA brings several problems.

In such a case

application of average partial effect(APE) makes more sense, as it yields better
results when there is a larger amount of binary variables. This method averages
the individual partial effects across the sample.
In case of logit, we cannot use the traditional R 2 as a goodness-of-ht mea
sure. We need to apply the pseudo R-squared, which is calculated by 1 —L ur/ L o
according to McFadden (1974), where L ur stands for the log-likelihood function
for the estimated model and L o represents the log-likelihood of the base model
including the intercept only. The magnitude of McFadden’s R-squared tells us,
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how much the variation in data is explained. Higher value means a better fit
of the model.

5.2

The OLS Model

In this part, ordinary least squares (OLS) estimation is introduced, alongside
the discussion on model specification and assumptions, which need to be satis
fied. Arising limitations of using an OLS are also presented and later on special
treatments are applied to compensate for the problems. A cross-sectional data
set will be analyzed, discussing characteristics and issues with standard errors.
In order to estimate the success of carsharing, which was previously defined to
be measured by the size of the fleet, several models will be introduced:
Hi — fio + X/3 + Ui

(5-6)

where yi stands for the log-transformed number of cars within the B2C
carsharing fleet for the city i, X is the vector of control variables, including
socio-demographic and geographic factors and

represents the error term,

which is assumed to be normally and identically independently distributed.
Due to the number of cars being considered as count data, it is no surprise,
that overdispersion is present. This can also be tested by taking the ratio of
the variance a 2 to the mean //,. The resulting ration is called the index of
dispersion. When the ratio is greater than one, the data are over-dispersed. To
treat for this situation, we log-transform our dependent variable to reduce the
variation of data and account for outliers.
As the process of choosing a city was determined by the size of population,
several cities exhibit null counts of cars. Consequently, the described process
would yield biased results, if null counts were included. In that case, a better
approach would be to use the negative binomial regression, which accounts
for the present zeros. However, we are interested in positive counts of shared
vehicles. Therefore log-transformed dependent variable in a OLS regression can
be applied.
When it comes to validity of the cross-sectional model, the Multiple Linear
Regression (MLR) assumptions have to be satisfied. For the brief discussion
of the included assumptions (M LR.l to MLR.5) see Appendix B. The first as
sumption is satisfied, as all the parameters are linear. Inclusion of as many
as possible explanatory variables in the model, allows to account for no cor-
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relation of the error term with the explanatory variables. Random sampling
condition was satisfied by randomly reducing the total amount of observations.
In addition, none of the independent variables in no linear relationship, there
fore multicollinearity does not pose a problem. To test for it, we apply the
VIF method. Finally, homoskedasticity can be checked by Breusch-Pagan test,
which is introduced in the following section.

Breusch-Pagan test
Firstly, consistency of the estimates needs to be checked in order to run any
tests. Consequently, application of Breusch-Pagan test allows to rule out the
heteroskedasticity of the error term. This is important for the BLUE (best
linear unbiased estimate) condition to hold. The fundamental approach of
Breusch-Pagan test lies within testing, whether the variance of error term is
dependent on independent variables. First, the OLS regression is run to ob
tain the u residuals. Then, u2 is regressed on all independent variables. By
applying the F-test, we assign the null hypothesis for homoskedasticity and an
alternative hypothesis to heteroskedasticity. If we reject the null hypothesis at
1% significance level, heteroskedasticity is present, resulting in the violation of
MLR.5. To treat for this situation use of heteroskedasticity robust standard
errors is needed.

Chapter 6
Results
This section presents the estimated results of regressions and describes the
properties of the assumptions. The R software was used to analyse and estimate
the data. We used two different regression analyses to estimate the impact on
B2C shared vehicle fleets in various cities and discover the reason behind non
presence of carsharing service in a city. In order to optimize model fit, we
log-transformed the variable on population in all regressions to normalize for
the outlying large cities.

6.1

Logit regression results

The motivation behind the use of logit regression was already discussed in the
previous section.

The logit model shows the difference between cities with

a present B2C carsharing service and those that do not. By combining the
theoretical part and proposed model, the following results were estimated in
Table 6.1.
In order to receive the best fitting model by maximizing the estimated
likelihood, we applied the likelihood ratio test on several models with varying
variables. The restricted and unrestricted models were compared, both being
fitted by maximum likelihood estimates. The LR statistic is computed accord
ingly: L R = 2 (£ ur — Cr), where Cur represents the log-likelihood value for
the unrestricted model and Cr stands for the restricted model log-likelihood
value. Multiplying by two in the equation assures, that LR has approximate
chi-square distribution with q degrees of freedom, L R ~ Xq (Wooldridge 2015).
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Table 6.1: Logistic regression

Dependent variable:
B2C
(1)

(2)

(3)

(4)

inc

0.001***
(0.0003)

0.001***
(0.0003)

0.001***
(0.0003)

0.001***
(0.0004)

dens

0.033
(0.136)

-0.077
(0.159)

-0.075
(0.164)

-0.097
(0.167)

metro

0.264
(0.492)

0.469
(0.538)

0.544
(0.577)

0.313
(0.601)

uni500

2.002***
(0.552)

2.065***
(0.571)

1.935***
(0.588)

1.744***
(0.601)

bike

0.107
(0.482)

0.160
(0.507)

-0.276
(0.659)

-0.385
(0.682)

prec

0.001
(0.001)

0.001
(0.001)

0.001
(0.001)

airpol

0.010
(0.007)

0.014
(0.009)

0.014
(0.009)

australia

-1.977*
(1.034)

-2.249**
(1.075)

america

0.536
(1.168)

0.356
(1.172)

asia

-0.891
(0.804)

-1.233
(0.872)

pop

0.019
(0.020)

Constant

-1.527**
(0.716)

-3.100***
(0.977)

-2.667**
(1.048)

-2.461**
(1.081)

Observations
Log Likelihood
Akaike Inf. Crit.
Pseudo R 2

225
-68.686
149.372
0.281

225
-64.895
145.790
0.322

225
-62.087
146.174
0.351

225
-61.357
146.713
0.357

Note:

p<0.1; **p<0.05; ***p<0.01
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In our analysis, we proposed the following logit model (4), which was se
lected, based on the results from the LR test, as the best fitting model. For
full the LR test results, see Appendix B .f. Equation 6.1 is used to estimate
the probability of a city having a car-sharing service present in connection with
certain determining factors. The applied function G(.) is a logistic function:
P (B 2 C = l|x) = G(/?o + Pipop + fo d en s
+ b,////z500 + Bpmetro + BRnke
+ Peine + (Rprec + figairpol

(6-1)

+ ftgam erica + (3wa u stra lia + /Snczsfo)
Following Section presents the estimated effects of independent variables on
B2C. The estimation process is executed based on the approach described in
Section 5.1.

The final selected model has 225 observations with a Pseudo

R 2 equal to 0.357. Standard errors reported in parentheses under the APE
estimates are robust standard errors.

6.1.1

Interpretation of results

The assumptions of Maximum Likelihood Estimation (MLE) are very general.
In order for the MLE to be consistent, asymptotically normal and efficient,
a large enough random sample needs to be obtained, as was defined in the
theoretical part of Chapter 5. Furthermore, due to non-linear nature of the
logit model, the analysis of estimates is not so straightforward. When it comes
to interpretation of the magnitude of the logit regression estimates, we need
to apply average partial effect (APE). Latter Table 6.2 presents the estimated
coefficients for model (4) and their corresponding APE values. Alternatively,
LPM was applied to serve as a robustness check for calculated estimates of
APE.
In case of LPM, the ordinary least squares assumptions must be satisfied.
First four assumptions are satisfied, resulting in the consistency of OLS esti
mator. However, due to general properties and by definition LPM violates the
fifth assumptions and therefore heteroskedasticity is present. Nevertheless, ap
plication of heteroskedasticity-robust inference allows to treat for this situation.
Results for LPM regression can be found in Appendix B.2.
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Table 6.2: The Logit regression and Average Partial Effects

B2C
Logit

A PE

inc

0.001***
(0.0004)

0.0001***
(0.0000)

dens

-0 .0 9 7
(0.167)

-0 .0 0 8
(0.0138)

m etro

0.313
(0.601)

0.0259
(0.0496)

uni500

1.744***
(0.601)

0.1441***
(0.0478)

bike

-0 .3 8 5
(0.682)

-0.0318
(0.0562)

prec

0.001
(0.001)

0.0001
(0.0001)

airpol

0.014
(0.009)

0.0011
(0.0007)

australia

-2.249**
(1.075)

-0.1859**
(0.0851)

america

0.356
(1.172)

0.0295
(0.97)

asia

-1 .2 3 3
(0.872)

-0.1019
(0.0.0706)

pop

0.019
(0.020)

0.0016
(0.0016)

C onstant

Observations
Pseudo R 2
Note:

-2.461**
(1.081)
225
0.357

*p<0.1; **p<0.05;***p<0.01

225
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According to several studies, population density is commonly presented as
one of the most defining factors for a successful functioning of carsharing sys
tem alongside the city size (Braun et al. 2016; Shaheen & Cohen 2013). It was
therefore expected that population density and city size, expressed by popula
tion, would be most defining, however in our case both of these independent
variables are statistically insignificant. Additionally, the negative sign at the
effect of population density comes by surprise. This could be explained by the
fact, that cities with population larger than 150,000, which are included in the
data set already exhibit a specific density benchmark.
Interestingly, the second column of Table 6.2 reveals, that a city situated
in the Australia and Oceania region is 18,5% less likely to have a carsharing
service present at a 5% significance level. This may be caused by the slow and
constrained adoption of carsharing services in this area. Similarly, the limited
Australian cultural adjustment towards sharing and prevailing attachment to
private vehicle poses a certain barrier (Nawangpalupi & Demirbilek 2008).

Hypothesis Testing
The introduced hypothesis from Chapter 4 can be tested by the proposed model
6.1 and with the application of APEs:
H y pothesis 1
Larger cities have a positive impact on the presence of B2C carsharing.
The sign of pop is positive, however the hypothesis cannot be supported even
at a 10% significance level due to the statistical insignificance of the variable.
H y pothesis 2
A higher population density has a positive effect on the presence of B2C car
sharing.
As was discussed previously, higher population density should have a positive
impact on the presence of B2C car sharing system, however the resulting APE of
dens yielded a negative sign alongside it’s insignificance. Thus, the hypothesis
cannot be supported either.
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H y pothesis 3
A presence o f university within the top 500 in the city has a positive impact on
the presence o f B 2C carsharing.
Third hypothesis can be supported at a 1% significance level. The predicted
sign of uniSOO variable corresponds with the resulting APE. Correspondingly,
a presence of university within the top 500 according to the Shanghai ranking
increases the probability of a B2C carsharing platform being active in the city
by almost 15%. This may be caused by the fact, that younger individuals,
students, consist of the largest segment of users of carsharing.

H y pothesis 4
A presence o f metro system in the city has a positive impact on the success of
B 2C carsharing.
Due to the insignificance of the variable even at 10% significance level, the
hypothesis cannot be supported.

H y pothesis 5
A presence o f bikesharing program in the city has a positive impact on on the
success o f B 2C carsharing.
The resulting APE yielded a different sign than was predicted, however the
hypothesis cannot be supported at any significance level.

H y pothesis 6
Higher income per capita has a positive impact on the presence o f B 2C car
sharing.
This hypothesis is supported at 1% significance level. It was hypothesized,
that higher income would increase the probability of car-sharing, even though
according to economists carsharing can be viewed as an inferior service. With
increasing income individuals are more likely to own a private car. However,
the results yielded an opposite result. As the income per capita of the city
increases so does the chance of a carsharing service being present.
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H y pothesis 7
Frequent rainfall has a negative influence on the presence o f B 2C carsharing.
The seventh hypothesis cannot be supported, as the variable is insignificant
even at the 10% significance level.

H y pothesis 8
Higher levels o f air pollution negatively impact the presence o f B 2C carsharing.

The last hypothesis cannot be supported either, as the variable is similarly
insignificant also beyond the 10% significance level.
Overall, all hypotheses were tested, however only results of Hypothesis 3 and
Hypothesis 6 are claimed to be statistically significant. Other hypotheses could
not be evaluated due to the statistical insignificance of their corresponding
variables.

6.2

OLS regression results

This section presents the results of the OLS regression model. As we are inter
ested in the intensive margin of the shared vehicles within the cities, the cities
with null counts were not included in this regression. We analyse the impact
of several demographic and geographic features on the size of B2C carsharing
fleets in cities. The presented theoretical background in Chapter 5 is applied.
All included models are tested for multicollinearity and heteroskedacticity.
Firstly, we apply the variance inflation factor (VIF) method to test for
multicollinearity. It is a test that provides an index measuring by what size does
the variance in the estimated regression coefficients increased due to collinearity.
A problem arises, when the value is larger than 10. In our case, none of the
coefficient values in any of the models have this issue, therefore we can conclude,
that multicollinearity is not present.
Once assumptions M LR.l to MLR.4 are satisfied, we can claim that the es
timates are consistent and further application of tests is possible. Importantly,
all of our parameters are linear and according to VIF method, we found out
no perfect collinearity among the independent variables. In order to account
for the MLR.4, the zero conditional mean assumptions, we try to control for
as many as possible independent variables in our model. Since, our estimates
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satisfy these conditions, we can proceed to the next step. Subsequently, we
need to run the Breusch-Pagan (BP) test to find out, whether our error term
exhibits heteroskedasticity (Wooldridge 2015). We apply BP test for all three
models used in the following analysis. All BP tests yielded results with p-value
larger than 0.05, thus we do not reject the null hypothesis and homoskedasticity is present. Therefore, we are not forced to apply the robust standard errors
for valid inference.
Following Table 6.3 presents an overview of the results for all three log-level
OLS regression models. First column reports the results for linear regression
model (1) without control variables for continents and population. By moving
to the next columns, population and geographical controls are added. Finally,
the last model (3) is presented with a full set of control variables expanded by
the capital dummy variable.
We focus on the magnitude of R 2, which is a measure of the goodness-of-ht
of our model, informing us how well the model explains the variance in the
explanatory variables. As we can see, all three log-level models have a rather
high R 2 with a value close to 50%. This can imply, that 50% of the variability
of the dependent variable has been accounted for. The adjusted R 2, which is
adjusted for the number of covariates, shows the best fit for the model with all
control variables. However, adjusted R 2 for the previous two restricted models
is rather high as well.
From now on, we will focus on the full model (3), given by the following
Equation 6.2. Following section will present and discuss the estimated results.
log(carsi) = /% + (RinCi + (RdenSi + [RmetrOi +
+ (Rbikei + (RpreCi + (Rairpoli + ft8au straliai
+ figam ericai + fRoasia,i + fRipopi + fivzcapi + Ui

6.2.1

(6-2)

Interpretation of results

The variables and its effects on carsharing fleet size can be summarized as
follows. Positively, a large number of applied variables are highly statistically
significant. On the other hand, income per capita, bikesharing presence and air
pollution came out to be insignificant for the fleet size even at a 10% significance
level. The insignificance can be explained by the fact, that air pollution does
not seem to have an important role for the decision-making process of CSOs,
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as a large proportion of them already supply the market with fully electric
vehicles, which are therefore supported by the local authorities. The resulting
estimate of income can be caused by the contradictory effects. Several studies
presented, that higher income individuals tend to adapt to new innovations,
such as shared mobility, at higher pace, whereas other researches concluded,
that carsharing can cut on the vehicle costs, allowing lower income individuals
to utilize a shared vehicle. To some extent, success of bikesharing program
can measure an acquaintance to sharing economy and subsequently affect the
success of carsharing, however the estimate came out to be insignificant.
In addition, it is also important to compute the joint significance of the
variables, which were statistically insignificant. With the help of F-test we
can determine, whether the variables can be dropped out of the model. The
resulting p-value is equal to 0.002, therefore we fail to reject the null hypothesis,
stating that all coefficients are equal to 0 at 1% significance level. In this case,
even though some of the variables are independently insignificant we can keep
them in the model.
In Table 6.3, we can briefly summarize the relationship among dependent
and independent variables by inspecting the signs of estimated coefficients. We
focus on statistically significant coefficients. As expected, we see that popula
tion, a proxy for the city size, and density have a positive sign. Thus carsharing
fleets are expected to be larger in more populated and highly dense areas. This
fact indicates an urban scaling, where the number of shared vehicles grow as
the size of population increases (Bettencourt et al. 2010). Additionally, posi
tive sign at capital does not come by surprise either. Capital cities are usually
larger and more developed, resulting in a higher amount of shared vehicles.
Presence of top ranked university and metro system in the city, also have an
impact on the increased size of carsharing vehicles, which is also in line with
our prediction. By adding more control variables magnitude of density and
metro seems to be reducing. Clearly, such a decreasing trend is connected with
the introduction of cap variable, as capital cities are more dense and tend to
frequently have metro systems. When it comes to the sign of the coefficient of
precipitation, we see that it is positive, however the magnitude of the effect is
rather insignificant. In case of Australian regions, we found a negative sign,
which can be explained by the fact, that the included cities from Australia and
Oceania are on average larger in size. However, when it comes to size of fleets,
they are way bellow the global average.
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Table 6.3: Log-level OLS regression results

Dependent variable:
log(cars)
(1)

(2)

(3)

inc

0.0001
(0.0001)

0.0002
(0.0001)

0.0002
(0.0001)

dens

0.235***
(0.064)

0.207***
(0.065)

0.195***
(0.065)

metro

0.819***
(0.181)

0.729***
(0.183)

0.652***
(0.187)

uni500

0.780***
(0.186)

0.894***
(0.191)

0.871***
(0.191)

bike

0.050
(0.219)

0.299
(0.242)

0.281
(0.241)

prec

0.001***
(0.0003)

0.001***
(0.0003)

0.001***
(0.0003)

-0.001
(0.003)

-0 .00 4
(0.003)

-0 .00 4
(0.003)

australia

-0 .66 0
(0.427)

-0.743*
(0.427)

america

-0 .16 9
(0.234)

-0 .13 8
(0.233)

asia

0.820**
(0.355)

0.904**
(0.356)

pop

0.011***
(0.003)

0.010***
(0.003)

airpol

0.462*
(0.260)

cap

Constant

2.619***
(0.423)

2.419***
(0.424)

2.391***
(0.422)

Observations
191
191
191
R2
0.489
0.511
0.519
Adjusted R 2
0.467
0.480
0.487
F Statistic
21.81*** (8; :182) 16.97*** (11; 179) 6.68;*** (11; 179)

Note:

p<0.1; **p<0.05; ***p<0.01
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Regarding the magnitudes of the significant variable, the results can be
summarized as follows. When focusing only on the dummy variables in model
(3), we see that the second to highest effect on fleet size can be assigned to
the presence of top ranked university in the city. If the city has a prestigious
university the fleet is 87% larger. This is a considerably high number, however,
we must not forget, that carsharing is mostly utilized by younger and highly
educated individuals. Millard-Ball (2005) also indicated university campuses
as an important environment for the successful implementation of car-sharing.
Similarly high effect has the metro transport system, when it is present we can
expect the carsharing supply of cars to increase by 65.2%. This is no surprise,
as people willing to use public transport more often are highly likely to utilize
carsharing as another form of mobility. Furthermore, a capital city tends to
have a 46.2% higher amount of shared B2C vehicles.
Having set the Europe as a base group, when considering the dummy vari
ables for continents, we see that the largest fleets per city are expected to be in
Asian cities, whereas the lowest can be found in Australia and New Zealand.
Specifically, the size of shared mobility fleets in Asian cities is reported to be
90% higher than European cities, however this could be skewed by extremely
high B2C fleets in Shanghai, Beijing and Moscow. In case of Australia and
Oceania, cities exhibit a fleet size being 74.3% smaller as opposed to Europe.
To examine the results of significant continuous variables, such as density,
population and precipitation, we illustrate their relationship on the amount of
B2C cars in the following way. Increase in x by one unit is expected to change
the size of shared B2C fleets by 100/3j percent. Therefore, if we increase the
population by 100,000 inhabitants1, which in this case is the one unit change,
fleet size increases by 1% holding other factors constant. Moreover, a one unit
change in density2 accounts for 19.5% increase in the amount of shared vehicles.
Precipitation change by 10 units is expected to increase the fleets by 1%. This
Ending is in line with a study by Schmoller et al. (2015), claiming rainfall can
affect the short-term car-sharing supply, however to a certain threshold. If the
diffusion of free-floating shared vehicles is high, an unexpected rain can force
people to react immediately and rent a by-standing car. On the other hand, a
low diffusion does not allow for this to happen so often, as individuals are not
willing to walk a longer distance to find a shared car.

1Population size is given in the format of hundred thousands
2Density is denoted in the format of thousands (e.g. 1,2 = 1200 in h a b /k m 2)
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6.2.2

Shared vehicles per capita

To allow for comparison between different sized cities, we introduced a slightly
adjusted dependent variable, cars by city population (c&p). The variable is
expressed by a ratio number of shared B2C vehicles among 100,000 inhabitants.
The following Table 6.4 displays the resulting coefficients for log-level OLS
regression. By contrast, a level-level regression is included in the Appendix
C.l to provide a thorough analysis.
By introducing the dependent variable for shared vehicles per capita, we can
observe, that most of the previously significant estimates lost their significance.
Importantly, independent variables for capital and metro clearly exhibited the
urban scaling phenomenon. Unsurprisingly, there is a negative sign at estimate
of pop. This is in line with our prediction that cities with relatively high
population size have lower shared B2C vehicle ratios. Applying the F-test on
insignificant variables yielded a p-value of 0.01, therefore we can reject the null
hypothesis and keep all the estimates in our model.
On the other hand, estimate for air pollution is now statistically significant
at 10% significance level, indicating lower amounts of shared B2C cars per
capita in more polluted cities. This finding is in line with a study by Baptista
et al. (2014) indicating that extensive carsharing usage has the potential to
reduce total number of vehicles needed to satisfy the demand, which in result
cuts on the pollutants. An increase in air pollution by 10 units reduces the
amount of shared cars per capita by 5% holding other factors constant.
As expected, presence of prestigious university significantly accounts for a
large increase in vehicle ratio. To be specific, if a city contains a top ranking
university the ratio is expected to increase by 52.6%. Alternatively, in the levellevel model, cities with an active prestigious university have the shared B2C
vehicle ratio larger by approximately 20 cars per 100,000 inhabitants. Further
more, cities in America and in Australia region seem to be far behind Europe
with the extensive adoption of shared fleets. Although the cities are large in
size, in terms of population, proportion of shared vehicles among 100,000 in
habitants is low. In terms of shared B2C vehicle rate, this results in expectation
of 57 less cars for Australian region and roughly 18 cars less for North America.
Interestingly, we can observe that coefficient of inc is now statistically sig
nificant at 1% significance level. The results yielded a positive sign. This would
correspond with the fact, that cities with higher income have a greater ratio of
shared B2C vehicles per capita.
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Table 6.4: Regression results on shared cars per capita
Dependent variable:
log(cbp)
pop

-0.008***
(0.003)

inc

0.0003***
(0.0001)

dens

0.107*
(0.061)

metro

0.280
(0.175)

uni500

0.526***
(0.178)

bike

0.180
(0.225)

prec

0.001***
(0.0002)

airpol

-0.005*
(0.003)

australia

-1.810***
(0.399)

america

-0.938***
(0.218)

asia

0.129
(0.333)

cap

0.271
(0.243)

Constant

1.551***
(0.395)

Observations
R2
Adjusted R2
F Statistic
Note:

191
0.325
0.280
7.142*** (df = 12; 178)
p<0.1; **p<0.05; ***p<0.01

Chapter 7
Conclusion
The focus of the thesis was to examine the factors affecting the presence of B2C
carsharing alongside determinants defining the size of shared fleets within a city.
Several regressions were adopted to find the relationships between number of
cars and certain socio-demographic and geographic variables on a sample of 225
cities. The study was motivated by similar researches by Mtinzel et al. (2017)
and Blomme (2016), however they targeted only a certain region, specifically
Europe. This paper expands the point of view to a global scale, allowing for
more generalized conclusions.
Firstly, the presence of carsharing service in a city was estimated using the
logit model to determine, which factors have the highest impact. To interpret
the estimates, we used average partial effects (APE). Results revealed, that
the presence of a top ranked university has a significantly positive effect on
the probability of a B2C car-sharing service being active within the city limits.
In particular, a city containing a prestigious university is 15% more likely to
maintain a shared mobility platform. The findings yield a positive effect on the
income per capita. Additionally, cities situated in Australia and Oceania are
17% less likely to have an active shared mobility service.
Subsequently, a log-level OLS regression was applied to estimate the success
of B2C carsharing in terms of fleet size. The highest positive impact on the
amount of shared cars corresponds with the presence of prestigious university
and a metro transport system. To be specific, if a city contains a university
it has a 87.1% larger amount of shared B2C cars, whereas a city with subway
system is expected to have a 65.2% larger fleet. As expected, both population
size and density were found to have positive impact on size of fleets. Alterna
tively, to account for the urban scaling, we introduced a model with cars per
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100,000 inhabitants, as a dependent variable. Adjustments to the dependent

variable lead to capital losing on significance along with density. On the hand,
air pollution became relatively significant in explaining the share of B2C cars.
Carsharing is a fast-moving and expanding market. During the time this
thesis was written, fleets of B2C shared vehicles in Prague increased by a dou
ble, as a new CSO was introduced to the Czech market. This situation is same
for most of the larger cities globally. Fleet sizes are increasing at a fast pace and
the administrative city authorities are more frequently promoting the shared
mobility as sustainable mode of transportation. Additionally, large proportion
of CSOs are shifting towards the fully electric or hybrid vehicles.
Future research on the success of carsharing could be assessed by controlling
for several more demographic variables. Specifically, age distribution of city
population and varying billing methods across CSOs could be accounted for.
Another possible direction could be by extending the scope to several other
countries from South America, which are still at a brink of adoption of the
shared mobility. Equally, further research could control for interaction effects,
as it could also yield more detailed results.
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Appendix A
Tables
Table A .l: List of carsharing operators

C a r s h a r in g o p e r a to r

W e b s ite

24Rent

h ttp s://w w w .24rent.fi/en

Aimo

https: / / aimosolution.com

Anytime

https://anytim ecar.ru/en

Auto Bleue

https: / / auto-bleue.org

A utolib’

https: / / autolib.eu

AutoNaPül

https: / / autonapul.cz

Bei Anruf Auto e.V.

https: / /beianrufauto.de

Bluecub

https: / /bluecub. fr

blueindy

https: / /blue-indy, com

Bluely

https: / /bluely. eu

Bluemove

https: / /bluem ove. es

Cambio

https: / / cambio.com

Car 4way

https: / / car4way.cz

Car 5

h ttps://car5.ru

Carsharing Palermo

https: / / carsharingpalermo.it

Catch-A-Car

https://w w w .catch-a-car.ch/en/geneva

Citiz

h ttp s://citiz.fr

City Car Club

https: / / citycarclub.h

Clutch

https: / / clutchatlanta.com

Colesa

https://colesa.ru

CommunAuto

https: / / communauto.fr

ConnectCar

https: / / connectcar.nl
Continued on next page
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Table A . l — continued from previous page
Carsharing operator

W ebsite

Corrente
Delimobil
DriveNow
Driveyoyo
Easyrent
E-Car Club
Ekar

https: / / corrente.bo.it
https: / / delimobil.ru
https: / / drivenow.com
https: / / driveyoyo.com

Ekorent
Emov
Enjoy
Enterprise Car Club
Enterprise Car Share
EvCard
Evo
Flexicar
Flinkster
GIG Car Share
Free2move
GoCar
GoFun
GoGet
GoNow
Greenmobility
Hertz 24
hoplaCar
Ioniq
Karkulka PMDP
LetsGo
Lit Car
Marguerite
Matresh Car
Maven
MobiCar
Mobility

https://easyrent.com.tw
https://ecarclub.co.uk
https://ekar.ae
https://ekorent.h
https: / / emov.eco
https://enjoy.eni.com
https://enterprisecarclub.co.uk
https://enterprisecarshare.com
https://evcard.com
https://evo.ca
https://flexicar.com.au
https://flinkster.de
https://gigcarshare.com
https://w w w .free2move-carsharing.com
https://gocar.ie
no website available
https://goget.com.au
https://www.gonow.fi/en
https: / /greenmobility. com
https: / /hertz, com
https: / / www.hoplacar.cz
https: / /ioni qcarsharing.nl
https: / /kar kulka.pmdp.cz
https://letsgo.dk
https://lifcar.ru
https: / /imarguerite.com
https://matreshcar.ru
https: / / maven.com
https: / / mobicar.tr
https: / / mobility, ch
Continued on next page
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Table A . l — continued from previous page
Carsharing operator

W ebsite

Move About
My-E-Car

https://move-about.de
https://www.my-e-car.de
https: / / mywheels.nl
https: / / www.pand-auto.com

MyWheels
Pand-Auto
Peg City Car Co-op
Pony Car
Poppy
ReachNow
Revolt
Share’N Go
Sixt Share
Stadtteilauto
Statt Auto
Studentcar
Sunfleet
teilAuto
tim
ToGo
Ubeeqo
uDrive
Vrtucar
Waive
Wible
Willmobil
Yandex
Yea!
YouDrive
Yuko
Zip car
Zuche

https: / / pegcitycarcoop.ca
https: / /iponycar.com
https: / / poppy.be
https: / / reachnow.com
https://revolt.cz
https: / / site.sharengo.it
https://sixt.com
https: / / stadtteilauto.de
https: / / stattauto.com
https: / / studentcar.nl
https: / / sunfleet.com
https: / / teilauto.net /
https://tim -graz.at
https: / / mytogo.com
https: / / ubeeqo.com
https: / / www.udrive.ae
https: / / vrtucar.com
https://w w w .waivecar.com
https://www.wible.es/en
https: / / willmobil.de
https: / / yandex.ru
https://yea.citiz.coop
https://youdrive.today
https://yuko-carsharing.it
https: / / zipcar.com
https: / / zuche.com
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Table A . 2: List of eligible cities

C o u n try
Australia

Austria

Belgium

Canada

Czech Republic

Denmark

C ity

P o p u latio n size

Sydney

4 792 281

Melbourne

4 770 894

Brisbane

2 338120

Perth

2117812

Adelaide

1 320 323

Canberra

479 018

Hobart

287119

Vienna

1922 093

Graz

344 639

Linz

271 234

Salzburg

228 583

Brussels

2191765

Antwerp

538 963

Gent

261475

Charleroi

202 386

Liège

198 784

Toronto

2 732145

Montreal

1704694

Ottawa

1363159

Calgary

1 165 845

Edmonton

962 169

Mississauga

791533

W innipeg

714 899

Vancouver

631490

Québec

531902

Oakville

213 234

Prague

1291552

Brno

369 559

Ostrava

286 880

Pilsen

170 500

Copenhagen

620 826

Aarhus

273 294

Odense

180 242

Continued on next page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
Finland

France

Germany

C ity

P o p u la tio n size

Helsinki

648 650

Espoo

285 838

Tampere

231837

V antaa

222 012

Oulu

206 500

Turku

189182

Paris

7900 952

Lyon

1 690 105

Marseille

1 599 198

Bordeaux

945 493

Nantes

661 737

Nice

645 138

M ontpellier

450 077

Grenoble

435 187

Toulose

433 055

Strasbourg

421605

Dijon

282 813

Le Havre

234 296

Lille

228 328

Rennes

212 604

Berlin

3 552123

Ham burg

1792 904

Munich

1532 940

Cologne

1 154871

Frankfurt am Main

650112

Düsseldorf

624 876

S tu ttg art

589 793

Bremen

546 501

Dresden

543 825

Hannover

515140

Leipzig

504 971

Bonn

337 210

M ünster

311846

M annheim

307960

Continued on next page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
Germany

China

C ity

P o p u la tio n size

Karlsruhe

304 320

Aachen

265 208

Augsburg

259 196

Halle an der Saale

234107

Freiburg

215 966

Mainz

207451

Kassel

194 551

Osnabrück

166 462

Shanghai

25 582138

Beijing

21867900

Shenzen

12 749 473

Guangzhou

12 452 420

Wuhan

10 684 840

Chongqing

7457600

Chengdu

7415 590

Nangjing

7 369157

Qingdao

6154 740

Foshan

5 415140

Zhengzhou

4 387118

Jinan

4 345 810

Changshang

3 761018

Hefei

3 347591

Tianjin

2 754880

Wenzhou

2 686 474

Nanchang

2 526 814

Lishui

2 145 740

Xuzhou

1917791

Shaoxing

1727547

Taizhou

1 183 925

Zhenjiang

1049 853

Ji axing

970 230

Yancheng

894 754

Quzhou

559 555

Continued on next page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
Italy

Netherlands

New Zealand

Norway

Portugal

C ity

P o p u la tio n size

Rome

3 548 714

M ilan

1587415

Naples

1 006 349

Turin

938 976

Palermo

673 868

Genova

603 204

Florence

422 618

Bologna

412 251

Verona

273 312

Venice

261901

Parm a

216 929

Am sterdam

1 233 279

R otterdam

998 451

T he Hague

533 002

U trecht

345 184

Tilburg

222 089

Eindhoven

209 620

Breda

187654

Groningen

181194

Nijmegen

179 874

Haarlem

167860

Amersfoort

159120

Auckland

1 674 750

Christchurch

377200

W ellington

212 700

Ham ilton

169 250

Oslo

685 080

Bergen

287 345

Trondheim

194 229

Lisbon

545 245

Sintra

388 212

Porto

218 500

Loures

210 921

Continued on next page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
P o rtu g a l

R u ssia

S p ain

Sw eden

S w itz erlan d

C ity

P o p u la tio n size

B ra g a

197 281

A lm a d a

183 421

M oscow

12 409 738

S t. P e te rs b u rg

5110068

N ovosibirsk

1645 992

Y e k a te rin b u rg

1493192

O m sk

1 189 887

S a m a ra

1 177602

U fa

1141821

V olgograd

1012121

V la d iv o sto k

604 500

K u rsk

451921

M ag n ito g o rsk

424 621

M a d rid

3 1 6 6 484

B a rc elo n a

1609 455

V alencia

777129

Seville

695 405

Z a rag o z a

646 438

M á la g a

576 162

A lican te

336 688

E lche

236 712

G ra n a d a

231879

B a d a lo n a

213 867

S to ck h o lm

1000174

G ö te b o rg

577451

M alm ö

343 770

U p p sa la

219 895

L in k ö p in g

159 000

V ä s te ra s

152 255

Z ürich

415 671

G eneva

200 541

B asel

175 940

C o n tin u e d on n e x t page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
Turkey

UAE

UK

C ity

P o p u la tio n size

Istanbul

15 321516

Ankara

5 034698

Izmir

2 957334

Bursa

1972 931

G aziantep

1 763 044

A dana

1756120

Dubai

3 135 925

Abu Dhabi

1406116

Sharjah

656 842

A1 Ain

627940

Ajman

305 462

Ras A1 K haim ah

263 158

London

8 745 571

Birmingham

1 123 000

Newcastle

837500

Liverpool

793 000

Leeds

754 000

Sheffield

685 368

Bristol

670 934

M anchester

621457

Glasgow

595 800

Dublin

527612

Edinburgh

464 990

Bradford

365 000

Leicester

351466

Cardiff

345 910

Belfast

341 779

N ottingham

289 301

Brighton

288 144

Southam pton

253 301

York

198 051

Oxford

150 200

Continued on next page
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T a b le A .2 — c o n tin u e d fro m p re v io u s p a g e
C o u n tr y
USA

C ity

P o p u la tio n size

New York

8 893 220

Los Angeles

4 309 530

Chicago

2 744835

Houston

2 638 045

Philadelfia

1885 211

Phoenix

1665 670

San Diego

1487034

Dallas

1402 641

Austin

984 433

Jacksonville

894 733

San Francisco

890 750

Indianapolis

885 603

Seattle

748 724

Boston

729 036

Detroit

719 050

Washington

705 513

Nashville

698 484

Denver

685 012

Memphis

663 169

Portland

660 085

Atlanta

624 889

Milwaukee

599 316

Sacramento

520 353

Baltimore

504 990

Miami

467 221

Minneapolis

422 240

Cleveland

387 332

Pittsburgh

319 343

Appendix B
Tests and Assumptions
LR tests
M l:

B 2 C ~ inc + dens + m etro + mto500 + bike

M 2:

B 2 C ~ inc + dens + m etro + mto500 + bike + p rec + airpol

M 3:

B 2 C ~ inc + dens + m etro + mto500 + b ik e + p rec + airpol + au tra lia +

a m erica + a sia
M 4:

B 2 C ~ inc + dens + m etro + mto500 + b ik e + p rec + airpol + au tralia +

a m erica + a sia + pop
Table B .l: Likelihood ratio tests results

Likelihood-ratio test
(M l nested in M2)

C h isq = 7.5821
P r(> C h isq) = 0.02257

Likelihood-ratio test
(M l nested in M3)

C h isq = 13.197
P r(> C hisq) = 0.0216

Likelihood-ratio test
(M l nested in M4)

C h isq = 14.658
P r(> C hisq) = 0.02309

Likelihood-ratio test
(M2 nested in M3)

C h isq = 5.6151
P r(> C hisq) = 0.1319

Likelihood-ratio test
(M2 nested in M4)

C h isq = 7.0761
P r(> C hisq) = 0.1319

Likelihood-ratio test
(M3 nested in M4)

C h isq = 1.461
P r(> C hisq) = 0.2268
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LPM regression
Table B.2: LPM regression results - robustness check for logit

Dependent variable:
b2c
inc

0.0001***
(0.00003)

dens

0.003
(0.016)

metro

-0.015
(0.049)

uni500

0.162***
(0.051)

bike

-0.009
(0.062)

prec

0.0001
(0.0001)

airpol

0.002**
(0.001)

australia

-0.226**
(0.106)

america

-0.010
(0.066)

asia

-0.214**
(0.085)

pop

0.001
(0.001)

Constant

0.357***
(0.101)

Note:

p<0.1; **p<0.05; ***p<0.01
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VIF method
Table B.3: Variance inflation factor

Variables
inc
dens
metro
uni500
bike
prec
airpol
australia
america
asia
pop
cap

Ml
1.4099
1.4773
1.2625
1.1849
1.1454
1.1185
1.7660

M2
1.6668
1.5461
1.328
1.2869
1.4265
1.1393
2.1287
1.1920
1.3897
2.7982
1.6301

M3
1.6672
1.5624
1.4045
1.2931
1.4292
1.1681
2.1288
1.2066
1.3997
2.8476
1.6819
1.2813

Assumptions
Under Assumptions MLR.1 through MLR.5, the (3j estimator is the best linear
unbiased estimator (BLUE) (Wooldridge 2015).
M L R .l.

Linear in P aram ete rs

The applied equation of the models is

always linear in parameters.
M L R .2 .

R and om Sam pling We have a random sample of n observations

following the population model from Assumption M LR.l.
M L R .3 .

No P e rfe ct C ollin earity

There is no exact linear relationship

between independent variables.
M L R .4 .

Zero C ond itional M ean

The error term u has an expected

value of zero given any independent variables. To treat for this, as many as
possible independent variables were included in the model, so that there is no
correlation between the explanatory variables and the error.
M L R .5 .

H om osked asticity The error term u has the same variance given

any values of the explanatory variables.

Appendix C
Additional regressions
Table C.l: Additional regression results on shared cars per capita
Dependent variable:
cbp
pop

-0 .3 5 1 "
(0.145)

inc

0.013"
(0.005)

dens

3.438
(3.122)

metro

10.986
(9.033)

uni500

20.195"
(9.197)

bike

12.649
(11.600)

prec

0.034"*
(0.013)

airpol

-0.190
(0.134)

australia

-57.879*"
(20.584)

america

-18.577*
(11.230)

asia

5.348
(17.180)

cap

9.537
(12.549)

Constant

-32.561
(20.352)

Observations
R2
Adjusted R2
Note:

191
0.219
0.166
*p<0.1; **p<0.05; ***p<0.01

