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ABSTRACT 

Background 

Bikesharing is a versatile intervention, that enables cheap and convenient cycling for urban 

populations, and according to recent literature, has a positive impact on health, safety and the 

economy. Many of these impacts are based on the assumption of a modal shift induced by 

bikesharing, i.e. implementing a Bicycle Sharing System (BSS) will increase population 

cycling. However, the evidence is inconclusive. The aim of this study was to evaluate if the 

intervention of implementing a BSS increases cycling. The study was conducted using bicycle 

count data from Helsinki between 2014 to 2018. 

 

Methods 

A controlled interrupted time series design was used in combination with segmented regression 

as the method. An intervention series and a control series were analysed separately. The slopes 

(trend) and intercepts (level) of pre-intervention (2014&2015) segments were compared with 

post-intervention segments (2016-2018). The same analysis was performed in both 

intervention series and control series. 

 

Results 

The results from the intervention series showed an increase of 105% in the level of the outcome 

after the implementation of the intervention. Simultaneously, the control series showed that the 

underlying trend of cycling remained largely unchanged during the whole study period (level 

increased by 3%). Stratified analysis supported these results in both intervention and control 

series.  

 

Conclusion 

The analysis of the intervention series revealed, that the level of the outcome increased sharply 

after the intervention, implying that the intervention had an immediate effect. However, the 

lack of statistical significance in the analysis of the slopes made it impossible to determine if 

the effect was sustained.  
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1. INTRODUCTION 

In 2016 the 71st general assembly of the United Nations witnessed several keynote speakers 

discussing the global megatrend of urbanization. These speakers at the general assembly 

described how the current global response to the challenges of urbanization is inadequate and 

how, no less the fate of humanity depends on how governments address those challenges(1). 

Urbanization is a global trend that has rapidly been transforming societies, making urban 

environments the primary habitat of humankind in 2008. In a matter of decades the global urban 

population has grown from 30% in 1950 to roughly 55%, and is predicted to grow to 68% by 

2050(2). In many aspects’ urbanization has been a great success, creating an advantage for 

urban populations in health and fortune compared to their rural counterparts. Urban populations 

have better vaccination coverage and uptake of health interventions than rural populations and 

possibilities of attaining wealth and employment are more wide-ranging in urban 

environments, to mention a few(3). The same effects are seen in every country income group, 

but as the level of urbanisation tends to be lower in low income countries, also the positive 

effects (employment, public services etc.) of urbanisation are smaller in magnitude(4). 

However, urbanisation also has multiple negative effects on urban populations, especially the 

health of a population. There is strong evidence, that urbanisation has a negative effect on 

physical activity, which in turn is strongly associated with multiple non-communicable 

diseases e.g. cardiovascular disease(3). Air pollution density (emissions per land area), as well 

as air pollution per capita are higher in urban areas(5). Thus, urban populations are exposed to 

a greater amounts of air pollution, which in turn is also associated with multiple non-

communicable diseases like cardiovascular disease, stroke, diabetes and neurodegenerative 

diseases(6). 

For the purpose of this thesis, some of these negative effects of urbanisation are discussed in 

the context of bikesharing. The implications of these effects and the challenges they cause are 

complex in nature and closely linked to Non-Communicable Diseases (NCD’s). This approach 

was chosen, as the investigated intervention of Bicycle Sharing Systems (BSS) has the potential 

to mitigate multiple negative effects of urbanization. Due to the complex nature of the 

relationship between urbanization, NCD’s and BSS’s, the abovementioned relevant risk factors 

for NCD’s, present in urban environments, are discussed to clarify the context. 
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1.1 Non-communicable diseases 

Even though age standardized mortality rates for NCD’s have been decreasing globally during 

the last decade, the total number of deaths has increased to roughly 72% (40M) of all deaths 

worldwide, mostly due to population growth, population ageing and epidemiological 

transition(7). Previously NCD’s were considered to exclusively burden the developed 

countries. But as low- and middle-income countries have begun their epidemiological 

transitions driven by urbanization, globalization etc., the exposure to risk factors for NCD’s 

has also increased(8). As mentioned above, there are 2 risk factors (air pollution and physical 

inactivity) for NCD’s present in urban environments that are of interest in this study and they 

both increase the risk of NCD related mortality. The causal association between air pollution 

and multiple NCD’s is well documented (multiple cardiovascular and pulmonary diseases and 

mortality). However, emerging evidence is claiming causal associations also between air 

pollution and diabetes and neurodegenerative disease to mention a few(6). Physical inactivity 

increases the risk for many of the same diseases as air pollution, as well as multiple cancer 

types and depression. The reason why air pollution and physical inactivity are risk factors of 

interest to this thesis is the fact they both have a similar disease profile; they increase the risk 

for many of the same diseases.  

1.2 Air pollution 

The first major risk factor of interest for this thesis is air pollution. In the fall of 2018 WHO 

held its first ever Global Conference on Air Pollution and Health. The agenda of the conference 

was to update current knowledge on air pollution and its implication to human health. Strategies 

to mitigate impact on human health were also discussed and they were accompanied with a call 

for urgent action against air pollution and NCD’s(9). 

Air pollution is especially deadly in urban environments, as it is estimated to have a 50% higher 

per capita mortality rate than in rural environments(10). One of the major causes of air pollution 

is motor vehicle traffic, which is linked to urban development and the urban environment. The 

reason for this is, that urban development is often motor vehicle centered and tends to increase 

car dependency(4). This is relevant to air pollution, as road traffic is attributed to be the source 

of 5-80% of particulate matter concentration in the atmosphere(11). Particulate matter and 

other air pollutants are estimated to cause 7M premature deaths per year(9). This number is 

composed of deaths caused by both ambient (outdoor) air pollution and indoor air pollution. 

4.2M of these deaths are caused by ambient air pollution alone and the death toll is estimated 

to rise with more than 50% by 2050 without substantial interventions(6,12). To put these 
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numbers into NCD context, the 2018 WHO Global Conference on Air Pollution and Health 

claimed that an estimated 25% of deaths from the 4 deadliest NCD’s (stroke, lung cancer, heart 

attacks and chronic obstructive pulmonary disease) are caused by air pollution(9).  

However, evaluating air pollution related morbidity and mortality is challenging. In 2018 the 

Lancet series on pollution and health presented the concept of the pollutome (Annex 1). The 

pollutome represents all forms of pollution potentially harming human health(6). The visual 

representation of the pollutome is a 3-level pyramid, where each level represents pollutant-

disease pairs according to the strength of evidence on their impact on the global burden of 

disease. Zone 1 (from the top) includes pollutants that have strong evidence of their negative 

effects on human health. The global burden of disease estimates are calculated only from level 

1 pollutants. Zone 2 includes emerging unquantified health effects of known pollutants, e.g. 

the increasing evidence that the fine particulate matter in air pollution has a causal association 

with diabetes, neurodegenerative diseases and autism in children among others(6). Zone 3 

includes emerging pollutants like endocrine disruptors, chemical herbicides and nanoparticles 

to mention a few. Very little is known of the impact on human health by these pollutants. As 

none of the pollutant-disease pairs in zone 2 or 3 of the pollutome are included in GBD 

calculations, the calculations are likely underestimations(6). 

Despite the abovementioned contribution to the global burden of disease and NCD pandemic, 

air pollution and pollution in general have not been recognized as the major risk factors they 

are. Only recently the global community has finally started to notice the substantial burden 

pollution causes to the environment, human health and economy(6).  

One of the long-term interventions recommended by the abovementioned Lancet Commission 

on pollution and health to reduce air pollution, is the recommendation to facilitate active 

commuting, including bicycling(6).  

1.3 Physical inactivity 

The second major risk factor relevant to this thesis is physical inactivity. It is a major cause of 

mortality worldwide and a significant risk factor for the deadliest NCD’s like stroke, diabetes, 

multiple cancer types, depression, Alzheimer’s and ischemic heart disease(13). The power of 

urbanization to induce a more sedentary lifestyle is well documented(3,8,14) and the resulting 

physical inactivity is estimated to cause over 5M deaths per year(15). Despite being a 

significant global health challenge, like air pollution, physical inactivity has not received the 

global response that is needed(15).  
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In 2016 The Lancet published their second Physical Activity Series. In the series, the primary 

topic discussed was the challenge to get people moving. One of the important messages it 

conveyed was, that the nature of the challenge at hand is global and requires immediate 

attention and that this claim implies, that the solution demands a joint effort from all levels of 

governments and civil society(15). The solution recommended by the series consists of many 

smaller building blocks that are recommendations involving policymakers, researchers, 

stakeholders and international organizations like WHO among others A few of these 

recommendations will be mentioned, as they are of interest in the context of this thesis.  

One of these recommendations was to shift the focus of urban planning towards sustainable 

mobility and increase investments in interventions that promote active mobility, that is safe, 

equitable and environmentally friendly(15). That encompasses actions that improve 

infrastructure for both walking and cycling. The second recommendation relevant to this study 

was to shift the focus of the research community from designing and testing small-scale 

interventions to investing in natural experimental studies or the evaluation of interventions 

already scaled up, much like this study(15).  

Action against air pollution and action against physical inactivity have a common goal with 

bikesharing. The goal to increase active urban mobility is embedded in the action against both 

risk factors. Ultimately, the goal is to induce a modal shift in urban transport from combustion 

engines to the active transport. These actions are just a few pieces of the puzzle in the pursuit 

of sustainable cities and the battle against the NCD pandemic (SDG 3 and 11) 

1.4 Sustainable urban mobility 

1.4.1 Short history of urban mobility 

Since the invention of the bicycle in the late 19th century, bicycling has spread across the globe. 

Its versatility has made it a universally appealing transport mode across class, gender, age and 

location. This global success culminated in the 1960’s and 70’s, when the People’s Republic 

of China decided to support bicycling and encourage bike ownership(16).  

A competing transport mode emerged in the 1920’s with the car and combustion engine. This 

trend started in North America and culminated again in China, when the People’s Republic 

shifted its transport focus from bicycles to motor vehicles and their infrastructure, subsequently 

turning the global utilitarian bicycle usage to a decline in the 1990’s(16).  

The implication of this global trend is important, as the increasing use of the combustion engine 

has had a harmful impact on the environment and human health. This is especially true in urban 
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environments, where combustion engines are a significant source of pollution. In European 

cities they produce 70% of environmental pollution and 40% of greenhouse gasses(17). 

1.4.2 Bicycling and sustainable urban mobility 

In 2016 the Lancet Series on urban design, transport and health discussed the challenges of 

automobile-centric urban design and its contribution to the NCD pandemic and negative health 

outcomes. It called for action in the quest to transform cities into health and well-being 

producing entities. Policies prioritizing active transport (walking and cycling) and public 

transport were the recommended approaches to induce change(4). 

While the impact of humans on their habitat became a published topic in 1865, it has taken 

over a century for scientists to find the connection between urban environments and 

environmental change. Eventually, cities have started to be recognized as the drivers of 

environmental and climate change, and the global community has started advocating for the 

implementation of more sustainable public policies, many related to urban mobility(18). The 

aim of many of these policies and strategies is essentially to reduce car use in urban 

environments and increase the use of active and public transport, thus reducing air pollution 

and GHG emissions(17).  

An example of one of the strategies to mitigate the impact of the combustion engine was 

discussed in the Global Conference on Air Pollution and Health in 2018. It called for the 

upscaling of existing mitigation strategies from a project called the Urban Health Initiative(9). 

The Urban Health Initiative recommends reducing air pollution and improving air quality by 

investing in cycling infrastructure(19). This would increase the use of a sustainable and energy 

efficient urban transport solution as cycling acts not only as an air pollution mitigation 

intervention, but it also increases physical activity and equity of mobility, as well as reduces 

congestion among several other effects(19,20).  

In the last few years an alternative approach has been used to investigate the potential impact 

of modal shift, i.e. increasing the modal share of bicycling. A joint venture of UNEP, WHO 

and UNECE established the Transport, Health and Environment Pan-European programme. 

The programme produced a report in 2014 estimating the potential health and employment 

impact of increasing the modal share of bicycling to what has been achieved in Copenhagen 

(26%). The estimation included a total of 56 cities across Europe and it concluded, that 

increasing the modal share of bicycling to 26% would create an estimated 76600 jobs and result 

in 10000 avoided deaths(21). In 2016 the report was updated and published with revised impact 
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estimates of modal share increase. It claimed the estimated job creating potential by the 

previous report was conservative and that the actual number of jobs created was 435000(22). 

In their summary of the abovementioned report, Scotini et al. acknowledge its aim to illuminate 

relevant authorities about the potential bicycling has in improving health and creating 

employment possibilities. They do however point out several limitations in the study, e.g. 

generalizability(23). 

Johansson et al. used a similar approach to estimate the potential health and environmental 

impact of a significant modal shift in commuting, from car to bicycle. In their proposed 

scenario in Stockholm county, all working age people who were physically able to bicycle to 

work within 30 min, were included in the estimation. Their model found 111000 car commuters 

theoretically able to shift to bicycling. If all of them would convert to cycling, the resulting 

reduction of cars in traffic would reduce mean population exposure to air pollutants (e.g. black 

carbon) in some areas as much as 7%. The reduced exposure would translate to 449 years of 

life saved each year in Stockholm county(24). 

2 important goals of sustainable urban mobility are to reduce the modal share of combustion 

engines and to increase the modal share of bicycling and other forms of active transport. The 2 

estimations above reveal some of the reasons, why a modal shift towards active mobility is an 

important goal of sustainable urban mobility and what potential impact it has on the health of 

an urban population. These goals are very much in line with many of the goals in the battle 

against the NCD pandemic, specifically the goals of action against the risk factors of NCD’s, 

air pollution and physical inactivity. 

1.4.3 SDG relevance 

Scotini et al. claim, that promoting cycling is an excellent approach to tackle multiple 

Sustainable Development Goals(23). As one of the main goals of implementing a BSS is to 

promote and increase cycling, BSS’s can also be considered a versatile tool in the quest for 

SDG’s. Goal 3 of ensuring healthy lives and promoting well-being for all at all ages focuses 

on multiple major causes of mortality, one of which are NCD’s. As discussed earlier, cycling 

can potentially contribute in the battle against risk factors causing NCD’s, including physical 

inactivity and outdoor air pollution. Goal 11 of the SDG’s aims at making cities and 

communities sustainable. Target 11.2 specifically aims at providing sustainable forms of 

transport to all, thus combatting rapid urbanization and the threats it poses to human health and 

well being. As mentioned above, cycling and hence bikesharing is a potential contributor to 
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achieve that target. The same applies also in the pursuit to achieve goals 12 and 13 as well, 

responsible consumption and climate action(23). 

1.5 Bicycle Sharing Systems 

1.5.1 Background 

The first Bicycle Sharing System was introduced in Amsterdam in 1965 and even though they 

have been around for half a century, the number of systems worldwide has been minimal. It 

hasn’t been until recent developments in safety measures significantly reducing risk of theft 

and vandalism, that BSS’s have increased in number and spread across the globe(25). The rate 

of increase has been swift. In 2004 just 13 systems were in use and by 2014 the number 

increased to 855(25). The most recent estimate from 09/2019 is that 2086 BSS’s are operational 

worldwide(26). As the world has witnessed a rapid proliferation of BSS’s, it has been followed 

in succession by research on the topic. Some of the themes covered within BSS research include 

health, behaviour, economy, safety and urban transportation.  

1.5.2 Health impacts 

Studies investigating the health impact of BSS’s have found multiple different mechanisms 

how BSS’s impact population health, both positive and negative. The mechanisms include 

exposure to physical activity, air pollution and traffic accidents, to name a few. A study from 

2018 investigated 12 large BSS’s across Europe with over 2000 bicycles. Their model proposed 

4 scenarios ranging from a conservative estimate to a maximum potential estimate. Results 

showed health benefits overweighing health risks, caused by air pollution and traffic accidents 

in all the cities by a factor of 19:1(17). The mortality reduction was estimated in the 4 scenarios 

to be between 5 to 75 deaths per year. The health benefit impact was mainly attributed to 

increased physical activity and its documented capability to reduce the risk of cardiovascular 

diseases, specific cancers, diabetes and mortality(17). An earlier study with a similar approach 

to health risks and benefits limited to 1 urban area arrived at the same conclusion, health 

benefits from a BSS overweigh the health risks(27). A study from 2018 in New York also 

revealed that as a health intervention, bicycle sharing is very cost-effective. Its effectiveness 

was equivalent to the most effective treatments in medicine(28).  

1.5.3 Modal shift 

One of the main assumptions and aim when implementing a BSS as a public health policy 

intervention is, that it induces a modal shift towards cycling by changing population behaviour, 

thus increasing physical activity(29). According to Goodman et al., previous research has 
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shown, that seeing other ‘people like your self’ promotes testing cycling and that a BSS 

supplies an increased number of such ‘bicycling role models’(30). Observations from some 

locations revealed, that nearly 50% of the BSS user were female, opposed to only 22-27% in 

other cyclists(30). Additionally, not only do BSS’s encourage bicycling by providing rentable 

bicycles, they also create a pro-cycling culture(29,31) and improve the public legitimacy and 

mandate of cycling, potentially increasing investments in cycling(30,31). 

1.5.4 Economic impact 

The economic impact of implementing BSS’s has also been of interest lately and studies have 

investigated the topic from multiple angles. A study from Dublin looked at the economic gains 

achieved through time savings. The investigation revealed BSS’s enable a city to function more 

efficiently by reducing journey times. The authors also proposed, that reducing journey times 

has a larger impact on the urban economy than economic gains achieved through physical 

activity and improved health(32). Another study from Washington D.C found that the presence 

of a bikeshare station reduced traffic congestion by 4%. The authors postulated, that while the 

impact on traffic congestion was marginal, the economic impact through reduced travel times 

and saved fuel costs were significant(33). 

Pelechrinis et al. considered a BSS to be a “treatment”, that a city is exposed to. They compared 

Pittsburgh, a city that received treatment, to other similar cities that were not exposed to the 

treatment. Interestingly, the results indicated that the “treatment” had a positive impact on real 

estate prices in Pittsburgh, thus increasing income to the local governments through property 

taxes(34).  

The abovementioned study by Otero et al. investigated the health impacts of BSS’s in 12 

European cities. They used their model’s mortality estimates to also calculate the economic 

implications. As mentioned above, their model proposed 4 scenarios ranging from a 

conservative estimate to a maximum potential estimate. The results showed major economic 

impacts across all the proposed scenarios, ranging from 18M € in the conservative estimate to 

225M € in the maximum potential estimate(17). 

1.5.5 Safety impact 

The safety of BSS’s is also a concern raised by decision makers, as increasing the number of 

bicycles in traffic is feared to increase serious injuries and fatalities. The evidence supporting 

these claims however is lacking. A study from 2015 investigated collision data from numerous 

cities across the United States and Europe. The analysis revealed an inverse correlation 
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between the likelihood of being run over by a motor vehicle and the number of pedestrians and 

cyclist. The study concludes, that there is safety in numbers and that increasing the number of 

cyclists and pedestrians reduces the likelihood of a collisions with motor vehicles(35). Another 

recent study revealed that BSS users rarely use a helmet and bicycle slower than the general 

population riding private bicycle. Even with the negative impact on helmet use, BSS users are 

less likely to have fatal or non-fatal bicycle injuries than their counterparts riding private 

bicycles(36).  

1.5.6 Summary 

BSS’s have already been implemented in many cities across the globe for the distinct purpose 

of functioning as an intervention to mitigate global challenges like physical inactivity, traffic 

congestion and climate change(17). Even though the basic concept of implementing a BSS is 

simple, provide a cheap and easy to use bicycle rental system for short trips, the impacts are 

highly diverse. As discussed above, BSS’s have the potential by themselves, or by virtue of 

increasing bicycling, the potential to improve population health by increasing physical activity, 

reduce air pollution and reduce the risk of cycling injuries. They also have the potential to 

contribute to the economy by providing employment, reduce congestion and commuting times, 

increase tax revenue and reduce health care costs. Additionally, they also decrease car 

dependency(37). Against this background, considering a BSS as a versatile public health 

intervention or treatment is a reasonable approach. It isn’t unheard of either as the same 

approach has been used in earlier studies(34,38).This approach, in combination with the earlier 

discussed positive population effects of bicycling will be used as the rationale for treating a 

BSS as a public health intervention. 

One of the common goals in action against air pollution and physical inactivity, as well as 

sustainable urban mobility is to invest in interventions aimed at increasing cycling. One of the 

main goals of implementing a BSS is also to increase population cycling(29). The common 

goals make implementing a BSS potentially a highly appropriate intervention in the fight 

against the NCD pandemic and pursuit of sustainable cities.  

However, even though studies have investigated the impact of BSS’s on cycling, the evidence 

is still inconclusive and in need of further research(29,38). To improve the quality of evaluation 

of the impact of BSS’s on bicycling, new approaches are needed. Bauman et al. proposed an 

approach of analyzing data on population cycling prevalence, i.e. modelling cycling volumes 

and comparing trends before and after the introduction of a BSS(29). This thesis uses such an 
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approach to investigate the impact of bikesharing. The research aim of this study is to determine 

whether implementing a BSS has an impact on population cycling. 

2. METHODS 

2.1 Study design 

Due to the discussed reasons above, BSS’s are considered a public health intervention in this 

thesis, and thus public health intervention evaluation methods can be used. A popular design 

for evaluating the effectiveness of an intervention are randomized controlled trials (RCTs), as 

they are considered the gold standard(39). However, RCT’s are not always a feasible design to 

evaluate health policies and other public health interventions, as the intervention may have 

been implemented prior to the evaluation. In the case of this thesis, the investigated intervention 

was implemented in 2016 and thus a retrospective evaluation must be performed. In 

retrospective evaluation the intervention often lacks randomization or is for a whole population, 

thus lacking control(40).  

According to the Cochrane Effective Practice and Organization of Care Group(EPOC), there 

are 3 methodologies approved as alternatives for evaluating population interventions: the non-

RCT, the controlled before and after study and the interrupted time-series(41). The interrupted 

time series (ITS) is chosen as design for this thesis as it is a strong design for population level 

interventions in situations where randomization is not feasible and the pre-intervention and 

post-intervention segments are clearly separated by a known point in time(40). Of all the quasi-

experimental approaches to evaluate the longitudinal impact of an intervention, interrupted 

time series design is considered the strongest(42). An interrupted time series looks at the trend 

and level of an outcome of interest before the intervention (counterfactual). The counterfactual 

is then compared to the level (intercept) and trend (slope) of the outcome after the intervention 

to see if it had an impact(40). A changing slope represents a gradual change in the outcome, 

while a changing intercept represents an immediate intervention effect(42). 

To strengthen the design of the study, a control series is added to the ITS. The control series is 

not subjected to the intervention and will thus differentiate intervention effects from alternative 

causes of effect(43). This specific kind of ITS is called a controlled ITS(40). The control series 

will be equivalent to the intervention series, except it will be using bicycle counts from the time 

during which the BSS is absent (early spring, winter and late fall). The aim of the control series 

is to reveal an underlying trend of bicycling during the inactive months of the BSS. A similar 

change in outcome in both control series and intervention series would indicate, that post-
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intervention changes in cycling volumes are perhaps not intervention related, but an underlying 

trend. Conversely, a change in the intervention series, that is not accompanied by a similar 

change in the control series would indicate an intervention effect.  

2.2 Study setting 

The location for this study is Helsinki. With a population of roughly 643k inhabitants, it is 

Finland’s largest city and capital(44). The climate of Helsinki is classified as a Dfb on the 

Köpping-Geiger climate classification system, which is a fully humid snow climate with warm 

summers(45). Mainly due to the climate and partly due to the lack of winter maintenance, only 

11% of Helsinki residents cycle the whole year (even though the City of Helsinki has been 

developing winter maintenance methods during the last few years). May to September are the 

most popular cycling months constituting for roughly 70% of whole year total(46). 

 

Figure 1 Seasonal patterns of cycling 
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Figure 2 Seasonal patterns of temperature 

In 2016 residents of Helsinki answered a survey called the Cycling Barometer that revealed a 

strong support amongst respondents for the city’s cycling agenda. 87% of residents felt they 

were satisfied with Helsinki as a cycling city and even 92% of non-cyclists agreed promoting 

cycling was a worthy goal for the city. The modal share of bicycling in Helsinki is 11%, which 

is relatively high compared to other European cities of similar size (600k-700k)(47).  

 

Table 1 – Modal share comparison of cities between 600k and 700k inhabitants (47)  

2.3 Intervention 

Helsinki witnessed the implementation of the new BSS during the spring of 2016. The system 

was named the Helsinki city bike system and it became operational on May 1st. Helsinki City 

Transport (HKL) implemented the system and Helsinki Region Transport (HSL) was 

responsible for the marketing and online services. The system was implemented as a BSS with 

docking stations, i.e. the rental and return of bicycles is only possible at the docking stations. 

In its first season, the docking stations for the BSS were only built in the inner city and it was 

operational until October 31st. In the following 2 seasons the system expanded outward from 

the city center to even include parts of Espoo in 2018. The system also increased in number of 

stations, bikes and operational time (table 2). The operational time period common for every 

bikesharing season is 2nd of May to 31st of October, or 183 days. Thus, the post-intervention 

segment consists of 3 bikesharing seasons, totalling 549 days. The total length of the study 

including pre-intervention segment is 915 days.  

Helsinki BSS 2016 2017 2018 2019 

Stations 50 150 220 345 

Bikes 500 1500 2200 3450 
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The BSS is available for the general population and it requires a user to obtain a daily, weekly 

or seasonal pass, costing 5€, 10€ or 30€ respectively. With the obtained pass a bicycle is 

collected from a bicycle sharing station. The bicycle can be used to ride for 30 minutes before 

returning it to the nearest station. If 30 minutes is exceeded by the user, an extra charge will be 

added (1€ for each additional 30minutes up to 5 hours). An unlimited number of trips can be 

made within the timeframe of a valid pass. 

2.4 Data collection 

The primary outcome of this thesis, used to measure intervention effect, is daily cycling 

volumes. The city of Helsinki measures cycling volumes with 23 automatic counting stations, 

a majority of which are in the inner city. 21 of these stations are operational every day of the 

year and automatically count the number of bicycles passing by every hour. Only 7 of these 

measuring stations have been operational since the beginning of the study period in 2014. A 

purposive sampling strategy was used to determine which measuring stations of the 7 would 

be included as data sources. The aim was to use this composite data from multiple measuring 

stations to create an outcome variable, that would function as a proxy for cycling volumes in 

the inner city, as all the measuring stations are in the inner city, roughly in the same area as the 

BSS. After a visual inspection of the data from every measuring station, 3 measuring stations 

were removed as data sources. Significant amounts of data from these locations contained 

missing values and large gaps of no traffic. Therefore, data from these stations was not 

considered valid. Most likely the missing values were due to measuring equipment error, and 

gaps of no traffic due to roadwork. Thus, a total of 4 locations in the inner city of Helsinki had 

valid data for the whole time period of the study (2014-2018). Data from these measuring 

stations was used to calculate a composite bicycle count for the whole system and prevent 

interpreting local effects as system wide effects.  

The cycling data is published every 6 months by The Helsinki Region Infoshare (HRI) service. 

The latest update and data used in this thesis was published 25th of April 2019. The data 

published by HRI contains data for each individual measuring station for every hour, adding 

up to a total of 43824 observations for the chosen locations during the whole study period of 

Operational 1/5 – 31.10 2/5 – 31.10 3/4 – 31.10 1/4 - 31/10  

Trips 0.4M 1.2M 3.2M - 

Table 2 – Expansion of the system 2016-2019 
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the thesis. After the data from the 4 chosen stations was obtained, they were added up to create 

a total sum of the hourly bicycle count. The total hourly count was then used to calculate a 

daily count for the whole study period of 1826 days. The data included some missing values, 

but they were not accounted for as they constituted for only 0,02 % of the total data amount. 

The second data source used in this thesis was the Finnish Meteorological Institute. Their 

historical weather data download service was used to obtain the variables of daily average 

temperature and daily total rain. The measurements produced by 1 weather station near the city 

center were used to represent the weather across the inner city. The data doesn’t contain missing 

values and ads up to total of 1826 daily values. 

2.5 Methods and variables 

The primary method used for the statistical analysis in this thesis is segmented regression. It is 

considered an appropriate approach for natural experiment interventions(42) and is the 

recommended method for the analysis of interrupted time series data(48). In its basic form, a 

time series is divided into pre- and post-intervention segments. A regression analysis is then 

performed to determine the slope and intercept for both segments to see if a change has 

occurred, i.e. has the intervention had an effect(48). Being a controlled ITS, the same analysis 

will be performed on the control series. 

As the BSS is operational between May and October, only these months will be used in the 

analysis of both segments in the intervention series. Thus, the pre-intervention segment consists 

of these months, but before the BSS was implemented, that is May to October in 2014 and 

2015, totalling 12 months. In the post-intervention segment the same months are analyzed, but 

for 2016 to 2018, totalling 18 months. The slope and intercept of the pre-intervention segment 

(2014 & 2015) will be compared to post intervention segment (2016-2018).  

The same analysis will be performed to the control series. The difference is that only inactive 

months of the BSS will be used (intervention absent), that is between November and May. 

However, April is not used in the analysis, as the last bikesharing season of the study (2018) 

started already in the beginning of April unlike the other seasons. 

Even though the intervention has been the same for the whole study period, the number of 

docking stations and bicycles has increased every new season of the BSS. To estimate the effect 

of these sequential changes to the intervention, multiple interruptions can be added to the 

analysis. Adding these interruptions enables the investigation of each change to the intervention 

and its independent effects on the outcome(48). The regression analysis of each individual post-
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intervention season won’t have the same statistical power as the analysis for the whole post-

intervention segment of 2016 to 2018, but it will be performed to investigate if adding bicycles 

and docking stations has had an impact on the magnitude of the intervention effect. 

If both intervention series and control series reveal similar changes in the outcome between 

pre- and post-intervention segments, that would indicate that there is a change in outcome even 

in the absence of the intervention. In such a scenario the most likely explanation is, that the 

intervention hasn’t caused the change in outcome, but in fact the concurrent events, 

infrastructure improvements etc. are the culprit. However, if the changes in the outcome 

between pre- and post-intervention segments in the intervention series are not repeated in the 

control series, that would indicate that there is no change in the outcome in the absence of the 

intervention. In this scenario the most likely explanation is, that the intervention has influenced 

the outcome. 

According to Bernal et al., the next step in the model building is choosing an impact model, 

which means estimating how an effective intervention would impact the outcome(40). The 

Helsinki BSS was built in 2016 in such a way, that the infrastructure and bicycles were ready 

and operational from the first day of the pre-defined bicycle sharing season. The season was 

preceded with a marketing and media campaign, designed to inform the population of the new 

BSS system. The subsequent bicycle sharing seasons of 2017 and 2018 have been preceded 

with similar campaigns. Due to this level of preparation of the infrastructure and population, 

an impact model is chosen, where an immediate change in both level and slope is 

predicted(40,43). 

2.6 Statistical analysis 

No previous studies were found, that investigated the impact of BSS’s on bicycling using an 

interrupted time series (ITS) design. Thus, several relevant ITS studies from different context 

were used as guidance to construct a feasible design with a fitting method for the BSS 

context(40,43,49–51).  

As mentioned earlier, the outcome in this thesis is the total bicycle count that is a sum obtained 

from 4 automatic measuring stations. As the design used is controlled interrupted time series, 

the independent variable is time and it is measured in days. Bhaskaran et al. state, that a study 

where the unit of analysis is time, confounders should be variables that fluctuate from day to 

day (or relevant unit of time) and have a plausible relation to both exposure and outcome(52). 

Thus, meteorological variables like temperature and humidity/rainfall, namely weather, should 
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be considered confounders. Daily average temperature and daily total precipitation are chosen 

as additional confounding variables to be included in the model.  

Concurrent events affecting the same outcome should also be considered time-varying 

confounders(40). In a bikesharing context the construction of improved bicycle infrastructure 

would constitute as a confounder, as it targets the same outcome. The Helsinki Bicycle Account 

from 2017 and 2019 mention multiple bicycle infrastructure projects in Helsinki that were 

started, finished or ongoing during the study period of 2014 to 2018(46). All these projects 

were implemented in the same area as the BSS, the inner city of Helsinki. The impact of these 

concurrent events on bicycling volumes however is unknown. These events must be therefore 

controlled for. The abovementioned addition of a control series to the design aims to control 

for the confounding concurrent events. Thus, the intervention series will reveal if there have 

been any changes to the trend or level of the outcome and the control series will reveal if the 

changes were due to the intervention or the cycling infrastructure improvements.  

To sufficiently evaluate seasonality, a recommended 12 data points before and after the 

intervention should be measured accompanied with a minimum of 100 observation per data 

point to achieve required variability(42). This recommendation is estimated to be fulfilled as 

there are over 40k observations in the data. 

2.6.1 Assumptions 

ITS studies have few assumptions to fulfill before the design can be determined to be valid. An 

important assumption is that the underlying trend of the outcome would remain unaffected if 

the intervention was absent(40,49). The control series included in the model will be used to 

investigate the underlying trend of the outcome over the whole study period when the 

intervention is absent. Even though the intervention is absent 6 months each year, the available 

data from these months is determined to be enough to estimate the underlying trend of the 

outcome (only 5 months per year are used). If the underlying trend of the outcome remains 

stable and unchanged over both pre-intervention and post-intervention segment of the control 

series, the assumption of an unchanged underlying trend is validated. 

An essential assumption in analyzing ITS is linearity. This assumption is met, when the pre-

intervention segment of the ITS is confirmed linear by a visual inspection of the series(49). 

The inspection is performed by using a plot of residuals. A lack of pattern in the plot indicates 

linearity. The inspection is performed on both intervention- and control-series. As non-linear 

time series can become linear after adjusting for time varying confounders, a weather adjusted 
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model (temperature and rain) with its plot of residuals was used for the inspection of the 

series(43). 

The inspection of the plot of residuals for the pre-intervention segment of the intervention 

series (annex 2) reveals no clear pattern in the in plot, indicating that the intervention series is 

linear. Similarly, the inspection of the plot of residuals for the pre-intervention segment of the 

control series (annex 3) reveals no clear pattern, indicating that the control series is linear as 

well. 

Another important assumption of ITS is the assumption that observations are independent from 

one another, i.e. there is no autocorrelation(40). The presence of autocorrelation is often 

explained by time-varying confounders and adjusting for these confounders addresses the 

problem, as is done in this thesis. However, checking for autocorrelation after adjusting for 

confounders is recommended(40,43). Detecting autocorrelation includes inspecting a plot of 

residuals for patterns and conducting statistical tests. A lack of pattern on both sides of the 

regression line, and indeed the whole plot, indicates no autocorrelation(42). The residual plots 

for pre- and post-intervention segments in both intervention and control series (Annex 2,3,4 

and 5) revealed no clear patterns, indicating the absence of autocorrelation. However, using 

recommended statistical tests (Durbin-Watson) revealed the presence of some autocorrelation 

in both intervention and control series(40,42). As visual inspection of the plot of residuals 

showed no autocorrelation, but the statistical test showed some autocorrelation, its effect on 

the analysis was evaluated as limited and was not corrected for.  

The absence of multicollinearity is an assumption that should be met in linear regression, and 

it will be checked for since the method used in this thesis is segmented linear regression. 

Multicollinearity can be detected by using the Variance Inflation Factor (VIF), where a value 

less than 10 indicates no multicollinearity(53). All the segments in the intervention series and 

control series revealed a VIF less than 1.27, showing no evidence of multicollinearity 

2.6.2 Descriptives 

When using interrupted time series regression to investigate the impact of a public health 

intervention, the recommended first step in the statistical analysis is to start with descriptive 

statistics. These include data visualization with a plot, comparison between outcome and 

potential time-varying confounders and a simple comparison of pre- and post-intervention 

segments(40). As the unit of measurement for time in the statistical analysis is a day, the same 

unit of measurement will be used for the descriptives. A comparison between outcome and 
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confounding variables, as well as comparison of pre- and post-intervention segments was 

performed. Comparison between outcome and time-varying confounders revealed a positive 

correlation coefficient of 0.77 (CI 0.75-0.79) between temperature and bicycle count. A 

negative correlation coefficient of -0.08 (CI -0.13-(-0.04)) was found between rainfall and 

bicycle count. Thus, the increase in temperature seems to be associated with an increased 

bicycle count, while an increase in rain seems to be associated with a decreased bicycle count. 

Due to the large amount of data (43823), the original hourly observations will be visualized by 

a line plot instead of a scatterplot to achieve better visual clarity.  

Intervention series Pre-intervention Post-intervention  

Bicycle count  8294 8969 

Daily average temperature (C) 13.27 13.77 

Daily total rain (mm) 1.87 1.96 
Table 3 Comparison of daily mean values for pre- and post-intervention segments during operational months of the 

BSS  

Table 3 compares the daily mean values of the pre- and post-intervention segments of the 

intervention series. The comparison reveals an increase of 7.8% in the bicycle count in the 

post-intervention segment. This increase seems to occur in roughly similar average weather 

conditions. 

Control series Pre-intervention  Post-intervention  

Bicycle count  2515 2050 

Daily average temperature (C) 1.09 -0.82 

Daily total rain (mm) 1.56 1.52 
Table 4 Comparison of daily mean values for pre- and post-intervention segments during inactive months of the BSS 

The same comparison between pre- and post-intervention segment is performed in the control 

series, the difference is that only months during which the interventions is absent are used for 

the comparison (Table 4). As with operational months, there are 6 inactive months (November-

April). However, April is not used in the comparison, as the last bikesharing season of the study 

(2018) started already in the beginning of April unlike the other seasons. The control series 

reveals a reduction in bicycle counts of 14.0% in the post-intervention segment. However, the 

weather conditions were not equal between the segments, as the daily average temperature was 

clearly lower in the post-intervention segment.  

The control series includes only 5 months per year opposed to 6 in the intervention series. This 

is not however considered a problem, as the comparison of trend and level is performed within 

each series between pre- and post-intervention segment. Ultimately, these results (change in 

%) will then be compared to each other to determine if the changes between pre- and post-
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intervention segments in the intervention series are comparable to the changes in the control 

series. 

The comparison of daily averages between every year is not as clear-cut as between pre- and 

post-intervention segments. In the intervention series (Annex 6), there seems to be an 

increasing trend in the bicycle counts throughout the whole study period, apart from 2017 

which was a rainy year during the bikesharing season. The control series reveals a stable trend 

over the whole study period, apart from 2015 and 2016 (Annex 7). However, November and 

December were clearly warmer in 2015 and clearly cooler in 2016 than the other years. 

 

Figure 3 Line plot of original hourly data 

Figure 3 presenting the hourly bicycle counts reveals a clear cyclical pattern. A similar pattern 

is also visible in Figure 1 with monthly cycling volumes. Both figures point towards a yearly 

cyclical pattern. 
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Figure 4 Comparison of monthly cycling averages of pre- and post-intervention segments. The yellow color indicates 

the months during which the BSS is operational (May-October)  

Figure 4 shows an alternate presentation of the data to clarify differences between pre-and post-

intervention segments. The monthly average of the pre-intervention segment (2014 and 2015) 

is shown in the same figure as the monthly average for the post-intervention segment (2016-

2018). The monthly averages follow each other closely throughout the whole year, except May 

to July, where there seems to be a clear increase in cycling in the post-intervention segment.  

2.6.3 Bias and methodological issues 

Interrupted time series have a few methodological issues that need to be considered, namely 

seasonal trends and concurrent events(40). Dealing with concurrent events was discussed 

earlier as a decision to include a control group was made. With ITS studies there is a risk for 

history bias, which can be caused by concurrent events to the intervention(43). The aim of the 

control series is to reduce the risk of history bias.  

As for seasonal trends, Figure 1 reveals a yearly cyclical pattern in cycling volumes over the 

whole study period. It is apparent, that cycling volumes are closely associated with the 

temperature (Figure 2) and thus the climate (correlation = 0.937, p-value < 2.2e-16). The 

climate is a long-term time-varying confounder and it can be controlled by stratifying by a 

chosen time interval, in this case a year, as mentioned above(40). These stratified data will be 

also used to investigate the abovementioned sequential changes to the intervention, where the 

intervention has stayed the same, but the number of docking stations and bicycles has increased 
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after each season. These multiple interruptions will enable the estimation of independent effects 

of each change to the intervention.  

2.7 Ethical considerations 

2 data sources were used in this thesis. The bicycle counts were downloaded from an open data 

service in Finland called Helsinki Region Inforshare. The data provided is hourly bicycle 

counts from multiple different measuring stations. There is no individual information attached 

to the recorded data from the measuring stations, only a value for an hourly bicycle count. i.e. 

the data is anonymous. The use of the data is permitted under Creative Commons Attribution 

4.0 -licence (https://creativecommons.org/licenses/by/4.0/). It states that the data is free to 

share and adapt, provided appropriate credit is given. The data is created and maintained by 

the Urban Environment Division of the City of Helsinki and it can be downloaded from 

https://hri.fi/data/en_GB/dataset/helsingin-pyorailijamaarat. The data has been adapted by the 

author. 

The meteorological data and its use were also permitted under the Creative Commons 

Attribution 4.0 -licence. It was created and is maintained by the Finnish Meteorological 

Institute and it can be downloaded from https://ilmatieteenlaitos.fi/havaintojen-lataus#!/. This 

data has also been adapted by the author. 

  

https://creativecommons.org/licenses/by/4.0/
https://hri.fi/data/en_GB/dataset/helsingin-pyorailijamaarat
https://ilmatieteenlaitos.fi/havaintojen-lataus#!/
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3. RESULTS 

3.1 Intervention series 

The method of analysis used in this thesis was segmented regression. It was performed on 2 

different series, an intervention series and a control series. The intervention series was divided 

into 2 segments (pre-intervention segment (2014&2015) and post-intervention segment (2016-

2018)) and multiple linear regression was performed on both segments. The same analysis was 

performed on the control series as well. The model used in both series was adjusted for daily 

average temperature and daily total precipitation.  

The pre-intervention level of cycling was 4614 (95% CI 3022 to 6207). The post-intervention 

segment saw a significant increase in the level of the outcome of 105% to 9471 (95% CI 7864 

to 11079) (Annex 8). This implies, that the intervention had an immediate effect. The large 

increase in the intercept is unsurprising as the monthly cycling averages in the post-intervention 

segment showed a clear uptick in the first 2 months of the bikesharing season (Figure 4). The 

only coefficient that wasn’t statistically significant was the pre-intervention slope. 

The stratified analysis (Annex 9) reveals a decreasing trend in the intercepts prior to the 

intervention, decreasing by 13% to 4244 in 2015. In the first post-intervention year (2016), 

there is a clear increase in the intercept of 122% to 9411. This is again unsurprising, as the 

bicycling averages have increased, especially during the first 2 months of each bikesharing 

season. However, the next year (2017) the intercept surprisingly decreases by 30% compared 

to the first intervention year (2016). The result is still 35-55% higher than the individual pre 

intervention seasons, but unexpected, as the magnitude of the intervention has roughly tripled 

during each bikesharing season. In 2018 the intercept increases to a new record level. Again, 

this result is unsurprising considering the upscaling of the intervention (increase in the number 

of bicycles and docking stations). 

The stratified analysis of each bikesharing season revealed similar intervention effects as the 

comparison of the pre- and post intervention segments (Annex 10). The intercepts of each 

individual pre-intervention season (2014&2015) remain relatively stable and comparable to the 

intercept of the whole pre-intervention segment. The intercept for each individual post-

intervention season (2016-2018) saw a significant increase from the pre-intervention intercept, 

indicating an immediate intervention effect. However, the stratified results of each post 

intervention season did not mirror the changes in the intervention magnitude. The intervention 

tripled in magnitude each post-intervention season and thus a steady increase was expected. 
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Instead the intercept of 2017 showed a decrease of 30% from 2016. Only the intercepts were 

used for the comparison of results as all of them were statistically significant, opposed to only 

3 out of 7 slopes. 

3.2 Control series 

Much like the intervention series, the control series was analyzed in the same manner, using 

segmented regression (Annex 11). Multiple linear regression was performed on both segments 

adjusting for both daily average temperature as well as total precipitation.  

The outcome revealed a different pattern in the control series compared to the intervention 

series. The intercept was nearly constant and increased by only 3% in the post-intervention 

segment. The nearly unchanged intercept implies, that in the absence of the intervention, the 

underlying trend of cycling is unchanged. This result also implies, that the withdrawal of the 

intervention appears to reverse its effects. All the coefficients in both pre-intervention as well 

as post-intervention segment were statistically significant. 

The stratified analysis (Annex 12) reveals a decreasing trend in the intercepts prior to the 

intervention, decreasing by 19% to 1796 in 2015. In the first post-intervention year (2016), 

there is an increase of the intercept by 13% to 2023. The next year (2017) the intercept 

decreases by 2% and increases again in the last year of the study by 9%. 

The stratified analysis of the control series revealed similar numbers as the analysis of the pre- 

and post intervention segments of the same series (Annex 13). The intercept of each pre-

intervention year (2014 & 2015) was close to the intercept of the whole pre-intervention 

segment. The intercept for every post-intervention year (2016-2018) revealed a similar result 

as the evaluation of the whole post-intervention segment. Only the intercepts were used for the 

comparison of results as all of them were statistically significant, opposed to only 4 out of 7 

slopes. 

3.3 Summary of results 

As mentioned, the post-intervention segment in the intervention series revealed an increase of 

105% in the outcome (Table 5). The stratified analysis revealed similar results, showing 

intercepts of individual years to increase by 43 to 182% from the level of the whole pre-

intervention segment (Table 6).  
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Comparison of results Intervention series Control series 

Pre-intervention segment  4614 1992 

Post-intervention segment  9471 2050 

Change in intercept (in %) +105 +3 
Table 5 Comparison of changes in intercept between intervention series and control series 

However, the control series tells a different tale. After the intervention is introduced, the control 

series remains nearly unchanged, increasing by 3%. The stratified analysis of the control series 

reveals similar results, a largely unchanged level of outcome.  

 

Comparison 

of stratified 

results (in 

%) 

2014 2015 2016 2017 2018 

Intervention 

(4614) 

+6 -8 +104 +43 +182 

Control 

(1992) 

+7 -11 +2 0 +9 

Table 6 Comparison of changes in intercept between each year and whole pre-intervention segment in both intervention 

and control series  

Comparing the stratified results of the intervention series and control series with each other 

reveals nearly identical pre-intervention segments. The intercept in both series increase (6% 

and 7%) in 2014 and decrease (8% and 11%) in 2015 by roughly the same magnitude. However, 

comparing the stratified results in the post-intervention segment reveals clear differences 

between the intervention series and control series. The level of outcome increases significantly 

in the intervention series (43%-182%), while remaining nearly unchanged in the control series 

(0%-9%) in comparison to the respective pre-intervention segments (table 6).  
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4. DISCUSSION 

4.1 Summary 

Investigating the raw data and descriptives before the statistical analysis suggested, that the 

intervention might have an impact on the outcome. Especially the first 2 months of each 

bikesharing season saw a noticeable increase in bicycle counts. The results of the statistical 

analysis supported the hypothesis of immediate intervention effect. It revealed a noticeable 

increase in level of outcome in both stratified analysis and analysis of whole post-intervention 

segment from 2016 to 2018. The results ranged from an increase of 43 to 182% in the stratified 

analysis, to an increase of 105% in the whole post-intervention segment. However, the results 

from the control series remained largely unchanged over the study period. The intercept 

increased 3% in the whole post intervention segment and similar results were seen in the 

stratified analysis. The results from the control series suggest that the changes in outcome were 

not caused by other simultaneous interventions targeting the same outcome, but the 

implementation of the BSS. Thus, the intervention increases cycling and has an immediate 

effect. However, it impossible to determine if the effect is sustained, as 50% (7/14) of the slopes 

are statistically insignificant. 

 

4.2 Strengths 

ITS have multiple properties that strengthen the design of this thesis. As discussed earlier, it is 

a strong design to investigate population level interventions, where randomization is not 

feasible, and the pre-intervention and post-intervention segments are clearly separated by a 

known point in time(40). According to Soumerai et al., study designs can be categorized into 

3 groups based on their capacity to control bias (weak, intermediate and strong designs). The 

single interrupted time series is categorized to belong in the intermediate group. However, 

adding a control series as was done in this study, improves the design strength and makes it a 

strong design along with single and multiple RCT’s(54). 

The internal validity of the study is threatened by multiple time-varying confounders and 

addressing these confounders strengthens the design. One of these confounders is concurrent 

events, i.e. other interventions or events targeting the same outcome. The reality of the study 

context of Helsinki is that many of these concurrent events, e.g. improving bicycle lane 

infrastructure and winter maintenance, were implemented during the study period, but the 

impacts were unknown(46,55). The decision to include a control series in the design, that hasn’t 
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been affected by the intervention addresses this issue. By adding a control series, the underlying 

trend of the outcome can be estimated and used to evaluate the effect of the concurrent events 

on the outcome, thus further strengthening the design and reducing threats to internal 

validity(40).  

Temperature and rain, namely weather is an additional short-term time varying confounder and 

seasonality is a long-term time varying confounder. Both confounders are addressed in the 

model. Weather is adjusted for in the model by including temperature and precipitation as 

additional variables. Long term seasonal variation can be controlled for by stratifying by a 

relevant time period, in this study, a year(40). The added benefit of controlling for seasonality 

and other confounding factors is that the risk of autocorrelation decreases(40). 

As mentioned above, a purposive sampling strategy was used for the data collection. Data from 

multiple measuring stations were used to create an outcome variable, a composite, that would 

function as a proxy for cycling volumes in the inner city. This approach was included in the 

design to reduce the risk of interpreting local changes in bicycle volumes (e.g. due to road 

work) as systemic changes, thus strengthening the design. Combining data prior to analysis 

also helps deal with outliers(48). 

The number of time points increases the statistical power of a study, provided that historical 

trends of the outcome have been stable(40). The control series showed that the outcome had a 

relatively stable underlying trend during the study. Thus, the over 40k time points in this study 

are considered a strength. 

Another threat to the internal validity of the study is bias caused by changes to collection of 

data(40). The data collection methods and equipment (automatic counting stations) were 

assumed to remain unchanged during the whole study period, as no evidence or information 

was uncovered showing otherwise. Thus, data collection was considered a strength, as it 

remained unchanged.  

4.3 Limitations 

Validating the choice of design and method of this study using existing research was 

challenging. Only a handful of studies were found that evaluated the impact of a BSS on 

bicycling. Thus, lack of literature supporting the choice of design and method in the 

bikesharing context must be considered a limitation of the study. 

As mentioned above, investigating the assumptions of the model revealed an unknown 

magnitude of autocorrelation. The choice to not correct for autocorrelation is considered a 
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limitation, as failing to do so might result in overestimating significance of the intervention 

effect(42).  

Due to a changing launch date of each bikesharing season, not all data from each year was used 

in the analysis. The launching date was different each season and to simplify the analysis, a 

time period was chosen, during which the BSS was operational every post-intervention season. 

The same applied for the control group, a time period was chosen, during which the BSS was 

absent every season. This resulted in the intervention series containing data for 6 months and 

the control series for 5 months per year. Thus, the results from the control series did not have 

the same statistical power as the intervention series. 

4.4 External validity 

The results of this study are not relevant only for the study population, but also for potential 

BSS’s in similar environments. As mentioned earlier only 11% of Helsinki residents cycle the 

whole year and May to September are the most popular cycling months constituting for roughly 

70% of whole year total(46). Also, Helsinki has a comprehensive bicycle infrastructure, that 

includes bicycle lanes, fast cycle highways, two-way cycle paths separated from other vehicle 

traffic, high quality bridges and underpasses as well as lighting, winter maintenance and bike 

racks(46,55). Cities with roughly equivalent bicycling environments could potentially 

experience similar effects implementing a BSS. However, it is unlikely that similar intervention 

effects would be seen in an environment lacking proper bicycling infrastructure. It is unclear 

what kind of an effects a BSS would have in an environment, where the weather permits cycling 

all year without extra investments to infrastructure or bicycling equipment.  

Even though the amount of bikesharing literature has increased rapidly, finding studies to 

compare to proved to be a difficult task. This study investigated the impact of a BSS on 

bicycling, using bicycling volumes from automatic measuring stations as data and a controlled 

ITS as the design. Fuller et al. also used a controlled ITS in the same bikesharing context, but 

they investigated the effects of a transit strike on bikesharing(38). A few studies have 

investigated the impact of a BSS on bicycling, but they used survey data with 

sociodemographic variables and a different design in their analysis(56,57). Eventually only 1 

study was found, where interpreting the findings was meaningful. Baumann et al. introduce a 

framework for evaluating the impact of a BSS on population physical activity and present 

examples of data analysis needed to do so(29). One of their analysis examples modelled bicycle 

volumes to investigate potential effects of the local BSS. In their analysis, the introduction of 

the BSS didn’t result in any significant changes in the bicycling volumes. However, there were 
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differences in their analysis compared to this study, that might explain the differences in results. 

Firstly, data quality was not optimal, as their data contained missing periods in high volume 

months. Secondly, they only analyzed weekdays and thirdly, the model did not adjust for 

weather. Also, their design used a control series based on location. They compared bicycling 

volumes from outside the catchment area of the BSS to volumes from inside the catchment 

area(29).  

4.5 Conclusions 

There is no denying, that bikesharing has quickly taken a foothold in urban transportation. The 

number of bikesharing systems has grown exponentially worldwide and millions of trips in city 

centers are made by bikesharing bicycles. The Helsinki BSS is a prime example of this success, 

as already during its first season 400k trips were made with it and the number has roughly 

tripled every year. However, there is a knowledge gap between bikesharing and bicycling as a 

mode of transport. Amid these success stories it is still unclear where bikesharing users have 

come from. Are they users that have previously made these trips by car, foot or public 

transportation? Or are they people that are simply replacing their own bicycle for a bikesharing 

bicycle? The highly relevant questions in the context of sustainable urban transport is, how 

well do these systems attract new users from motor vehicles? Are they effective at increasing 

cycling and inducing a modal shift?  

This study showed, that implementing a BSS has an immediate effect on cycling volumes and 

implicitly the power to attract new users. It did not however reveal how well this effect is 

sustained. The lack of statistically significant results analyzing the trends (slopes) as well as 

the effect of increasing the magnitude of the intervention every season made such an evaluation 

complicated and beyond the scope of this thesis.  

As cities and urban environments around the world are looking for ways to make urban 

transportation more sustainable, more research is needed on bikesharing to establish if it’s an 

intervention that has a sustained effect. Is it an intervention, that can be used to mitigate the 

negative effects of urbanisation, air pollution and physical inactivity, and ultimately the NCD 

pandemic?  

Finally, as mentioned above, a better understanding is needed of the background of bikesharing 

users. Providers of bikesharing services have already begun the investigation with surveys and 

the research community must follow and collaborate with providers to fill the knowledge gap. 

An important goal for future research is to determine if the effect of the intervention is 
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sustained. Are the expectations for bikesharing reasonable, could it be an intervention that 

functions as a catalyst that induces a change in how people travel in urban environments?  
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ANNEXES 

 

Annex 1 The pollutome (6) 

 

Annex 2 Plot of residuals for pre-intervention segment (intervention series) 
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Annex 3 Plot of residuals for pre-intervention segment (control series) 

 

Annex 4 Plot of residuals for post-intervention segment (intervention series) 
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Annex 5 Plot of residuals for post-intervention segment (control series) 

 

Intervention series 2014 2015 2016 2017 2018 

Bicycle count 8021 8566 8860 8613 9434 

Daily average temperature (C) 13.74 12.80 13.76 12.27 15.29 

Daily total rain (mm) 1.98 1.76 1.98 2.55 1.35 
Annex 6 Daily mean values for each year during bikesharing season (May-October) 

 

Control series 2014 2015 2016 2017 2018 

Bicycle count 2261 2769 1828 2247 2077 

Daily average temperature (C) -0.08 2.25 -1.50 0.68 -1.65 

Daily total rain (mm) 1.44 1.68 1.46 1.97 1.14 
Table 7 Daily mean values for each year when BSS is absent (November-December) 
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BSS operational Pre-intervention segment Post-intervention segment 

Intercept 

p-value   

95% CI 

4614 

2.53e-08 

3022; 6207 

9471 

< 2e-16  

7864; 11079 

Slope 

p-value 

95% CI 

0.71 

0.80   

-4.92; 6.35 

-16.52 

1.76e-09 

-21.82; 11.22 

Adjusted R-squared 0.22 0.29 

p-value < 2.2e-16 < 2.2e-16 
Annex 8 Analysis of pre- and post-intervention segments of the intervention series. Significant (p<0.05) intercept and 

slope-values in bold. 

 

BSS operational - 

Stratified 

2014 2015 2016 2017 2018 

Intercept 

p-value  

 95% CI 

4872 

2.52e-06  

2895; 6848 

4244 

0.0011 

1728; 6760 

9411 

7.30e-08 

6106; 12716 

6575 

2.25e-07 

4166; 8985 

13013 

3.81e-15 

10030; 15996 

Slope 

p-value  

95% CI 

-3.75  

0.29 

-10.77; 3.28 

5.41  

0.22 

-3.29; 14.12 

-16.14  

0.0017 

-26.13; -6.15 

-6.38  

0.20 

-14.93; 2.16 

-28.43  

2.74e-08 

-38.07; -18.78 

Adjusted R-squared 0.37 0.12 0.25 0.29 0.32 

p-value < 2.2e-16 1.689e-05 5.755e-12 1.865e-13 1.58e-15 

Annex 9 Stratified analysis of the intervention series. Significant (p<0.05) intercept and slope-values in bold. 

 

Intercept trends in intervention series 

(in %) 

2014 2015 2016 2017 2018 

Compared to pre-intervention intercept 

before stratification (4614) 

+6 -8 +104 +43 +182 

Compared to post-intervention intercept 

before stratification (9471) 

-48 -55 -1 -31 +37 

Compared to previous year  -13 +122 -30 +98 
Annex 10 Intercept comparison of every bikesharing season   
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BSS absent  Pre-intervention (2014 & 2015) Post-intervention (2016 - 2018) 

Intercept 

p-value   

95% CI 

1992 

< 2e-16 

1735; 2249 

2050 

<2e-16 

1874; 2226 

Slope 

p-value 

95% CI 

2.76 

1.16e-05 

1.54; 3.98 

1.09 

0.0059 

0.32; 1.87 

Adjusted R-squared 0.30 0.21 

p-value < 2e-16 < 2.2e-16 
Annex 11 Pre- and post-intervention analysis of inactive months of the BSS (January to March and November to 

December). Significant (p<0.05) intercept- and slope-values in bold. 

BSS absent – 

Stratified 

2014 2015 2016 2017 2018 

Intercept 

p-value  

 95% CI 

2135 

< 2e-16  

1826; 2444 

1796 

6.74e-15 

1387; 2205 

2023 

< 2e-16 

1736; 2311 

1993 

<2e-16 

1690; 2296 

2163 

< 2e-16 

1825; 2501 

Slope 

p-value  

95% CI 

1.28  

0.075 

-0.13; 2.70 

4.06 

0.00017 

1.98; 6.14 

0.15  

0.793 

-1.00; 1.31 

2.07  

0.013 

0.45;3.69 

1.12  

0.12 

-0.30; 2.54 

Adjusted R-

squared 

0.28 0.31 0.16 0.18 0.26 

p-value 3.271e-11 1.152e-12 2.75e-06 5.136e-07 1.526e-10 

Annex 12 Stratified pre- and post-intervention analysis of inactive months of the BSS (January to March and November 

to December). Significant (p<0.05) intercept- and slope-values in bold. 

 

Intercept trends in control series (in 

%) 

2014 2015 2016 2017 2018 

Compared to pre-intervention segment 

(1992) 

+7 -11 +2 +0 +9 

Compared to post-intervention segment 

(2050) 

+4 -12 -1 -3 +6 

Compared to previous year  -19 +13 -2 +9 
Annex 13 Intercept comparison of every bikesharing season in the control series 

 


