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ABSTRACT 
 

Cities around the world have invested in infrastructure that allows them to launch large-
scale bikeshare systems to facilitate the use of a sustainable travel alternative for 
commuters. This paper explores one such program: Capital Bikeshare (CaBi), based in 
the Washington, D.C. metro area.  A perennial problem faced by traditional bikeshare 
programs is “dockblocking,” which refers to the inability of a user to check out a bicycle 
for use or to find an open docking station for returning one. To avoid disincentivising 
ridership, bikeshare enterprises must take on the costly burden of rebalancing and 
redistributing bikes between stations. 
 
The goal of the present study is to identify the structural and demographic characteristics 
of bikeshare docking station throughout the Capital Bikeshare system that are associated 
with “usability” (the absence of dockblocking) and “utilisation” (high levels of ridership). 
I combined hourly usage and utilisation data for the 2016 calendar year with geo-spatial 
characteristics (e.g., proximity to a metro station) and census-block-level structural and 
demographic characteristics for each of 475 bikedocking stations throughout the D.C. 
metropolitan area. I use OLS regression models to test whether CaBi is meeting the 
usability needs of users and whether this is dependent on structural or demographic 
variables. 
 
D.C. is an example of a city with a high directional peak flow of bicycles into the 
downtown area in the morning and towards the periphery in the evening. Yet this high 
directional peak flow also presents a challenge for CaBi to ensure usability at bikeshare 
docking stations, resulting in the need to redistribute or rebalance bicycles among 
stations. This study highlights, that while more effort needs to be put into maintaining 
usability of the bikeshare program around metro stations, the CaBi program is inclusive 
and demographic factors do not play a large role in the usability of a docking station. 
Structural variables play a much larger role in both the usability and utilisation of the 
bikeshare program, particularly around peak commute hours. Placed in a city with a high 
directional flow of commuters, Capital Bikeshare is a successful model that other cities, 
that mirror such a layout and distribution of commuters, can adapt.  
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 1 

INTRODUCTION 

 

Traditionally comprised of a fleet of rental bicycles that can be checked out and checked 

in at various semi-permanent docking stations located around a city (Lindsey, 2016), 

bikeshare programs are changing the transportation landscape of urban areas around the 

globe.  Cities find bikeshare programs attractive as an environmentally friendly 

alternative to driving, for reducing traffic congestion, facilitating use of mass transit 

among those not in close proximity to stations or transit oriented hubs, giving residents 

equitable access to amenities and services that may be beyond their reach on foot, and 

promoting a healthy lifestyle choice (Shinkle, 2012). Located in more than 600 cities 

worldwide, the largest bikeshare systems are currently found in Hangzhou and Shanghai 

in China, London, Paris, and Washington, D.C. As other municipalities contemplate 

whether to implement bikeshare programs, it is important to examine how successful 

existing programs have been in achieving their aims.  

 

Key features of any successful system of mass transportation, including bikeshare 

enterprises, are reliability, inclusivity, and service quality (Hughes, 2017). Yet, the chief 

complaint of bikeshare users is the unavailability of bicycles at their points of origin, a 

lack of empty docks at their destinations, and often, both (Hughes, 2017). These 

deficiencies, known as “dockblocking”, jeopardize the incentive and willingness of 

individuals to use bikeshare programs and elevate operational costs, as bicycles must be 

redistributed between docking stations (Raviv & Kolka, 2012) to meet fluctuating 

demand throughout the day. Despite the fact that technology is now available to produce 
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data at both station- and trip-based levels, there is surprisingly scant research on the 

factors that contribute to station optimality within bikeshare systems.  

 

To address this gap, the current study uses detailed data from CaBi (Capital Bikeshare), 

the bikeshare program in Washington, D.C., to examine the factors that contribute to the 

optimisation of docking stations throughout the bicycle network. Optimality will be 

examined across five interrelated dimensions: 1) usability, or the percentage of time in a 

given hour during which at least one bicycle and one empty dock are available, 2) 

inclusivity, or equitable access across different socioeconomic sectors of the city;  3) 

convenience, or access during times of highest demand by commuters; 4) mode sharing 

facilitation, or ridership intensity at docking facilities within close proximity to metro 

stations due to their use as first or last mile transportation (see Figures 1 and 5) 

utilisation, or the number of rides beginning and ending at a station. Six main research 

questions will be addressed within these dimensions; 

1) What is the relative importance of structural vs. socio-demographic demand 

characteristics in explaining usability? 

2) How do these characteristics vary across different types of urban locations and 

centres? 

3) What impact does the time of day have on usability, based on the utilisation and 

potential modal sharing, of bicycles? 

4) How do socio-demographic characteristics of bicycle docking stations vary 

depending on their proximity to metro stations? 

5) How do structural elements of bikeshare programs alter the usability of docking 
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stations at various times in a day? 

6) How does the effect of the structural and socio-demographic variables vary 

depending on the usability of a bikeshare docking station? 

 

The Washington, D.C. area is an excellent case study because it is a city with a high 

directional flow of commuters. While there are satellite hubs, such as Tyson’s Corner, 

Arlington, Alexandria, Silver Spring and Bethesda, the main layout of D.C. is a central 

downtown area with surrounding suburban areas. This particular layout is particularly 

prone to dockblocking, given the movement of people from suburbia to downtown and 

the reverse during morning and evening commutes, respectively. 

 

This investigation into the usability and utilisation of bikeshare docking stations will also 

impact and be able to provide evidence towards the current dockless bikeshare program 

evaluation period. Four dockless bikeshare programs, Ofo, Jump, LimeBike, Mobike 

were introduced into the District in August 2017 (Smith, 2018). Their introduction 

represents a potential limit of the current model of bikeshare programs, reliant on semi-

permanent docking stations. Through monitoring the bikeshare station docks, we can 

better understand their necessity and the impact of not having station docks in a bikeshare 

program. 

 

In creating such an unprecedented and complex massive data set, with variables that have 

not been directly compared before, this study will provide a unique perspective on the 

usability of CaBi, focusing on stations rather than the system as a whole or the individual 
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user. Such a study will have a reaching impact and relevance in both the District of 

Columbia as well as other cities. “Making sense of large, complex, and inter-dependent 

systems is one of the greatest challenges in strategic decision making.” (Ween, Dortmans, 

Thakur, & Rowe, 2017) With the expansion of CaBi in D.C., it will be important to 

identify which areas of the city see an increase in demand for new stations, or what kinds 

of direct regional factors may be affecting the usability of stations. Discovering a need 

for additional bikes or docks at stations that currently see heavy usage will allow CaBi to 

ensure allocation of funding for relevant long-term assets. 
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LITERATURE REVIEW 

 

As people look to more sustainable modes of urban transportation, bikeshare systems 

have emerged as an innovation seeking to transform urban mobility in cities around the 

world. 

 

Past Analyses 

Few analysis frameworks capture the unique dimensions of a bikeshare docking stations, 

and those frameworks that do exist are largely focused on understanding the threshold at 

which users modal share. Given such a wealth of information that is available to 

researchers, studies have often covered four broad aspects (Zhang, et al., 2016); 

1. Spatial and temporal patterns of bike users depending on the time of day 

2. Characteristics of the usage of bikeshare; a single system of comparison of 

different modes of transport (i.e. commuting via car or bicycle) 

3. Impact of built environment factors and weather conditions on demand at stations 

(most often population and job density and proximity to transit hubs) 

4. Mathematical algorithms to deal with bike-sharing rebalancing problems 

Studies addressing these topics have largely focused on the bikeshare systems of Europe. 

Far fewer have analysed those in the United States, but those that have often look to 

Capital Bikeshare as the gold standard. 
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History of Bikeshare Programs 

Emerging in Europe in the 1960’s (Shaheen & Martin, 2014), the first generation of 

bikeshare was the distribution of free bikes in certain downtown areas that could be freely 

used by anyone without any controls to access. These programs failed due to both theft 

and vandalism of the bikes. A second generation of bikeshare programs were established, 

requiring users to give a deposit to ensure valid bicycle access and disincentivise poor 

treatment of the bikes. Programs like this are still in use in some cities. A third generation 

was very similar to its predecessor, but with the addition of transaction kiosks and 

memberships used to track bikeshare usage with some specificity. The current, and fourth 

generation of a bikeshare program, most often seen in North American cities, is a system 

that has evolved with and incorporated information technology into its framework. Thus, 

in allowing for the management of rental and payment systems to be done remotely, the 

practice of touchscreen kiosks, GPS tracking and real-time information of bicycles, and 

bikeshare docking stations (Shaheen & Martin, 2014), has created easier access to 

bicycles around the city for the consumer. More recently, the introduction of dockless 

bikeshare programs has tested the limits of access to bicycles and locations due to the 

required docking station infrastructure. Current public bikeshare systems, such as CaBi, 

operate by providing access to bicycles at docking stations that are located throughout an 

urban region. Users can be both official members of the system, or casual users, 

permitted to ‘check-out’ a bicycle at any station with an available bicycle and return it to 

any other station with an available dock at a metered fee. 
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Within the District of Columbia, the first bikeshare system to also be implemented in 

North America, was SmartBike DC in 2008. (Anon., 2017) The program was expanded 

to include neighbouring regions and shifted to become a public-private partnership, 

owned by the local governments, but operated by a private operator, Motivate 

International. The new service launched September 2010, in partnership with Arlington 

County, Alexandria County and Fairfax County in Virginia as well as Montgomery 

County, in Maryland, with 400 bicycles at 49 stations (Anon., 2017). Accounts vary, 

given that bicycle maintenance often takes bicycles off the system, but there are roughly 

3700 bicycles and 475 stations that are currently in use across the jurisdiction (Anon., 

2017). 

 

Factors Influencing Ridership 

Surveys of bikeshare users reveal that the most prominent reason for making use of the 

bicycles is the convenience provided by the distance from home to a docking station, in 

addition to the destinations around docking stations in downtown (El-Geneidy, et al., 

2012; Claude, 2014). This convenience also extends to the use of a bike when needed, 

and without the costs and responsibilities of actually owning and maintaining a personal 

bicycle. With the ability to mix bikeshare programs with other modes of transport, people 

don’t entirely convert to bikeshare usage, but are then able to better utilise the system for 

one-way or shorter trips (El-Geneidy, et al., 2012). Beyond the convenience of this mode 

of transportation, socioeconomic characteristics, transportation habits and spatial 

characteristics of the built environment also heavily influence bikeshare program usage. 

These could include, but are not limited to: perceived traffic safety, usage and 
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membership options and fees, bicycle or docking space availability, proximity to a 

docking station, the extent of integration with and availability of broader public transit 

systems, street connectivity, housing density, infrastructure for walking and cycling, and 

mixed land use (Claude, 2014; Zanotto, 2014). 

 

As the number of bikesharing programs have both increased and expanded across a 

number of American cities, so, too, has curiosity about their overall impact on commuter 

behaviours. As a relatively low-cost form of public transportation, Shaheen and Martin 

(2013) evaluate research that shows that bikesharing universally reduces taxi and car 

usage, as well as generally increases non-bikeshare cycling. While also reducing bus, rail 

and pedestrian commuters, bikeshare programs are often part of a modal share with city-

wide metro systems. A primary expectation of many urban planners is that public 

bikeshare systems will ease automotive traffic congestion. However, DeMaio and Gifford 

(2004) found that bikesharing has only contributed minimally to reducing the traffic 

congestion that stymies many downtown areas. Those whom already use public 

transportation or walk might use bikeshare systems instead. Those who live close enough 

to the city might often have their own personal bicycles to use. However, the vast 

majority of individuals with cars will not use, nor will they change their behaviour to 

integrate, bikeshare programs into their commutes given the ease and directness that 

transportation by car provides. Furthermore, no city in the United States has integrated 

bikeshare programs to such an extent that they are equal to the quality and quantity of 

their presence in Europe. 
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System Planning Guide 

The Institute for Transportation and Development Policy (ITDP) issued a bikeshare 

planning guide in 2013 (Institute for Transportation and Development Policy, 2013) that 

outlines a number of factors involved in ensuring that a bikeshare system is implemented 

correctly and utilised in the best possible way. The ITDP guide advises that 10-30 bikes 

for every 1000 residents, with 2-2.5 docking spaces per bike, is sufficient. A minimum 

area of 10 square kilometres and 10-16 bike docking stations per square km is also 

advocated. ITDP has taken a number of models from cities around the country to develop 

guidelines for future programs that are both effective for customers and local 

governments. This guide is not without caveats, as it concedes that cities with less mixed-

use areas and highly directional peak flows of bicycles will need a higher ratio of 2.5:1, 

whereas those with greater levels of mixed-use or without such defined peak directional 

flows of bicycles can manage a ratio of 2:1. 

 

D.C. is a prime example of a city with a high directional peak flow of bicycles into the 

downtown area in the morning and towards the periphery in the evening. The city has 

allowed for two docking spaces per bike in service. Yet this high directional peak flow 

also results in the need to redistribute or rebalance bikeshare docking stations. Systems 

like CaBi with such lower docks-per-bike ratios need to invest heavily in redistribution 

efforts in order to avoid station saturation, especially at peak destinations. Redistribution 

is broadly defined as the rebalancing of bicycles from stations that are near or at capacity 

to stations that are almost empty. Thus, successful redistribution is critical to the viability 

of the system from the customer’s perspective. While bikeshare systems are in operation 
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twenty-four hours a day, the majority of trips are occurring between the hours of 7am and 

9pm (Institute for Transportation and Development Policy, 2013). It is during this period 

of higher demand that redistribution may be most necessary. For example, most systems 

have found that stations at the tops of hills are often empty, as people will check out a 

bike and ride down the hill, but will rarely ride up the hill to park at that station. Many 

systems, however, try to do most of the redistribution at night, when there is less traffic 

and it is more efficient (Institute for Transportation and Development Policy, 2013). 

 

Bicycle Rebalancing 

Bicycle rebalancing at bikeshare docking stations is both costly and a key source of 

inefficiency faced by bikeshare systems. The CaBi manager at the District Department of 

Transportation confirmed this statistic, stating in 2015, that approximately 55% of total 

operating revenues are due to rebalancing (Eagleburger, 2015). In order to be effective, 

personnel need to be on the road consistently from 5am to 1am, relying on an algorithm 

to maximise efficiency. The constant need to rebalance bicycle levels manifests into 

‘dockblocking;’ those instances where riders reach a station to find either all the docks 

filled and are unable to deposit their bicycle or reaching a station to find no bicycles 

present. This is one of CaBi’s most basic challenges. Motivate International is the 

company that manages CaBi, and also manages the New York City CityBike program 

and has tried a number of different strategies in both cities to move bikes around: trucks, 

sprinter vans, bike-drawn trailers or valet staff at the busiest drop-off locations, all with 

limited net positive results (Grabar, 2017). This challenge must be dealt with, as it is 

often a reason that individuals may choose to utilise other modes of transportation for 
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commuting. An online application called CaBi Tracker allows users to check the status of 

each docking station, and the availability of empty docking spots or bicycles (see Figure 

2). However, as this application has time delay, accuracy of information is not 

guaranteed. 

 

The Current Study 

Two dominant themes arise from the literature: the difficult issue of bike rebalancing and 

the likelihood of acquiring the last bike or dock. Both are addressed in the current study, 

where usability and utilisation of bikeshare system docking stations are key dependent 

variables. By monitoring the changes in the usability and utilisation of the system, by 

station, over the period of 2016, it is possible to identify system performance and 

improve the location or allocation of stations – in terms of both docks and bicycles. In an 

ideal scenario, we would find a station to be always usable – that is, neither full nor 

empty – but also experiencing a high level of turnover, with many trips beginning and 

ending at said station.  

 

In understanding the usability of bikeshare system docking stations, a number of broader 

factors need to be considered. These factors, the independent variables, as defined below 

in the conceptual analysis, will all help to further understand the nuances, at a station 

level, of the potential usability available to an individual user in a bikeshare system. 
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CONCEPTUAL FRAMEWORK 

 

As previously discussed, the usability of a bikeshare docking station is perceived to be 

directly related to a choice in partaking in a bikeshare program, shaped by structural and 

demographic features of the system and city. The literature demonstrates a link between 

the theoretical usability of a station, and the actual use that it sees. In undertaking an 

analysis of the usability of bikeshare docking stations, it is critical to establish a 

framework for defining, understanding, and analysing the problem. Based on the research 

reviewed in the previous section, I hypothesise that there is a positive relationship 

between the usability of a bikeshare station, and the broad factors of station accessibility 

and bicycle availability, and user choice of Capital Bikeshare (Kabra, et al., 2015). 

 

Given the planned design of the greater Washington, D.C. area, and the aforementioned 

trends in movement correlating with the time of day, I believe that there will be lowered 

usability of docking stations during the morning and evening rush hours. This will be 

heightened in areas closer to a metro station, but will be lower in areas with a high 

density of docking stations, given easier access to these docking stations. Furthermore, it 

is reasonable to assume that a block median age around 25-35 years old and a higher 

white racial composition would have the lowest usability of docking stations as the prime 

user profile of the CaBi program (Lazo, 2015). A higher block level population will also 

have a positive correlation with low usability of a bikeshare docking station. 
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Below, I describe a range of factors that are likely related to the usability of a bikeshare 

docking station. A comprehensive examination of the literature suggests that there are 

several broad factors that should be incorporated into my analyses, including station 

accessibility and bicycle availability, as well as spatial demographic characteristics. 

Given the complicated, “messy” system that relates bikeshare to various qualitative 

characteristics, the study focuses on a structured approach that would be able to clearly 

describe each information category in this primary analysis. Each category is discussed in 

greater detail below. 

 

Station Accessibility 

Next Closest Dock 

This direct measurement in kilometres of the distance from the examined CaBi docking 

station to the next closest station is a crucial factor in assessing the accessibility of a 

given station. This highlights a level of station density; the closer the next dock is, the 

greater likelihood that its proximity is due to a reasonably assumed heightened level of 

density. If a docking station is isolated, it is most probably located in a heavily residential 

neighbourhood. 

 

Density within Radius 

As I am not directly controlling for urban density in this model, I am instead able to 

control for the clustering of, and therefore relative density of, the location of each CaBi 

docking station. This is through a count of the number of other bikeshare docking stations 

within a five hundred metre radius and a count of the number of metro stations within a 
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one kilometre radius. This will highlight how close a bikeshare docking station is to 

metro stations, and how that influences a docking station’s usability and utilisation, 

specifically focusing on modal share opportunities. Furthermore, the density at which a 

docking station is placed amongst others allows us to measure whether a station is 

accessible. If there are a large number of stations within a radius, we assume that some 

level of urban density has required such spatial characteristics, and can also infer that, if 

one station lacks usability, there are others close by that can meet user demand. 

 

Bike Availability 

Time of Day 

The literature brings up the important issue of dock blocking that strongly influences the 

possibility of having a bike available. Dockblocking highlights both a full bikeshare 

docking station as well as an empty one. When a docking station might experience this 

problem is heavily dependent on the time of the day, as there are definite trends in when 

bikeshare usage is heightened, such as during the morning and evening commuting hours, 

especially given the plan of Washington, D.C. and the highly directional traffic flows. 

 

Number of Rides Start and End 

The usage of a bikesharing docking station can also be measured by the number of rides 

starting and ending at a particular station. If we find that there are a high number of trips 

starting and ending at a particular station, then we see that there is real utilisation of the 

station that can be attributed to its location or other variables. This variable, when studied 

along with the dependent variable of usability, can give us a true reflection of station use.  
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It is important to note that often a station can be shown to be usable, but if there are 

limited trips starting and ending at a particular dock, it would mean that there is simply 

theoretical usability and not true utilisation.  

 

Demographic Characteristics 

Block Level Data 

To control for the location of each docking station, I am matching the location to a block 

group as per the 2015 American Commuter Survey. To control for block level 

demographic factors such as median income, total population, racial composition, median 

age and housing type, we have included such data. This is important as there are varied 

demographic factors that do affect the use of bikeshare programs, as well as the specific 

location of docking stations. This will be an important control for the inclusivity of 

placement of docking stations, as well as seeing if there are demographic trends at 

specific stations, or broader trends regarding the usability of stations and their block level 

demographic characteristics. 
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DATA 

 

Source of Data 

To construct my complex and comprehensive dataset, I have used a number of 2016 

Capital Bikeshare datasets as well as block level data from the 2015 American 

Community Survey. I also used public data from the D.C. Government to assist in 

generating the final variables in my dataset. All available data was downloaded in a raw 

format. After scrutinizing the accuracy of the data, cleaning it, and isolating information 

with the most utility, I created a single data set to allow for the specific analyses that I 

wanted to perform. This dataset contains mostly generated variables, tracked by each 

hour of each day in 2016, for each bicycle docking station part of the CaBi network as of 

December 2016. 

 

Analysis Sample  

The study focuses on the entire network of CaBi docking stations in Washington D.C., as 

well as the Northern Virginia and Southern Maryland suburbs. The choice of dataset was 

based on the research paper by Kabra, Belavina and Girotra (Kabra, Belavina, & Girotra, 

2015), based on the bikeshare system in Paris, Velib. Their study looked at estimating the 

relationship between aspects of bikeshare system design and ridership through station 

accessibility and bike-availability. Therefore, many of the same variables that have 

informed their study on the Velib system have been utilised here to estimate a similar 

structural demand model that considers the random-utility maximising choices of 

spatially distributed commuters. There have been no specific criteria for the inclusion of 
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specific subsets of data into the analysis, simply the focus on the range of the Capital 

Bikeshare system in the Washington, D.C. metropolitan area and the availability of 

public data sources. 

 

Creation of Optimality Measures 

Percentage of usability allows me to assess the success of bikeshare stations in avoiding 

dockblocking. A station is considered “usable” if it is neither full, nor empty of bicycles 

(i.e., not dockblocked) during a given hour. The “percentage of usability” variable is 

calculated as the number of minutes a station is usuable during a given hour, divided by 

60, and multiplied by 100. Hourly-based usability was determined from the 2016 CaBi 

Tracker dataset, which records start and end times both for periods when docking stations 

have no bikes and when all docking slots are full (i.e., dockblocked). Given the focus of 

this study on optimality, however, I determined the inverse – periods of usability. I 

converted these durations of (often spanning hours) into discrete 60-minute segments that 

correspond to a 24-hour clock. With 24 data points, across 365 days, for 475 CaBi 

docking stations, the total number of hourly observations for this study is 4,180,324. 

 

To assess convenience, particularly during times of highest demand by commuters, I 

created a measure of station utilisation, or the number of bicycle trips starting and ending 

at a station in a given hour. The 2016 Capital Bikeshare data provides a list of every 

bicycle trip in 2016 via an integrated automatic reporting system. The log automatically 

tracks each time a bicycle is removed from or parked in a docking station and records the 
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time of both, the total duration of the trip, as well as station and bicycle numbers. I 

disaggregated these records into counts per hour, per station, in 2016. 

 

Mode Sharing Faciliation is assessed using measures of location density. I use two 

datasets available from the D.C. Government that located each Capital Bikeshare docking 

station, and every metro station entrance. In total, there are 475 docking stations located 

in the Washington D.C. metro region and 40 metro station entrances in the city of 

Washington. To control for location density, with the longitude and latitude position of 

each docking station, it was possible to use a coding analysis to find the distance to the 

next closest docking station, as well as those within a 0.5km (500m) radius. I was also 

able to measure the number of metro stations within a one-kilometre (1 km) radius. This 

variable is important, as the literature demonstrates that bikeshare systems are most often 

used for first or last mile transportation, in modal share. Therefore, we can expect that the 

count of bikeshare trips that start and end at metro stations to be heightened. The distance 

has been measured in kilometres. 

 

To evaluate inclusivity, or equitable access across different socioeconomic sectors of the 

city, I drew data from The American Commuter Survey (ACS) data from 2015.  I merged 

this data, downloaded from the U.S. Census Bureau, with the bikeshare system data by 

matching each bikeshare docking station address to its relevant block ID that is found on 

the Census website. This block ID was then able to ground each docking station to a 

specific location, mapping the demographic and spatial control variables that could have 

an impact on the usage and usability of a bikeshare docking station. The socio-
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demographic variables are listed per block in the ACS data, and so they were matched 

and merged into the final data set per station. 

 

Variables 

Table 1 describes how each variable in the present study is measured and its source. 

Table 2 provides descriptive statistics, including the mean standard deviation, and range 

for all variables. The total data set has 4,180,324 observations. There are 4,091,639 

observations that have a percentage of usability in that hour equal to 100% - perfect 

usability. There are 88,685 observations that have a percentage of usability in that hour of 

being less than 100% - low to high usability. Therefore only 2% of observations in 2016 

have a usability that is less than 100% over the course of the year. 

  

Data Limitations 

There might some weakness in the data related to the fit of the model, as weather and 

specific urban density levels have not been measured and included in the model. 

Furthermore, the specifications of this model, the qualitative analysis of the network and 

layout of Washington, D.C. make it difficult to generalise this study. Each city will have 

a specific network that serves the needs of its citizens, and this is dependent on how the 

city has been planned. The data in the current study has been collected through the 

Capital Bikeshare docking stations and other government data sources. Therefore, the 

data is valid and reliable, leading to limited measurement problems that could lead to 

problems such as an overestimate or underestimate of the effects of a variable. While the 

dataset only covers 2016, the sheer number of observations that are present in one single 
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year – or month – provide a comprehensive understanding of the usability of bikeshare 

docking stations. 
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METHODOLOGY 

 

The current regression model stands as; 

Usability of Stationi (%) = β1 + β2Minutes in Hour Empty or Full + β3Total number of 

Bicycle Dock Spots at Station + β4Number of Rides Beginning from Station + β5Number 

of Rides Ending at Station + β6Next Closest Bicycle Docking Station + β7Number of 

Bicycle Docking Stations within Radius + β8Number of Metro Stations within Radius + 

β9Block Population + β10Block Population White Percentage + β11Block Population 

Black Percentage + β11Block Population Other Percentage + β13Block Median Age + 

β14Block Median Household Income + β15Block Median Age + β16Block Rental + 

β17Block Owner + εi 

 

To address the research question, begin my analysis with a bivariate statistical analysis. 

To closely analyse the descriptive statistics of the dependent variable, and how the 

independent variables vary dependent on the level of usability of a docking station, it is 

converted into a categorical variable of low, medium, medium-high, high and perfect 

usability, for ease of comparison. Once I am able to confirm that the independent and 

control variables do play a role in explaining the dependent variable, I further investigate 

this relationship through log-linear statistical models, utilising the nuances of the 

continuous dependent variable. From there, I investigate the five specific dimensions in 

my dataset, through multivariate analysis that answers the six research questions.  
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I also include a subsidiary analysis using fixed effects on the non-static variables to 

confirm their similar impact on the dependent variable, as shown through the primary 

OLS modelling. While the data suggest the use of fixed-effects panel data, as the study is 

analysing docking stations every hour, every day in 2016, a number of the pivotal 

variables used in this analysis, such as the block-level socio-demographics, and count of 

metro and bikeshare docking stations within a given radius, are static.  The fixed 

variables are captured as unchanging features of the docking stations - controlled in the 

fixed effects model – resulting in collinearity. Thus, highlighting a major downside to the 

use of a fixed effects model, and its inability to capture estimates of the effects of fixed 

characteristics. 

 

Limitations 

The issue of endogeneity is present in the overall model; as mentioned in the conceptual 

framework, weather is not a control variable. This means that trends in the usage of 

bicycles, most prominently seen in the number of bicycle trips as the weather changes 

from sunny to rainy, or cold to warm, are not accounted for. However, while the specific 

weather on each day has not been controlled for, this is an aspect that affects the entire 

model. Furthermore, I control for the time of day, as well as the date (day and month), 

which allows me to infer the average weather for each day. As the model is focusing on 

the District of Columbia metro region, I can measure the average days of rain, clouds, 

snow, or sunshine. While this may vary by month or millimetres of precipitation, these 

factors will average across the year and across several years, and will not be such a 
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determinant factor for my model given that we are looking for broad docking station 

usability. 

 

Correlation is also present in a number of areas of the model, but these are aspects that 

are being controlled. Firstly, I look at the correlation between the distance between a 

CaBi station and the closest metro station entrance. This is correlated with the number of 

trips starting and ending at a station, as often, bikeshare programs are utilised as a 

first/last mile in a trip. However, as the literature has demonstrated, this is to be expected. 

We can also expect a perfectly negative correlation between the key dependent variable, 

usability of a bikeshare docking station and minutes in hour in which the docking station 

is full or empty. This is exactly what the model has been set up to demonstrate, as the key 

dependent variable has been sourced from the key explanatory variable dataset. The 

inability to use a fixed effects model highlights the presence of correlated error terms as 

there are many unchanging variables for each station over the year. The variable outputs, 

remaining constant over the course of the year for each station, make it impossible to 

estimate varying coefficients. 

 

While I have not controlled for density, the model shows clear trends around certain 

areas, such as the residential areas of Maryland and Virginia, as well as the Northwest 

and Northeast reaches of D.C. Furthermore, block level demographic factors, such as race 

and age, will play into the location of a bikeshare station. This is because the annual 

Capital Bikeshare membership survey finds that the average bikeshare user is a male, 
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between the ages of 20 and 35 and white (Lazo, 2015). This study demonstrates whether 

this is true across all stations, or simply those that are most utilised. 

 

Finally, and possibly most importantly, the model and the analysis are limited in 

actualising unmet demand. Given the data, it is not possible to know if, and how many, 

individuals approached a bikeshare docking station when it was not usable to them. 

However, we can infer that the longer a station is not usable, that the unmet demand 

increases, especially when it is around peak traffic times. 
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RESULTS 

 

This study examines optimality across five different but interrelated dimensions of 

usability, inclusivity, convenience, mode sharing facilitation and utilisation. The six main 

research questions that stem from these dimensions will aid in directly addressing 

whether CaBi has achieved optimality in its eight years of operation. 

 

While it is important to look at the general descriptive statistics for all variables, we are 

able to gain better insight into the usability of a bicycle docking station through the 

detailed analysis in Table 3. The table highlights both structural and demographic 

variation across the usability of a docking station from low to perfect. 

 

Structural Variation 

Stations with perfect usability have fewer bike dock spots, on average, at each bicycle 

docking station. This could be due to the expected demand of stations, where those with a 

greater number of dock spots also see higher utilisation. Stations that demonstrate low to 

high usability have greater proximity to other bicycle docking station than those stations 

that have perfect usability. Furthermore, stations with low usability have the most bike-

docking stations and metro stations (alternative choices/competition) within a given 

radius. These docking stations are in close proximity with one another. This is in contrast 

with bicycle docking stations that have perfect usability, that are neither closely 

surrounded by other docking stations in distance nor number. This highlights an 

interesting distinction that these “perfect” stations may not be, on average, close to metro 
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stations or other bicycle docking stations. It would seem that if proximity to a metro 

station is positively correlated with ridership (i.e. the closer to a metro station, the higher 

the ridership from that docking station), then it would theoretically be harder to ensure 

demand met supply closer to these metro stations. However, this problem can be 

balanced with a high density of alternate docking stations. It is interesting that the 

average number of origins/destinations are so low at stations with the worst usability – 

presumably these stations remain either full of bicycles or empty for long periods of time 

given their relative inaccessibility. Therefore, it seems consistent to state that those with 

high usability are the actual bicycle docking stations that are the most efficient. There 

seem to be times when they are not usable, due to their location in high-traffic areas, 

given the number of rides beginning and ending at those docking stations. Yet, this also 

means that they are not theoretically usable, but in fact, have high usability and high 

utilisation. This suggests that it may be important to delve further into the commonalities 

of structural variation of those bicycle docking stations that do not have perfect usability 

and what distinguishes them from stations with perfect usability (see Table 9). 

 

Demographic Variation 

Bicycle docking stations with perfect usability appear to be located on city blocks that are 

more up-scale, on average – with a slightly older population as well as a notably higher 

average median income. Those docking stations are also located on blocks that have a 

higher percentage share of owned homes compared to rented homes. This might suggest a 

lack of regular use, as individuals who live on such blocks have access to, and use, 

alternate modes of transportation. 
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To the extent that race is correlated with income, it is surprising, given this pattern, that 

the stations with perfect usability are not disproportionately white. Interestingly, these 

stations are comprised of the largest share of persons with “other” race category. 

However, this is in line with the Capital Bikeshare Annual User Survey that finds most 

users of the program to be white. (Lazo, 2015) The share of black and other users is 

relatively low. (Lazo, 2015) These results are consistent with the discussion on the 

limited use of the bicycle docking stations that have consistent perfect usability, 

demonstrating that those who fall into the “other” race category are less likely than those 

of white racial backgrounds to use bikeshare programs. Usability does not vary greatly by 

average population size of each block. 

 

Research Questions 

The next step is to investigate the varied impacts of the structural and socio-demographic 

independent variables on optimality. 

 

What is the relative importance of structural vs. socio-demographic demand 

characteristics in explaining usability? 

To first investigate their broader impacts, Table 4 looks at the effect of structural 

variables and then demographic variables independently before encompassing all 

independent variables into one model. Model one shows the impact of structural elements 

on the usability of a docking station. The model demonstrates that a higher number of 

other bicycle docking stations and metro stations within a radius reduce the usability of a 

station, by -0.26 and 0.20 percentage points, respectively. If the next closest bicycle 
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station is far, the findings indicate that CaBi is ensuring usability, with an increase of 

0.33 percentage points. In comparison, utilisation has a minimal effect on the usability of 

stations. Demographic factors also have little impact on the usability of stations. The 

results, in conjunction with Table 3, show little evidence of variance among the usability 

of stations. While this does address inclusivity of the station network, it does not show 

that block level demographics drive demand. 

 

By combining the two models into one that captures both structural and demographic 

variables, we see that there is not a strong correlation between the variables, as there is 

little change in the coefficients. 

 

How do the independent variables vary across different types of urban locations and 

centres? 

Given the importance of the very specific layout of D.C. and its satellite hubs, it is also 

important to discern if there is any variance across the District, Maryland (MD) and 

Virginia (VA). Given a higher number of docking stations in D.C., we would expect a 

larger impact of all variables on usability there, than in MD or VA. The evidence 

suggests that CaBi is ensuring that demand is met. Proximity of the next closest docking 

station increases usability by 1.27 percentage points in D.C., but decreases usability by -

0.06 and -0.20 percentage points, in MD and VA respectively. A similar effect can be 

seen with the number of metro stations within a radius; it has a positive effect in D.C., but 

the effect is negative in MD and VA. 
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This is particularly interesting as D.C. also has the largest spread of docking stations 

across residential and commercial areas, whereas in MD and VA the docking stations are 

particularly focused around metro stations or other densely populated areas. Figure 4 

presents average percentage usability of a bicycle docking station. We see a 

concentration of percentage of usability less than 100% in downtown D.C. Therefore, 

while the statistical models demonstrate that CaBi is meeting demand in D.C. and there is 

an increase of dockblocking in MD and VA, the mapping of usability suggests the 

opposite.  

 

This issue, could be due to the layout of the metro area, with commuters from Maryland 

and Virginia working in downtown D.C. and utilising resources. The three models 

provide evidence that, across the bikeshare program, structural elements impact the 

usability of the stations more than demographic features. 

 

What impact does the time of day have on usability, based on the utilisation, and 

potential modal sharing, of bicycles? 

The layout of the Washington, D.C. metro area is one that has a central downtown with 

surrounding suburban areas. This means that there is a demand for usable docking 

stations for commuters particularly during morning and evening rush hours when there is 

a heavy flow of commuters. Table 6 and Figure 3 present the summation of bicycle trips 

per hour over the course of 2016, thus highlighting an increase in utilisation between 7am 

and 9am – morning commuting – and 4pm and 6pm – evening commuting. Table 6 

shows the frequency per hour of when usability is below 100%.  When compared to the 
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hours of heightened utilisation, we see a lag in the hours of lowered usability of stations, 

suggesting that CaBi is having to catch-up to the utilisation to ensure usability.. Between 

3am and 4am, CaBi sees its lowest use. 

 

Upon further analysis in Table 7, the average percentage of usability throughout the day 

for all stations is 98.46%. Surprisingly, we find that the time when system utilisation is 

the lowest, during the hours of 3am and 4am, docking station usability is also the lowest 

(98.10%) and the usability during the evening commute of 4pm-6pm is the highest at 

99.22%. The positive coefficients of 0.08 and 0.03 percentage points, for a count of 

metro stations within a given radius, demonstrates that CaBi is clearly meeting demand as 

proximity increases usability both during the morning and evening commuting periods. 

However, proximity to other bicycle docking stations decreases usability. This implies 

that even though a higher dock density decreases usability, such density also implies that 

there are numerous docking stations close by to provide alternatives. 

 

Overall, the results demonstrate that CaBi is taking preventative measures during the 

busier commuting hours to ensure maximum usability of stations. CaBi is working 

between 5am and 1am to rebalance the levels of bicycles around the city to ensure 

maximum usability of stations, which confirms why there is a dip in the usability of 

stations occurring during the hours of 3am and 4am. Again, this serves to highlight the 

efforts of CaBi to ensure usability around this peak time, particularly around metro 

stations. 
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How do socio-demographic characteristics of bicycle docking stations vary depending on 

their proximity to metro stations? 

While the prior models demonstrated the concerted effort of CaBi to ensure usability 

around metro stations during peak commuting hours, it is also important to look at all 

structural variables at these times, and compare them to the impact that structural 

elements have during the middle of the day. A comparison of models nine, ten, and 

eleven in Table 8 illustrate that, in the morning and afternoon, the farther the next closest 

docking station, the higher the station usability. This reduces in the evening, as CaBi 

apparently has more difficulty in ensuring usability for all docking stations, especially 

due to higher demand. However, both rides starting and ending at stations increase 

usability across the day to varying degrees.  Number of bicycle docking stations within a 

500m radius reduces usability, and while this signifies an inconvenience in higher density 

areas, it could also imply that the inconvenience is reduced as users are able to utilise a 

nearby station. The impact of docking stations is much greater than metro stations, with 

demand met in the morning commuting hours, but with a reduction of usability during the 

day, and during the evening commute. 

 

How do structural elements of bikeshare programs alter the usability of a docking station 

at various times in a day? 

Given that the impact of proximity to metro stations on usability has reduced, this could 

imply that distance to metro stations does not have a large impact on the usability of 

bikeshare docking stations. However, variance in this impact may depend upon the 

surrounding socio-demographic variables. Models seven and eight presented in Table 8 
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specifically compare the impact of proximity to a metro station. When a docking station 

is not close to a single metro station, an increase in all racial subgroups decreases 

usability, whereas, when at least one metro station is close by, there is an increase in 

usability. It is important to note, however, that these results refer only to theoretical 

usability and not actual utilisation. This could indicate that CaBi is making a more 

concerted effort to ensure usability when closer to metro stations, regardless of 

demographics. By including specific structural variables, we can estimate the impact of 

demographics on usability and utilisation of bicycle docking stations when percentage of 

usability is 100% or less than 100%. 

 

How do the effects of the structural and socio-demographic variables vary depending on 

the usability of a bikeshare docking station? 

The final two models in Table 9 highlight the difference between perfect and imperfect 

station usability by comparing the structural and demographic variables. Model 12 shows 

that indicators of density – count of metro stations and docking stations within a given 

radius – reduce usability by -0.22 and -0.27 percentage points, respectively. The farther 

the next closest bike docking station, the greater the usability of a given docking station. 

Specifically, the coefficient of 0.31 percentage points, indicates that CaBi is ensuring that 

isolated stations have good usability. However, this could also imply limited utilisation. 

The utilisation of bicycles results in an increase in the usability of the docking stations. In 

general, the greater utilisation of a station, through a count of the rides, the greater the 

potential usability, as people are moving bicycles around. This is a useful relationship, as 

CaBi hopes to create a system with positive utilisation leading to an increase in usability. 
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Model 13 reinforces the importance of the structural variables, as has been the trend in all 

models thus far, but particularly for those stations that have imperfect usability at times. 

The number of bicycle rides beginning and ending at a station have a considerable impact 

on increasing usability of a docking station, at 4.68 and 3.17 percentage points, 

respectively. This final model indicates that utilisation of a station can assist in improving 

its usability, which is good news for CaBi. Stations that have the most utilisation have a 

greater chance of also having high or perfect usability. The results from this model also 

emphasise the reduced usability of a docking station that is closer to a greater number of 

metro stations. This highlights the need to ensure usability primarily around metro 

stations, and the use of bicycles as first or last mile modes of transport. Isolated stations 

have an increased likelihood of having heightened usability, validating CaBi efforts to 

ensure usability. However, the coefficient for total number of bicycle dock spots at 

station exhibits a negative correlation with usability, which could imply that the larger 

docking stations in busier areas struggle to maintain usability. Consequently, this 

demonstrates the capacity for improvement from CaBi, as the larger the docking station, 

the easier it would be to maintain usability. Overall, the larger structural coefficients 

maintain statistical significance when percentage of usability is below perfect, whereas 

the demographic variables are no longer statistically significant, with the exception of 

percentage of ownership on a block. 
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CONCLUSION 

 

In aiming to improve the capacity of Capital Bikeshare in the Washington, D.C. metro 

region, this study examined optimality across five interrelated dimensions; usability, 

inclusivity, convenience, mode sharing facilitation and utilisation. Six main research 

questions were addressed within these dimensions; 

1) What is the relative importance of structural vs. socio-demographic demand 

characteristics in explaining usability? 

2) How do the independent variables vary across different types of urban locations 

and centres? 

3) What impact does the time of day have on usability, based on the utilisation, and 

potential modal sharing, of bicycles? 

4) How do socio-demographic characteristics of bicycle docking stations vary 

depending on their proximity to metro stations? 

5) How do structural elements of bikeshare programs alter the usability of a docking 

station at various times in a day? 

6) How does the effect of the structural and socio-demographic variables vary 

depending on the usability of a bikeshare docking station? 

 

The results demonstrated that a system is able to ensure usability and utilisation of its 

docking stations. With little variance across demographic variables and their limited 

influence on usability, CaBi ensures that the program is inclusive across all parts of the 

region. However, CaBi must do a better job in facilitating mode sharing, that is, relying 
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on bikeshare programs as first or last mile transportation particularly around metro 

stations is similarly inclusive and usable. This is especially important during elevated 

commuting periods. 

 

An ideal bikeshare system would show that a high use of bicycles being checked in and 

out of docking stations allows the stations themselves to remain usable. This ensures that 

there is not simply a theoretical use of the bicycle docking station, but actual utilisation. 

While the study has not been able to combine the usability and utilisation into a single 

dependent variable, it has been able to highlight, as the literature demonstrates, a link 

between the usability of a station, and the utilisation that it sees. 

 

This study aimed to discern if commuters are less likely to incorporate bikesharing into 

their daily commute or to make long-term commitments in a modal shift if bikeshare 

docking stations are found to be consistently unusable. By creating a new dataset 

combining detailed ridership data from the Capital Bikeshare System, the American 

Commuter Survey and D.C. Government, the study attempted to identify a relationship 

between ridership choices and design aspects of the system. This was highlighted to be of 

particular interest due to the unique position of the city, in its investment in bicycle 

infrastructure, as well as having a particular layout. 

 

As Capital Bikeshare aims to further expand in D.C., there is a need for additional 

bicycles or docking spots at stations that currently see heavy usage that will allow CaBi 

to ensure allocation of funding for relevant long-term assets. This study is a roadmap to 
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assist Capital Bikeshare in looking at relevant factors when expanding their service, 

while also reflecting on the state of the current system. The investigation into the 

usability of bikeshare docking stations has also touched on the current evaluation period 

for the five dockless bikeshare programs that have recently been introduced into the 

District. Since their introduction in March 2017, CaBi ridership has increased, suggesting 

that the “dockless bike share is complementing the existing system rather than drawing 

users from it.” (McEntee, 2018) Therefore, while the dockless bikeshare programs may 

provide some competition, CaBi’s stability and market access is likely to remain. 

 

This study has demonstrated that Capital Bikeshare is an integral part of the 

transportation sector in Washington, D.C. Additional research is needed to inform any 

strategic planning and structural design of a bikeshare network and its capabilities outside 

the Washington D.C. metro area context. However, the results of this study can inform 

broader policy development that will allow Capital Bikeshare to comprehensively better 

serve its users in Washington, D.C. 
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APPENDIX: TABLES AND FIGURES 

Table 1: Variable Definitions and Data Sources. 

 
Variable 
 

 
Definition 
 

 
Data Source 

 
Dependent Variable 
 

 
Usability of Bikeshare Docking Station 
(percentage) 

The dependent variable is a continuous variable and 
demonstrates the hourly usability each day in 2016. This is as 
a percentage of the hour per bike share station. This is based 
off the minutes in an hour a station is neither empty nor full. 

CaBi Tracker 

 
Structural Variables 
 

 
(a) Minutes in Hour Empty or Full 

This is a numerical continuous variable and calculates when a 
bikeshare is either empty (no available bicycles) or full (no 
empty docking spots), then its status is tracked in minutes. 
This is the basis of the dependent variable. 

CaBi Tracker 

 
(b) Total number of Bicycle Dock Spots at 
Station 
 

This numerical count variable is dependent on the location of 
each bikeshare docking station. Each, has a set number of 
bicycle docks. 

D.C. Government Capital Bikeshare 
Dock Locations 

 
(c) Number of Rides Beginning from Station 
 

In counting the number of bicycle trips in 2016, we can 
collapse the data, to find the number of rides/trips that begin 
at a given station as a numerical variable. 

Capital Bikeshare 2016 Trip Data 

 
(d) Number of Rides Ending at Station 
 

In counting the number of bicycle trips in 2016, we can 
collapse the data, to find the number of rides/trips that end at a 
given station as a numerical variable. 

Capital Bikeshare 2016 Trip Data 

 
(e) Next Closest Bicycle Docking Station 
(kilometres) 
 

To control for station density, we can measure the distance 
between two bikeshare docking stations, in kilometres. This is 
a numerical variable. 

D.C. Government Capital Bikeshare 
Dock Locations 

 
(f) Number of Bicycle Docking Stations within 
Radius (500 metres) 
 

To control for spatial density, we can count the number of 
bikeshare docking stations within a 500-metre radius. 

D.C. Government Capital Bikeshare 
Dock Locations 

 
(g) Number of Metro Stations within Radius 
(one kilometre) 
 

To control for spatial density, we can count the number of 
metro stations within a 1 kilometre radius. D.C. Government Metro Locations 

 
Demographic Variables 
 
 
(h) Block Population 
 

To control for demographic characteristics, this variable 
measures the general block population as a count. 2015 American Community Survey 

 
(i) Block Population White (percentage) 
 

To control for demographic characteristics, this variable 
measures the total block population of people self-identified 
as white as a count. 

2015 American Community Survey 

 
(j) Block Population Black (percentage) 
 

To control for demographic characteristics, this variable 
measures the total block population of people self-identified 
as black as a count. 

2015 American Community Survey 

 
(k) Block Population Other (percentage) 
 

To control for demographic characteristics, this variable 
measures the total block population of people self-identified 
neither white nor black as a count. 

2015 American Community Survey 

 
(l) Block Median Age 
 

To control for demographic characteristics, this variable 
describes the median age of a given block upon which a 
bikeshare station is located. 

2015 American Community Survey 
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Table 1: (cont'd) 

 
Variable 
 

 
Definition 
 

 
Data Source 

 
Demographic Variables 
 
 
(m) Block Median Household Income 
 

To control for demographic characteristics, this variable 
describes the median household income of a given block upon 
which a bikeshare station is located. 

2015 American Community Survey 

 
(n) Block Rental Housing (percentage) 
 

This variable tells of the percentage per block of those 
housing units that are rental 2015 American Community Survey 

 
(o) Block Owned Housing (percentage) 
 

This variable tells of the percentage per block of those 
housing units that are owned by their occupants 2015 American Community Survey 

 
Control Variables 
 
 
(p) Station Number 
 

This numerical variable is the unique terminal number given 
to each Capital Bikeshare docking station. 

D.C. Government Capital Bikeshare 
Dock Locations 

 
 
(q) Station Name 
 

This string variable is the name of each station and is a unique 
identifier, often based on the station location. 

D.C. Government Capital Bikeshare 
Dock Locations 

 
(r) Date 
 

The dates of this dataset range from January 1st to December 
31st, 2016  

 
(s) Hour 
 

 
This is the hour of a day  

 
 
(t) Block ID 
 

Depending on the location of a bikeshare docking station, 
each has a respective block ID as per the United States Census 
Bureau. This is a string variable identifier. 

2015 American Community Survey 
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Table 2: Descriptive Statistics for Explanatory Variables. 
 

 
Variable 
 

 
Mean 

 
Median 

 
Min 

 
Max 

 
Standard Deviation 

 
Key Explanatory Variables 
 

     

 
Usability of a Station (percent) 
 

 
98.46 

 
100 

 
0 

 
100 

 
11.56 

 
Key Explanatory Variables 
 

     

 
(a) Minutes in Hour Empty or Full 
 

 
0.92 

 
0 

 
0 

 
60 

 
6.94 

 
(b) Total number of Bicycle Dock Spots at Station 
 

 
16.78 

 
15 

 
9 

 
54 

 
5.40 

 
(c) Number of Rides Beginning from Station 
 

 
3.07 

 
2 

 
1 

 
100 

 
3.44 

 
(d) Number of Rides Ending at Station 
 

 
3.08 

 
2 

 
1 

 
107 

 
3.54 

 
(e) Next Closest Bicycle Docking Station (kilometres) 
 

 
.36 

 
0.28 

 
0.02 

 
1.74 

 
0.26 

 
(f) Number of Bicycle Docking Stations within 500 metre Radius 
 

 
3.74 

 
3 

 
0 

 
13 

 
2.63 

 
(g) Number of Metro Stations within 1 kilometre Radius 
 

 
1.52 

 
1 

 
0 

 
7 

 
1.58 

 
(h) Block Population 
 

 
1,510.10 

 
1355 

 
117 

 
4,839 

 
825.39 

 
(i) Block Population White (percentage) 
 

 
61.74 

 
67.62 

 
0 

 
100 

 
23.97 

 
(j) Block Population Black (percentage) 
 

 
22.63 

 
12.36 

 
0 

 
100 

 
25.28 

 
(k) Block Population Other (1) (percentage) 
 

 
18.59 

 
17.15 

 
0 

 
77.98 

 
13.16 

 
(l) Block Median Age (in years) 
 

 
32.76 

 
34.3 

 
2.9 

 
64.6 

 
11.74 

 
(m) Block Median Household Income (in US dollars) 
 

 
95,531.71 

 
96,148 

 
0 

 
250,000(2) 

 
45,828.66 

 
(n) Block Rental Housing (percentage) 
 

 
55.86 

 
59.22 

 
0 

 
100 

 
26.60 

 
(o) Block Owned Housing (percentage) 
 

 
39.84 

 
38.84 

 
0 

 
100 

 
25.28 

 
Note: 
(1) Other is a summation of TotalAmericanIndian, TotalAsian, TotalHawaiian, TotalOtherAlone, 
TotalTwoOrMore, TotalTwoOrMore_Other and TotalTwoOrMore_NotOther 
(2) Where a Block Median Income of 250000 represents $250,000 or greater 
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Table 3: Docking Station Usability by Structural and Demographic Characteristics. 
 

Usability 

(Mean) Low (>25%) 
Medium 
(between 25-
50%) 

Medium-High 
(between 50-75% High (< 75%) Perfect 

(100%) 

Structural      

Number of Bicycle Docks 18.2 18.00 17.95 18.01 16.81 

Rides Beginning from Station 0.18 1.52 2.34 3.12 1.12 

Rides Ending at Station 0.15 0.96 1.38 1.92 0.95 

Closest Bicycle Docking 
Station (in kilometres) 0.26 0.27 0.27 0.26 0.35 

Bicycle Docking Stations 
within Radius (500 metres) 5.28 5.22 5.25 5.28 3.70 

Metro Stations within Radius 
(one kilometre) 2.29 2.19 2.21 2.25 1.51 

Demographic      

Block Population 1,510.74 1,514.97 1,528.19 1,528.48 1,513.58 

Block Percentage White 63.07 63.35 63.04 63.58 61.71 

Block Percentage Black 22.51 22.02 22.36 21.68 22.64 

Block Percentage Other 17.55 17.83 17.84 17.92 18.61 

Block Median Age 33.36 33.45 33.31 33.35 35.88 

Block Median Household 
Income 88,862.82 89,446.92 88,479.88 89,532.58 95,546.75 

Block Percentage Rental 59.06 58.84 59.30 59.39 55.79 

Block Percentage Owner 35.83 35.99 35.62 35.33 39.93 

 
 
  



 41 

Table 4: OLS Coefficients for Bikeshare Docking Station Structural and 
Demographic Factors Predicting Usability of Station in 2016. 
 
 
Variable 
 

 
Model One 

 
Model Two 

 
Model Three 

Notes Structural Demographic All Variables 

 
Usability of a Station x x x 

 
Total number of Bicycle Dock Spots at Station 
 

-0.03**  -0.02** 

 
Number of Rides Beginning from Station 
 

0.10**  0.10** 

 
Number of Rides Ending at Station 0.07**  0.07** 

 
Next Closest Bicycle Docking Station 
 

0.33**  0.31** 

 
Number of Bicycle Docking Stations within Radius 
 

-0.26**  -0.27** 

 
Number of Metro Stations within Radius -0.20**  -0.22** 

 
Block Population  0.00** 0.00** 

 
Block Population White  -0.02** -0.02** 

 
Block Population Black  -0.01** -0.03** 

 
Block Population Other  0.00 0.00 

 
Block Median Age  0.07** 0.05** 

 
Block Median Household Income  0.00** 0.00** 

 
Block Rental  -0.01** -0.01** 

 
Block Owner  -0.01** -0.02** 

    

 
Adjusted R2 0.0082 0.0023 0.0098 

N 4,169,469 4,125,550 4,125,550 

 
Notes: 
1) Ɨ = p < .10; * = p < .05; ** = p < .01 
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Table 5: OLS Coefficients for Bikeshare Docking Station Structural and 
Demographic Factors Predicting Usability of Station in 2016 by State. 
 
 
Variable 
 

 
Model Four 

 
Model Five 

 
Model Six 

Notes District of 
Columbia Maryland Virginia 

 
Usability of a Station x x x 

 
Total number of Bicycle Dock Spots at Station 
 

0.02** 0.01** 0.02** 

 
Number of Rides Beginning from Station 
 

0.13** -0.09** 0.05** 

 
Number of Rides Ending at Station 0.08** 0.03** 0.05** 

 
Next Closest Bicycle Docking Station 
 

1.27** -0.12** -0.07Ɨ 

 
Number of Bicycle Docking Stations within Radius 
 

-0.16** -0.06** -0.20** 

 
Number of Metro Stations within Radius 0.01 -0.08** -0.22** 

 
Block Population 0.00** 0.00** 0.00** 

 
Block Population White 0.00 0.01** -0.04** 

 
Block Population Black 0.02** -0.01** -0.04** 

 
Block Population Other 0.01 -0.01** -0.03** 

 
Block Median Age 0.03** 0.00* 0.02** 

 
Block Median Household Income 0.00** 0.00 0.00** 

 
Block Rental -0.01** omitted 0.01** 

 
Block Owner -0.01** 0.00* omitted 

    

 
Adjusted R2 0.0078 0.0015 0.0042 

N 2,228,286 606,088 1,291,176 

 
Notes: 
1) Ɨ = p < .10; * = p < .05; ** = p < .01 
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Table 6: Bikeshare Docking Stations per Hour Demonstrating Ride Count and 
Frequency of Hour when Percentage is less than 100%. 
 
Hour Count 

 
End Count 
 

Frequency 
 

Notes 
(number of rides beginning at 
docking stations) 

(number of rides ending at 
docking stations) 

(when Percentage does not 
equal to 100%) 

Morning    

00:00 31213 32455 3341 

01:00 17351 18522 3216 

02:00 10207 11024 3358 

03:00 5129 5980 3396 

04:00 4111 3947 3399 

05:00 24043 19454 3410 

06:00 87561 66794 2651 

07:00 256719 187979 2090 

08:00 392656 341572 4382 

09:00 229898 223623 6730 

10:00 182893 146156 7561 

11:00 221019 169024 6360 

Afternoon    

12:00 265962 213118 4262 

13:00 268743 223161 3205 

14:00 260251 215133 2878 

15:00 283226 234453 2577 

16:00 370361 293555 2208 

Evening    

17:00 551845 439724 2070 

18:00 453769 405817 2692 

19:00 297913 267421 3573 

20:00 205962 183229 4407 

21:00 141997 128160 4553 

22:00 98222 92431 4180 

23:00 56785 57576 3993 
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Table 7: OLS Coefficient for Density Measures and Mean Percentage for Bicycle 
Docking Stations During Various Levels of Use as Determined by Ride Count. 
 
Variable Time of the Day 

 All day Lowest use Morning Commute Evening Commute 

Hour  3am and 4am 7am to 9am 4pm to 6pm 

Percent (mean) 98.46% 98.10% 98.40% 99.22% 

Metro Radius -0.17** -0.50** 0.08** 0.03** 

Bike Dock Radius -0.28** -0.28** -0.22** -0.16** 

     

Adjusted R2 0.0064 0.0102 0.0020 0.0024 

N 4,175,334 173,843 521,059 520,959 

 
Notes: 
1) Ɨ = p < .10; * = p < .05; ** = p < .01 
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Table 8: OLS Coefficients for Bikeshare Docking Station Comparisons in 2016. 
 
 
Variable 
 

 
Model Seven 

 
Model Eight 

 
Model Nine 

 
Model Ten 

 
Model Eleven 

Notes Hours of 7am to 
9am 

Hours of 10am 
and 3pm 

Hours of 4pm 
and 6pm MetroRadius = 0 MetroRadius > 1 

 
Usability of a Station x x x x  

 
Number of Rides Beginning from Station 
 

0.01Ɨ 0.13** 0.05**   

 
Number of Rides Ending at Station 0.09** 0.05** 0.02**   

 
Total number of Bicycle Dock Spots at 
Station 
 

-0.2** -0.01** 0.01**   

 
Next Closest Bicycle Docking Station 0.69** 0.72** 0.15**   

 
Number of Bicycle Docking Stations within 
Radius 
 

-0.21** -0.23** -0.17**   

 
Number of Metro Stations within Radius 0.05** -0.02* -0.03**   

 
Block Population    0.00** 0.00** 

 
Block Population Other    -0.04** 0.01** 

 
Block Population White    -0.06** 0.02** 

 
Block Population Black    -0.07** 0.03** 

 
Block Median Age    0.06** 0.08** 

 
Block Median Household Income    0.00** 0.00** 

 
Block Rental    0.01* -0.01 

 
Block Owner    -0.01** -0.03** 

      

 
Adjusted R2 0.0034 0.0052 0.0042 0.0044 0.0022 

N 1,220,893 1,629,992 521,059 1,042,085 520,959 

 
Notes: 
1) Ɨ = p < .10; * = p < .05; ** = p < .01 
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Table 9: OLS Coefficients for Bikeshare Docking Station Comparison of Usability 
in 2016. 
 
 
Variable 
 

 
Model Twelve 

 
Model Thirteen 

 
Notes Percentage = All Excluding when 

percentage = 100% 

 
Usability of a Station X x 

 
Number of Rides Beginning from Station 
 

0.10** 4.68** 

 
Number of Rides Ending at Station 0.07** 3.17** 

 
Number of Bicycle Docking Stations 
within Radius 
 

-0.27** 0.06 

 
Number of Metro Stations within Radius -0.22** -0.53** 

 
Total number of Bicycle Dock Spots at 
Station 
 

-0.02* -0.32** 

 
Next Closest Bicycle Docking Station 0.31** 3.54** 

 
Block Population Other 0.00 0.07Ɨ 

 
Block Population White -0.02** 0.03 

 
Block Population Black -0.03** 0.01 

 
Block Median Age 0.05** 0.05 

 
Block Median Household Income 0.00** 0.00* 

 
Block Rental -0.01** 0.00 

 
Block Owner -0.02** -0.04** 

   

 
Adjusted R2 0.0098 0.2336 

N 4,125,550 88,487 

 
Notes: 
1) Ɨ = p < .10; * = p < .05; ** = p < .01 
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Table 10: Fixed Effects Model and OLS Model Coefficients. 
 
 
Variable 
 

 
Model Fourteen 

 
Model Fifteen 

 
Model Sixteen 

Notes All Variables Fixed 
Effects 

Non-Static Variables 
Fixed Effects Non-Static OLS 

 
Usability of a Station x x x 

 
Total number of Bicycle Dock Spots at Station 
 

omitted - - 

 
Number of Rides Beginning from Station 
 

0.17** 0.16** 0.05** 

 
Number of Rides Ending at Station 0.09** 0.09** 0.05** 

 
Next Closest Bicycle Docking Station 
 

omitted - - 

 
Number of Bicycle Docking Stations within Radius 
 

omitted - - 

 
Number of Metro Stations within Radius omitted - - 

 
Block Population omitted - - 

 
Block Population White omitted - - 

 
Block Population Black omitted - - 

 
Block Population Other omitted - - 

 
Block Median Age omitted - - 

 
Block Median Household Income omitted - - 

 
Block Rental omitted - - 

 
Block Owner omitted - - 

    

 
Adjusted R2   0.0006 

N 4,125,550 4,180,324 4,180,324 
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Figure 1: Map of the District of Columbia Metropolitan Area, noting Capital 
Bikeshare Docking Stations and Washington Metro Area Transport Authority 
(WMATA) Metro Stations. (see the full interactive visualisation at 
https://public.tableau.com/shared/6DGM4TZPT?:display_count=yes) 
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Figure 2: CaBi Tracker Map Demonstrating Docking Station Status of Downtown 
D.C. Note: A full station (no empty docks) is denoted as being red, and an empty station 
(no available bicycles) is yellow. (see the full interactive visualisation at 
http://cabitracker.com/) 
 
 

 

Figure 3: Bicycle Trip Count (sum) by Hour in 2016. 
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Figure 4: Mean Values of Environmental Factors of Bicycle Docking Stations in the 
Washington, D.C. Metro Area. (see the full interactive visualisation at 
https://public.tableau.com/views/MeanValuesofEnvironmentalFactorsofBicycleDockingS
tationsintheWashingtonD_C_MetroArea/WashingtonD_C_Area?:embed=y&:display_co
unt=yes&publish=yes) 
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