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Abstract— This paper presents an approach to determining
the popularity of bicycle-sharing stations based on the
influence of nearby geographical objects. For this purpose,
we created new datasets by integrating historical bicycle trip
data (made freely available by a bicycle sharing company
Capital BikeShare) with a set of diverse public data sources.
We have then performed statistical analysis and predictive
modeling to test three claims made by Capital BikeShare
about their customers: (1) the top trip purposes overall were
for personal/non-work trips, (2) large share of members also
used the bicycles for their trip to work and (3) Capital
BikeShare served as a feeder service to reach transit stops.
The results of statistical analysis confirmed all three claims,
while predictive modeling provided evidence just for the
first and third claim.

. INTRODUCTION

In recent years, bicycle sharing systems are becoming
increasingly popular as an alternative to traditional ways
of transport. Cheaper transport, positive health and
environment implications are just a few of the reasons that
affected the growth of bicycle sharing systems [1, 2].
Popularization of bicycle sharing systems is particularly
evident in large cities where traffic jams are often.
Companies that own bicycle sharing systems, offer their
users to rent, use and return bicycles to any of their
bicycle stations. Stations must have a good circulation of
traffic in order to be profitable. Therefore, companies need
to identify the factors that positively or negatively
influence the amount of traffic through the stations (also
referred to as the popularity of the station).

The goal of our research was to identify these factors
using statistical analysis and predictive modeling i.e.,
machine learning (ML). We specifically address the
question of impact that the neighboring geographical
objects have on station popularity and usefulness. Besides
business, the main reasons for renting bicycles are also
personal trips, for example entertainment, shopping, etc.
[1]. Therefore we considered a wide range of object
classes assuming that all of them might affect station’s
popularity and then tried to determine the possible impact
of every object class separately. In order to factor in the
distance of the objects from the station into our study, we
assigned each object with a real value called rank. Ranks
were obtained by dividing the area around the station into
concentric circles. In order to validate our approach we
collected the bicycle trip history data from the Capital
BikeShare system and data integrated it with different
geographical object data sources. Geographical object
classes were constructed by manually aggregating the
OpenStreetMaps classes by type (e.g., cultural, transport

etc.). We than assigned each station a categorical
popularity grade by dividing the annual sum of all rented
and returned bicycles for that station into discrete
intervals. We experimented with different machine
learning and statistical analysis methods using the
popularity grade as the class label.

The results of both statistical analysis and ML revealed
that attractions, shops, facilities for fun and relaxation,
tourist facilities, as well as facilities for the purchase of
food and beverages have a positive impact on the
popularity of the station. Positive impact of business
objects could only be confirmed by statistical analysis.

The rest of the paper is organized as follows. Related
approaches are reviewed in Section Il. In Section Il we
describe our methodology. Discussion and experimental
results are given in Section IV. Section V concludes the
paper and provides directions for further work.

Il.  RELATED WORK

Researchers have thus far approached the problem of
predicting the popularity of bicycle sharing stations by
concentrating on specific, predefined subset of object
classes and their influence on stations individually (for
example, markets, and public transport stations). Conway
[3] developed machine learning models to predict station
popularity based on its availability to the users for work
related trips. The model was created using the Capital
BikeShare (CBS) data integrated with data derived from
OpenStreetMaps and Open-TripPlanner tools. The authors
obtained good results on the CBS system, however when
their model was tested on similar data from different
companies (or cities), it did not prove so well. Rixey [4]
studied the effects of demographics and built environment
characteristics near the bicycle sharing stations on shared
bicycle ridership levels. The model was developed using
linear regression based on the data from CBS, Nice Ride
MN and Denver B-Cycle system integrated with
OpenStreetMaps and various public census data. The
model performed well and proved to be directly applicable
to datasets from other communities. Hampshire et al. [5]
used panel data based models to explain the factors that
contribute to bike sharing usage in Barcelona and Seville.
Their results showed that number of bike stations, labor
market size and population density have a strong
correlation with the bike sharing usage.

I1l.  METHODOLOGY

Our methodology is based on the integration of
historical bicycle station usage data with different
geographical object data sources. Further in paper, these
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datasets will be referred to as stations, trip history and
object datasets.

A. Data acquisition and processing

The bicycle stations and station usage data was
obtained from a publicly available dataset provided by
CBS. It contained the data about all the bicycle trips
made by their customers in 2015. Each trip was assigned
with its identifier, duration (measured in hours), and
source and destination stations. From stations dataset we
have chosen station’s identifier, name and geographical
coordinates.

The data about geographical objects was obtained from
OpenStreetMaps (OSM) [6] using the OverPass API [7] in
the form of OSM nodes. Every node represents a
geographical object described with an identifier,
geographical coordinates and a set of attributes in form of
<key, value> pairs (e.g. <public_transport
stop_postition>, <amenity = restaurant>). In order to get
all nodes around the stations using the OverPass API, we
needed to determine boundary coordinates. Coordinates
were approximately estimated by visual observation of the
CBS station distribution. The retrieved object dataset
comprised over 100.000 nodes and was then filtered to
remove uninformative nodes. We designed a custom
filtering algorithm to remove useless nodes, such as nodes
without any attributes, nodes containing only time and/or
author data, nodes representing garbage cans, semaphores,
etc. The algorithm was improved through multiple runs
and inspections of its results using the OSM TagFinder [8]
to filter out nodes with unclear or contradictory semantics.

The next step in our processing was to assign every
object from the object dataset a geographical object class.
The classes were obtained from OpenStreetMaps class
definitions directly and by aggregating some of their
classes. We used the following thirteen classes:

shop — represents various shopping objects, for
example supermarkets, groceries etc.,

food_drink specialization of shop class
representing objects where only food and drinks
can be bought. This was isolated as a separate class
due to significant number of food-drink objects in
the dataset,

business — representing workplaces,

recreation — representing recreation objects such as
parks, swimming pools, courts, etc.,

entertainment — representing entertainment objects,
for example, night clubs,

sight — representing objects such as malls,
memorials,

health — representing human and animal health care
objects,

religion — representing religious objects such as
churches, mosques,

tourism — representing objects that might be
interesting to tourists, such as galleries, museums,
camp places, hotels, etc.,

historic — representing objects of historical interest,

! Dataset can be found at: https://s3.amazonaws.com/capitalbikeshare-
data/index.html
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Figure 1. Quartile diagram for annual sum of rented and returned
bicycles per station

education — representing educational institutions,
such as elementary and high schools, colleges and
universities,

culture — representing objects such as libraries,
cinemas, etc. and

e graveyards.

B. Dataset prepration

In order to categorize the distances of objects in relation
to the station, we divided the territory around every station
into a predefined number of circular ranges called ranks.
Rank represents the degree of object’s distance from the
station. We experimented with total area around the
station creating multiple variations of datasets with area
diameters of 3 km, 4 km and 5 km. Diameters were
calculated based on the average human walk speed which
is 5 km/h [9]. For all three dataset variations we created
versions with three, four and five ranks for a total of nine
variations of the final dataset. Radius for each rank in
specific dataset variation is defined as the radius of the
previous rank plus the ratio of maximum radius size and
number of ranks. For example, for dataset with the total
area of 5 km and five ranks, inner and outer radiuses of
first rank are 0-0.5 km, second 0.5-1 km, third 1-1.5 km,
fourth 1.5-2 km and fifth 2-2.5 km. Next, for each of the
nine dataset variations we counted the number of objects
for each geographical object class inside of each rank.
Each dataset variation was appended on the aggregated
history trip and stations dataset, describing every station
with its identifier, name, geographical coordinates and the
number of objects of specific object class in each rank.
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C. Popularity grade

In order to determine how important bicycle stations are
to their users, we assigned popularity grade to all stations
from final datasets. In our study, we assume that stations
with more traffic are of more interest to both the bicycle
sharing company and its users. Therefore in order to
calculate popularity grade, we summed the annual number
of rented and annual number of returned bicycles for each
station. We visualized the popularity grade values with a
quartile diagram? as shown in Figure 1. Based on the
diagram, we were able to extract five grades representing
ranges of total number of rented and returned bicycles per
station. Grade 1 range includes all stations whose number
of rented and returned bicycles is below the lower
whisker. Grade 2 represents interval between the lower
whisker and the lower quartile, grade 3 between the lower
and upper quartile, grade 4 between the upper quartile and
upper whisker. Finally, grade 5 includes all the stations
with total number of rented and returned bicycles above
the upper whisker. We added one extra grade, grade zero
for stations without any traffic and slightly corrected grade
1 to start from 1 instead from O, like it was suggested from
quartile diagram.

D. Dataset analysis

Created datasets were used to verify next three claims
made by Capital BikeShare [1]:

The top trip purposes were for personal/non-work
trips (C1),

Large share of members used the bicycles for
their trip to work (C2) and

Capital BikeShare served as a feeder service to
reach transit stops (C3).

In order to verify these three claims, we applied
statistical and predictive modeling on the previously
described datasets. Based on the claims, entertainment,
recreation (C1), business (C2) and public transport (C3)
object classes should have positive influence on the station
popularity [1]. First, we tried to confirm claims analyzing
the Pearson correlation coefficient [10] between specified
object classes and the popularity grade. Next, we used the
datasets to train decision tree classifiers with the
popularity grade as a class label. This classifier was
chosen due to its easy interpretability given that our
primary goal is determining the influence that different
object classes have on the popularity. We trained a total
nine decision trees, one per variation of the final dataset.
For each decision tree model, we measured precision,
recall and f-measure both per class and overall.

IV. RESULTS AND DISCUSSION

The values of the Pearson correlation coefficient (p)
showed that following object classes have moderate
positive influence on the station’s popularity: recreation
(p=0.582), food-drink (p=0.673), shop (p=0.650) and
culture (p=0.662, confirming Cl1); business (p=0.678 -
confirming C2), and public transport (p=0.698 -
confirming C3). Object classes that had slightly positive
or no influence on the popularity were historic objects and
graveyards.

As expected, recreation, food-drink, shop, culture,
business and public transport classes had a moderate

2 We used RapidMiner 7 Educational Version.

11

positive correlation with the popularity grade. However
the correlation coefficient values were lower than we
anticipated. After examining the cause, we concluded that
this happened due to the tendency of objects of the same
class to group in one area. Since the distribution of objects
is not uniform across the city, we get different areas that
have the same grade, but not the same frequency of
objects. For example, in a shopping district you would get
a high frequency of shops and a low frequency of other
types of objects. On the other hand, a sport complex
would not have a high frequency of shops, but can have
the same grade. That directly causes the distribution to be
less linear. That would mean that there are two stations
with the same grade where one of them has a high
frequency of shops and one that has low frequency of
shops. This negatively affects the linearity between shop
objects’ frequency and the popularity grade.

Based on decision tree models analysis (given in tables
I and Il) we noticed a positive influence of public
transport objects (confirming C3), food-drink, shop,
recreation and tourism class objects (confirming C1). The
positive influence of business class objects (C2) was
however not confirmed®. We note that this does not imply
that the influence does not exist; just that the decision tree
model did not deem this attribute as important during its
creation. In order to back findings in the rest of the section
we report on the performance of our chosen predictive
modeling algorithm. The two models with the highest
achieved accuracies were trained on the datasets with 5
ranks where each rank radius is incremented by 0.4km
(referred as 5.20, acc. 85.41%, Table I) and 0.5km
(referred as 5.25, acc. 86.49%, Table II). The results for
grades 2, 3 and 4 were consistently high across all of the
other seven models (data not shown).

TABLE I. 5.20 DATASET PERFORMANCE
Grade Precision (%) Recall (%) f-measure (%)
0 75,00 23,08 35,30
1 75,00 52,94 62,10
2 80,28 79,17 79,70
3 87,43 93,30 90,30
4 89,61 95,83 92,60
5 73,33 64,71 68,80
Accuracy (%) 85,41
Micro-avg f-measure (%) 71,50
Macro-avg f-measure (%) 85,40

TABLE II. 5.25 DATASET PERFORMANCE
Grade Precision (%) | Recall (%) f-measure (%)
0 80,00 65,54 69,60
1 66,67 94,12 78,00
2 85,29 80,56 82,90
3 88,17 91,62 89,90
4 91,18 86,11 88,60
5 85,71 70,59 77,40
Accuracy (%) 86,49
Micro-avg f-measure (%) 81,10
Macro-avg f-measure (%) 86,50

However the performances were inconsistent and
generally lower for grades 5, 1 and 0. As the amount of

8 Pictures of decision tree models are not given, because they are too big
to be shown in this paper. They can be found on address:
https://www.dropbox.com/sh/hffgahmos1ghf63/AACVGKGeBWBUmM
wXfOdmXo3KEa?dI=0
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training examples in the dataset is of great importance in
ML, our results could be explained by the frequency
distribution of the grade values given in Figure 2 and
Table I11. There are only 17 stations for each of the grades
1 and 5 (5% of the total number of stations). We also note
that for grade 5, one of the stations had a significantly
higher traffic than all other stations (several times more
than the second busiest). What should be taken into
account is that CBS is a well-established system and that
positions of stations were carefully thought through so this
kind of distribution of grades (Table Il and Figure 2) is to
be expected. Large number of stations with grade 3
indicates that company aims on balancing the load on the
stations, resulting in higher number of stations with
moderate to low traffic in comparison to high traffic ones.
Based on this, we can conclude that predicting grades 2-4
with high accuracy would be of greater importance to
CBS (and most likely other similar companies as well).

Grade 0 is a special case where there was absolutely no
traffic made through the station. There are only 13 stations
with this grade in our data and they make up 4% of the
total number of stations* (Table 111 and Figure 2).
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Figure 2. Stations' grade frequency

TABLE Il1. DISTRIBUTION OF STATIONS ACROSS GRADES

Grade Frequency %
0 13 4
1 17 5
2 72 19
3 179 48
4 72 19
5 17 5

Total 370

We purposefully left grade 0 in our data (even though
removing it would likely improve the overall results) in
order to check whether there was any obvious influence
on the absence of traffic. Our results were however
inconclusive.

As the results in tables | and 1 indicate, our models can
not only be used to analyze the influence of nearby
objects, but also to predict the popularity of a new station
to be built. Our models can easily be applied given that the
coordinates of the desired station location is available, as
well as the information about the surrounding objects. We
do note that our models were trained on the data from just
one city (Washington DC) as provided by CBS, so
applying them on data from other cities (without re-
training) would most probably result in lower performance
because of the territorial, cultural and other differences.

4 We note that Capital BikeShare has not listed any reasons for the
presence of these stations in their data.
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V. CONCLUSION

This paper presented an approach to determining the
influence of nearby geographical objects on the traffic
through bicycle sharing stations. To this end we applied a
decision tree classifier and performed statistical analysis
on data created by integrating freely available historical
bicycle trip data with a different public geographical
object data sources. Using statistical analysis we found
that entertainment, recreation, food-drink, culture,
business and public transport objects have a positive
influence on the popularity of the stations. The results of
the classifiers indicate that given appropriate data we are
able to predict the popularity of station that is yet to be
built.

There are numerous possible directions for further
work. Preprocessing could be improved in terms of time
complexity by using machine learning to classify
geographical objects into classes, instead of manual
classification using TagFinder and OpenStreetMaps.
Taking into consideration other characteristics of the
environment near the station (e.g., the population count or
terrain) would provide higher prediction accuracy as well
as new information to the bicycle sharing companies.
Using data from different cities or other bike-sharing
systems is a direction that would make the ML models
more universal.
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