
Un
pu
bli
she
d w

ork
ing

dra
ft.

No
t fo
r d
istr
ibu
tio
n.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

New York CitiBike Trip Histories
Sajjad Pakdaman Sovoji

York University
Toronto, Ontario, Canada

savoji@yorku.ca

Amin Fadaeinejad
York University

Toronto, Ontario, Canada
afadaei@yorku.ca

Pouya (Adrian) Firouzmakan
York University

Toronto, Ontario, Canada
Adrianfi@yorku.ca

Figure 1: Citibike in New York City

ABSTRACT
Bicycling is an activity which yields many benefits: Riders improve
their health through exercise, while traffic congestion is reduced
if riders move out of cars, with a corresponding reduction in pol-
lution from carbon emissions. In recent years, Bike Sharing has
become popular in a growing list of cities around the world. The
NYC “CitiBike” bicycle sharing scheme went live (in midtown and
downtown Manhattan) in 2013, and has been expanding ever since,
both as measured by daily ridership as well as the expanding ge-
ographic footprint incorporating a growing number of “docking
stations” as the system welcomes riders in Brooklyn, Queens, and
northern parts ofManhattanwhichwere not previously served. One
problem that many bikeshare systems face is money. An increase
in the number of riders who want to use the system necessitates
that more bikes be purchased and put into service to accommodate
them. Heavy ridership induces wear on the bikes, requiring more
frequent repairs. However, an increase in the number of trips does
not necessarily translate to an increase in revenue because riders
who are clever can avoid paying surcharges by keeping the length
of each trip below a specified limit (either 30 or 45 minutes, de-
pending on user category.) We seek to examine Citibike trip data
to extract meaningful relations and conclusions which will provide
insight for executive sectors. Our findings can be categorized under
three titles: usage trends, common locations, expansion policy. In
the first category, we study usage trends on multiple scales ranging
from hourly to yearly. The second category is dedicated to finding
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geographical relations between commonly used stations and the
last category suggests an expansion policy based on the current
station density and frequency of trips made.
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1 INTORDUCTION AND MOTIVATION
Since 2013 a shared bicycle system known as CitiBike is available
in New York City. The benefits of having such a system include re-
ducing New Yorkers’ dependence on automobiles and encouraging
public health through the exercise attained by cycling. Additionally,
users who would otherwise spend money on public transit may find
bicycling more economical – so long as they are aware of Citibike’s
pricing constraints.

There are currently about 33000 shared bikes which users can
rent from about 4594 docking stations located in Manhattan and in
western portions of Brooklyn and Queens. A rider can pick up a
bike at one station and return it at a different station. The system
has been expanding each year, with increases in the number of
bicycles available and expansion of the geographic footprint of
docking stations. For planning purposes, the system operator needs
to project future ridership to make good investments.

The available usage data provides a wealth of information which
can be mined to seek trends in usage. With such intelligence, the
company would be better positioned to determine what actions
might optimize its revenue stream.
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• In section 2 we review literature on bike share systems, some
of which examine the relationship of weather on ridership.

• In section 3 we examine the methodology from the stand-
point of data sources, collection, cleaning, exploratory data
analysis (EDA), limitations, aggregation, and statistical anal-
ysis.

• In section 4 we discuss results from our modeling.
• In section 5 we present a conclusion and summary of the
results and discuss proposed future research and enhance-
ments.

• In section 6 we list the references used in this study.

2 RELATEDWORKS
Westland et al [17]. examined consumer behavior in bike sharing
in Beijing using a deep-learning model incorporating weather and
air quality, time-series of demand, and geographical location; later
adding customer segmentation. Jia et al[10]. performed a retro-
spective study of dockless bike sharing in Shanghai to determine
whether introduction of such program increased cycling. Their
methodology was to survey people in various neighborhoods where
the areas were selected by sampling, and the individuals were se-
lected by interviewing individuals on the street. Jia and Fu[11]
further examined whether dockless bicycle-sharing programs pro-
mote changes in travel mode in commuting and non-commuting
trips, as well as the association between change in travel mode and
potential correlates, as part of the same Shanghai study. Dell’Amico
et al[2]. modeled bike sharing rebalancing programs initially in
Reggio Emilia, Italy using branch-and-cut algorithms. In a more
recent paper, Dell’Amico et al[3]. examined the bike-sharing rebal-
ancing problem with Stochastic Demands, aimed at determining
minimum cost routes for a fleet of homogeneous vehicles in order
to redistribute bikes among stations. Zhou[18] analyzed massive
bike-sharing data in Chicago, constructing a bike flow similarity
graph and using a fast-greedy algorithm to detect spatial communi-
ties of biking flows. He examined the questions 1. How do bike flow
patterns vary as a result of time, weekday or weekend, and user
groups? 2. Given the flow patterns, what was the spatiotemporal
distribution of the over-demand for bikes and docks in 2013 and
2014? Hosford et al[9]. surveyed participants in Vancouver, Canada
and determined that public bicycle share programs are not used
equally by all segments of the population. In many cities, program
members tend to be male, Caucasian, employed, and have higher
educations and incomes compared to the general population. Fur-
ther, their study determined that the majority of bicycle share trips
replace trips previously made by walking or public transit, indi-
cating that bicycle share appeals to people who already use active
and sustainable modes of transportation. In another paper, Hos-
ford et al[8]. determined that that the implementation of the public
bicycle share program in Vancouver was associated with greater in-
creases in bicycling for those living and working inside the bicycle
share service area relative to those outside the service area in the
early phase of implementation, but this effect did not sustain over
time. Schmidt[13] observed that the number of bike-sharing pro-
grams worldwide grew from 5 in 2005 to 1,571 in 2018. He further
noted that disparities in bike-sharing usage are evident around the
country, with users skewing towards younger white men. Wang

et al[16]. examined the rebalancing problem and determined that
the fluctuation of the available bikes and docks is not only caused
by the user but also by the operators’ own (inefficient) rebalancing
activities; they propose a data-driven model to generate an opti-
mal rebalancing model while minimizing the cost of moving the
bikes. Vogel and Mattfeld [14] observe that Short rental times and
one-way use lead to imbalances in the spatial distribution of bikes
at stations over time, and present a case study demonstrating that
Data Mining applied to operational data offers insight into typical
usage patterns of bike-sharing systems and is used to forecast bike
demand with the aim of supporting and improving strategic and
operational planning. They analyze both operational data from Vi-
enna’s shared bike rental system as well as local weather data over
the period. Fuller et al[6]. examined the impact of a public transit
strike (November 2016 in Philadelphia) on usage of the bike share
service in that city. In an earlier study, Fuller et al[5]. examined
bikeshare in Montreal by collecting samples prior to the launch of
the program, and following each of the first two seasons. [Unlike
other cities such as New York, the Montreal bike share system does
not operate year-round. Rather, because of the especially harsh win-
ters, their bikeshare system is dismantled each fall and reinstalled
each spring.] Fuller’s methodology incorporated a 5-step logistic
regression in which the weather variables entered at step 4; this
rendered nonsignificant the differences between the three survey
periods.

Faghih-Imani and Eluru[4] study the decision process involved
in identifying destination locations after picking up the bicycle
at a BSS station. In the traditional destination/location choice ap-
proaches, the model frameworks implicitly assume that the influ-
ence of exogenous factors on the destination preferences is con-
stant across the entire population. They propose a finite mixture
multinomial logit (FMMNL) model that accommodates such hetero-
geneity by probabilistically assigning trips to different segments
and estimating segment-specific destination choice models for each
segment. Unlike the traditional destination-choice-based multino-
mial logit (MNL) model or mixed multinomial logit (MMNL), in an
FMMNL model, we can consider the effect of fixed attributes across
destinations such as users’ or origins’ attributes in the decision
process.

An et al[1]. examine weather and cycling in New York City
and find that weather impacts cycling rates more than topography,
infrastructure, land use mix, calendar events, and peaks. They do so
by exploring a series of interaction effects, which each capture the
extent to which two characteristics occurring simultaneously exert
a combinatorial effect on cycling ridership – e.g, how is cycling
impacted when it is both wet and a weekend day or humid day in
the hilliest parts of the cycling network?

Heaney et al[7]. examine the relation between ambient tem-
perature and bikeshare usage and to project how climate change-
induced increasing ambient temperatures may influence active
transportation in New York City.

In the 1990s, Nankervis [12] examined the effect of weather
and climate on university student bicycle commuting patterns in
Melbourne, Australia by examining counts of parked bicycles at
local universities and correlating with the weather for each day,
finding that the deterrent effect of bad weather on commuting was
less than commonly believed (though still significiant.)

2023-03-22 17:11. Page 2 of 1–8.
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3 METHODOLOGY
In this section we present our general methodology towards solv-
ing this problem. To that end we will explicitly go over the data
analytics architecture consisting of the steps one needs to take
such as data collection/ingestion process, data storage process, data
analysis, data serving, and data visualization. We will also describe
the algorithms used while addressing the limitations and difficulties
with the respective approaches.

3.1 Data Sources
Citibike makes a vast amount of data available regarding system
usage as well as sales of memberships and short-term passes.
For each month since the system’s inception, there is a file contain-
ing details of (almost) every trip. (Certain “trips” are omitted from
the dataset. For example, if a user checks out a bike from a dock but
then returns it within one minute, the system drops such a “trip”
from the listing, as such “trips” are not interesting.)
There are currently 103 monthly data files for the New York City
bikeshare system, spanning July 2013 through December 2021. Each
file contains a line for every trip. The number of trips per month
varies from as few as 200,000 during winter months in the system’s
early days to more than 2 million trips this past summer. The total
number of entries was more than 100 million, resulting in 200GB
of data. To perform the aimed statistical analysis on this dataset
we deployed a distributed general framework when applicable. In
cases in which our distributed approach was not practical we used
subsampling.

3.2 Limitations and Challenges
Because there is so much data, it is difficult to analyze the entire
universe of trip-by-trip data unless one has high-performance com-
putational resources. The following are some of the challenges we
faced whilst conducting this study:

• Data column names change slightly from month to month.
• In some months, Citibike specifies dates as YYYY-MM-DD,
while in other months, dates are MM/DD/YYYY.

• In certain months, the timestamps include HH:MM:SS (as
well as fractional seconds) while in othermonths, timestamps
only include HH:MM , as seconds are omitted entirely.

• We encountered an unusual quirk which manifests itself just
once a year, on the first Sunday of November, when clocks
are rolled back an hour as Daylight Savings time changes to
Standard time:
– The files do not specify whether a timestamp is EDT or
EST. On any other date, this is not a problem, but the hour
of 1am-2am EDT on that November Sunday is followed
by an hour 1am-2am EST.

– If someone rents a bike at, say, 1:55am EDT (before the
time change) and then returns it 15 minutes later, the time
is now 1:10am (EST).

– The difference in time timestamps suggests that the rental
was negative 45 minutes, which is of course impossible.

• Sometimes there is an unusually long interval between the
start time of a bicycle rental and the time at which the system
registers such rental as having concluded.

3.3 Overall Analytics Structure
The overall analytics pipeline that we follow consists of 6 major
blocks. This pipeline starts with data cleaning and preprocessing
and continues with Feature extraction, Feature Engineering, Dis-
tributed Head, Analysis, Visualization (see figure 2).

Figure 2: Overall analytics structure

3.4 Algorithms and Implementation
This project involves visualization of this rich dataset therefore
the algorithms are also adjusted to such purpose. As the data is
provided in CSV format for each month, we used Pandas to read
and clean the dataset. For feature extraction, feature engineering
we used NumPy, and at the end for visualization we took advantage
of numerous platforms including Matplotlib, Seaborn, Tableau, and
Folium.
As for the Distributed head we use a divide and concur strategy
in which each analysis is performed on a subset of dataset and the
result of them will be aggregated in a submodule. Although we did
not use parallel processing in this study due to limited computation
resources, such a structure fully supports papalism. In figure 3 the
exact process of distributing an analysis is depicted. In this scheme
one should divide a conventional analysis into two submodules.
First one should decide how to perform the analysis on a subset of
the data, and in the end how to aggregate the results in a way that
the final statistics holds for all splits. For instance, for creating a
histogram of data, given that the bin edges are placed the same for
all data splits, the analysis part is creating the histogram for that
split and result aggregation is summing the corresponding counts
from all data splits.

3.5 Interactive Data Visualization
One of the challenges of visualizing rich data is the static scale of
figures. For a data set as huge as the one we are working with, there
is useful information at different scales. To address this problem,
we used an interactive visualization library called Folium. A demo
of such interactive visualization can be seen here.

• The top 50 stations for starting and ending.
• The trend of flow for each station, this shows the number of
bikes that entered and left that station, color red indicates
that the number of bikes left is greater than the number
of bikes that have entered. Color green indicates that the
number of bikes entered is greater than the number of bikes
that have left. (Demo Link)

• This shows the trend of magic-trips (The trips that have been
done by the organization itself since no trip records were
available for them). Color red indicates that the number of
bikes left is greater than the number of bikes that have en-
tered. Color green indicates that the number of bikes entered

2023-03-22 17:11. Page 3 of 1–8.
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is greater than the number of bikes that have left.(Demo
Link)

• Top 50 trips that were made. (Demo Link)

Figure 3: Distributed processing scheme used.

4 RESULTS
The results of this study can be categorized under four components:
Usage Trend, Commonly Used Location, Allocation Strategy, and
Expansion Policy. In Usage Trend we extracted the basic statistics
and trends in the data such as trip start time, end time, duration, and
it occurrence with respect to weekdays. For Most Commonly Used
Locations we investigate how often different stations are used, and
what this implies in terms of geographical relations in NYC. As for
the Allocation Strategy we explore the difference between departed
and arrived trips to each station. Finally, we will investigate how
commonly used stations are distributed with respect to the overall
density of stations. By doing so we will suggest an expansion policy
which will increase the throughput of the network to the best of
our speculations.

4.1 Usage Trend
The bar graphs in figure 5 are Illustrating the cumulative number of
bikes, the cumulative number of stations, and the number of trips
in each month since June 2013, respectively. AS it can be seen, the
number of stations has increased significantly since 2013. However,
regarding the number of bikes, there is no considerable change since
December 2020. On the other hand, by taking the number of trips
per month into consideration, it is noticeable that the same pattern
has been repeated each year because of changing the seasons and
general weather conditions despite the fact the number of trips has
increased.

Figure 5 shows the trend for using the Citibikes in New York
on each day of the week between 2020 and 2022. It is obvious that
there is not any remarkable difference between the days of the
weeks. The reason would be understandable by considering the
main factors for determining the location of the stations. This part
would be explained in Section Stations’ Location Trends.

4.2 Stations’ Location Trends
After analyzing the trend for allocating the bike stations using
figure 6 showing the location of the bike stations in 2013 and 2022,
it turns out that, regardless of several potential aspects, e.g., the
distribution of population and the age of people, the main factors
to determine the coordinates of the stations are the Number of
House Units and White-Collar Occupations. In this figure,there are
two set of maps related to 2013 and 2022. from left to right, each
set is representing the location of stations, location of the stations
considering the house units, and location of stations by taking the

Figure 4: Monthly usage trends from 2013 to 2022

Figure 5: Weekdays trips trend from 2013 to 2022

White Collar Occupations into account, respectively. It is obvious
that increasing the number of stations from Manhattan to the north
and east is a solution to deal with the heavy traffic and rush hours
in New York by encouraging people to use bikes instead of private
cars and even other types of public transportation. Accordingly,
it is reasonable that the number of bikes used on each day of the
week is similar to the other weekdays as a large number of the trips
have been devoted to commuting to work.

Another interesting point is that the number of new stations and
the area they are covering is suddenly boosted in 2020 which is the
year that the pandemic started (This fact can be confirmed by Phase
3 of the Major Citibike Expansion link). In this regard, it is safe to
say that the pandemic was a fortune for the authorities to improve
the infrastructures faster and increase the number of stations and
cover more areas including Queens and a part of Bronx.

In figure 7, the start time and end time of the trips between 2020
and 2022 are illustrated. The ironic point of this diagram is that it
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Figure 6: Locations of the bike stations in 2013 and 2022.

seems, in general, the end time curve is almost a shift form of the
start time. To understand the cause of the effect, the Histogram of
Trip Duration (figure 8) is employed. It is significantly noticeable
that most trip duration are between 0 and 30 minutes. One reason
is that the number of stations is mostly allocated for White Collar
Occupations and, most people have been using bikes for commuting.
However, another considerable reason can be found by checking
out the fees for renting the bikes. In this regard, based on figure 9,
after 30 minutes, the renter would be charged $ 0.23 per minute.
Hence, clearly, people prefer to end the trip before 30 minutes and
start it again as it is more reasonable from the price point of view
if they were to want to use the bike for another 30 minutes.

4.3 Effect of Pandemic
From the figure 10 showing the number of trips per day from Janu-
ary 1st, 2019 to January 1st, 2021 it is clear that the general pattern
in 2020 is almost the same as in 2019 except a period of time be-
tween March 14th and April 30th in 2020 due to the increasing the
number of deaths caused by Covid-19. In addition to this, there is
another study published in June 2021 that confirms the fact that
the usage of the Citibikes has recovered very fast even during the
peaks of the pandemic in comparison with other types of public
transportation such as subway (Wang 2021 [15]). The reason is in
fact not surprising as during the pandemic people prefer to, for
example, commute alone for the sake of safety rather than being
on a bus with other people.

Figure 7: Start and end time histogram between 2020-2022.

Figure 8: Trip duration histogram from 2013 to 2022

Figure 9: Citibikes rental fees (link)

4.4 Commonly Used Locations
In figure 11, maps are showing the top 50 most used starting and
ending stations in 2021. As can be seen, all of them are located
in Manhattan although there are stations in other areas such as
Queens, just to name. The information obtained from these maps
have been used in the next subsection to demonstrate interesting
discoveries.

2023-03-22 17:11. Page 5 of 1–8.
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Figure 10: Number of trips per day during pandemic

Figure 11: Most used stations for starting and ending trips
from 2013 to 2022 (green: entered, red:exited)

4.5 Proposed Expansion Policy
As mentioned before, the expansion of the bike stations was from
Manhattan to the north and east to cover more areas. However, in
this section a visualization analysis for expanding the bike stations
to support the most used stations is proposed. By putting figure 11
into a heat map illustrating the density of stations in different area
of New York and zooming in, it can be seen a number of commonly
used stations are located in areas that there are not enough number
of stations there. In this regard, these areas have the potential to
have more stations and as a result more bikes (see figure 12).

4.6 Allocation Strategy
There is no guarantee that the number of bikes available at a specific
location is going to remain constant, because there is going to be
some stations that the number of bikes that have left would be far
more than the number of bikes that have entered. Figure 13 shows
the flow of the trips. It could be noticed that the bikes are moving
from the center of the city(Manhattan) towards the north and east
side of the city, Since the color of the circles in the center of the
city red it shows that more trips are moving outwards from the
center and the color green in the figure 13 indicates that the number
of bikes coming in that station is more than the number of bikes
leaving that station. For more details you can see our web Demo.

Figure 12: Proposed expansion policy using heat-map and
most used stations from 2013 to 2022

Figure 13: Flow of trips from 2013 to 2022 (green: entered,
red:exited)

This issue is a problem since after a while there is going to be
one station that will run out of bikes. In order to solve this problem,
Citibike, moves the bikes from the station that are receiving more
bikes to the stations that are losing bikes. The way detected this
phenomenon is that we find out that if stating station is different
from the last position that the bikes previously had. We called this
phenomenon asMagic Trip, figure 14 shows the flow of the magic
trips. We also have prepared a web Demo.

Figure 15 shows the duration of the magic trips, this parameter
is measured by computing the time where the bikes has not been
used. According to figure 15 there are some conclusions about that
fact:

• Main peak is under 5 hours.
• More peaks happen periodically 24 hours apart (Daily oper-
ations).

2023-03-22 17:11. Page 6 of 1–8.
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Figure 14: Flow of magic trips from 2013 to 2022 (green: en-
tered, red:exited)

• Long duration could mean that the bike has gone to mainte-
nance.

Figure 15: Magic Trip duration from 2013 to 2022

Figure 16 shows the trend of magic trips during the week days.
Most of the magic trip have been occurring during the weekdays
while in the weekends the system is less active. This makes sense
because Citibike similar to other companies in USA, work less
during the weekends.

4.7 Common Trips
Figure 17 shows the most common trips that have been occurred
from 2013 to 2022. the interesting discovery that we have is that the

Figure 16: Flow of magic trips from 2013 to 2022

top most common trip has a same staring and ending station, which
means that the rider has returned the bike to the same position after
his/her ride. The interesting part is that the location of this station
is beside the central park at New York, which means that the reason
for this is that a lot of users where using the bikes for exercising. In
can be seen in figure 17 there are a few dots near the central park
which represent this phenomenon. It is worth mentioning that the
green color represents that the number of bikes exited that station
is more than the bikes that have entered, color red represents that
the number of bikes exited that station is less than the bikes that
have entered. We also have prepared a web Demo. for this, where
you see the details about it.

Figure 17: Most Common trips from 2013 to 2022

5 CONCLUSION
In conclusion, we state that there is indeed a wealth of information
within this data set many of which is yet to be explored. In our
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study which was performed withing the scope of a graduate-level
course, we found the following:

• The number of active bikes and stations have seen constant
growth throughout these 103 months of data collection with
an exceptionally fast rate in 2020.

• The number of trips made follows a seasonal trend in which
more trips are made during warm seasons in contrast with
cold seasons.

• Most Trips start and end within the traffic rush hours mean-
ing that this bike sharing system is used as a solution for
NYC traffic congestion.

• Most trips take more than 15 minutes, while a standard ride
is expected to be 30 minutes in the company’s policy. This
suggests that administrators can adjust the trip standard
duration to further increase overall profitability. This also
indicated a need for more flexible usage plans for customers
who use these bikes for longer duration.

• These bikes are used the same withing a week which means
that the maintenance schedule should be adjusted to other
factors such as traffic congestion in streets rather than bike
usage in general.

• The network expansion policy is correlated with housing
units’ density and office locations.

• Although the pandemic imposed a radical drop in the number
of trips made in 2020, but bikeshare has recovered its usual
trend whereas many public transportation systems still lack
safety standards.

• Commonly used stations are located within the financial
district of Manhattan.

• The most used trip is a path around Central Park.
• Stations which are in the central region of Manhattan sink
(bikes end up there) while the stations in the western area
of Queens are source (bikes start from there).

• Bikes are relocated via network admins for allocation pur-
poses as well as maintenance.

• Bike re-locations follow the reversed trend in terms of allo-
cation compared to usual trips.

• Interactive visualization recovers some information that is
hidden with static visualization.
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