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ABSTRACT

Bike share systems worldwide are increasingly recognized for their environmental benefits and
potential role in promoting active transportation. These systems are particularly valued for
addressing the first and last mile problem by providing access to public transport services and
facilitating multimodal travel. This study explores the impact of subway and bus operations on the
usage of New York City's Citi Bike system. Utilizing a Random Effects Spatial Autoregressive
(RE-SAR) model on the counts of bikes rented and returned at each station, to account for spatial
and temporal dynamics between bike station usage and public transportation is investigated, with
a particular focus on subway and bus operations. The estimation results indicate a positive
correlation between both subway and bus arrivals and the usage of the bike share system, with
subway access exerting a more significant impact. Furthermore, the study employs a Graph
Attention Network (GAT) model, enriched with key factors identified through the RE-SAR model,
to forecast short-term usage for bike shares at individual stations. This research underscores the
influence of public transit on bike share systems, demonstrating how the environment surrounding
the stations and temporal variables affect usage. Additionally, integrating the GAT model into
public transit and bike share program applications could significantly enhance user experiences by
addressing common issues such as empty or full bike stations, thereby promoting the adoption of

this sustainable mode of transportation.
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Chapter 1: INTRODUCTION AND LITERATURE REVIEW

As of August 2021, approximately 10 million shared bicycles were active across 3,000 bike share
systems globally. Between August 2021 and August 2022, the introduction of 187 new systems
was observed in 170 cities across the globe, with the closure of merely two systems [1]. These
statistics demonstrate the growing popularity of bike share systems. These systems are recognized
for offering benefits in accessibility to critical activities for travelers with limited personal vehicle
access and health, such as enhancing mobility flexibility, encouraging physical activity, and
facilitating connections between multiple modes of transport, thereby addressing the first/last mile
problem [2], [3]. Bike share users often encounter challenges with stations experiencing over-
demand; meaning, stations where users intend to pick up a bike might be empty, or stations where
they wish to return a bike might be full. Such scenarios can significantly diminish the user
experience for bike share users, particularly in low-density environments like suburbs. In such
areas, the sporadic availability of bikes can significantly deter the use of bike share systems.
Therefore, accurately predicting short-term usage and identifying key influencing factors are
crucial for effectively managing these systems and enhancing user convenience, especially where

every available bike counts.

1.1 Identifying Key Factors Influencing Bike Share Usage

Various studies have tackled this challenge considering different factors. Certain research, such as
that conducted by Bacciu et al. [4] and Lin et al. [5], relied solely on trip data without considering
additional parameters. Relying solely on trip data may restrict the analysis by not capturing the
full range of factors that influence bike share usage. Including additional parameters such as

weather conditions, public transit operations, and socio-economic factors allows for a more



comprehensive understanding of user behavior and system dynamics. This wider consideration of
various external influences enhances the model's capacity to more accurately predict demand and

support better-informed management decisions for bike share systems.

Some studies have expanded their analysis by including weather-related parameters. Feng et al.
[6] analyzed historical usage patterns alongside meteorological factors such as temperature,
humidity, and wind speed. Chen et al. [7] incorporated a broader set of meteorological parameters,
including visibility and dew point, building on the previous study’s approach. Chen et al. [8]
explored the impact of situational variables such as social and traffic events, which include
concerts, city festivals, marathons, sports games, subway delays, traffic accidents, and road

restrictions, on bike usage patterns at nearby stations.

A different set of studies explored the influence of built environment attributes on bike share usage.
For example, Tran et al. [9] used linear regression to evaluate the effects of factors categorized
into public transport, socioeconomic attributes, topographic features, bike sharing network
components, and leisure activities within a 300-meter radius of each station, with the goal of
understanding their impact on station-specific bike share demand. Bai et al. [10] utilized negative
binomial regression to assess various land use types with an entropy index, which captures the mix
level of a geographic area and quantifies the diversity in land use types. Meanwhile, Wu et al. [11]
used two spatial econometrics models being spatial lag model (SLM) and spatial error model
(SEM) to investigate the effects of population, the count of bike racks, distance to public transit,
and proximity to other local destinations, along with network metrics such as degree centrality and

eigenvector centrality.



1.2 Short-term Bike Share Usage Prediction

1.2.1 Different Spatial Perspectives in Bike Sharing Demand Prediction
Research on predicting bike sharing demand dates back to the inception of these systems. Viewed
spatially, the problem of forecasting demand for bike sharing systems can be approached from

three distinct levels: city-wide, by clusters of stations, and at individual stations.

1.2.1.1 City-wide Demand Analysis

The aim of these studies, as suggested, is to determine the overall demand for a bike share system
within an urban area. Giot and Cherrier [12] developed a model to predict the next day's demand
on an hourly basis for Capital Bikeshare in Washington DC, employing historical trip data along
with variables such as season, distinction between working days and weekends (including
holidays), and weather-related attributes. They evaluated various machine learning algorithms and
concluded that Ridge Regression and Adaboost Regression were superior to others based on the
Root Mean Squared Difference (RMSD) error rate, which served as the evaluation metric for
assessing model performance. Li and Zheng [13] introduced a Similarity-based Efficient Gaussian
Process Regressor for predicting demand volumes at different scales—station-level, cluster-level,
and city-level—using three categories of influencing factors: time, meteorology, and events. This
category of models is the least explored, largely because, while they simplify the problem by
providing a macroscopic view of demand, they do not address how to enhance user experience in
bike share systems or motivate more people to use them. This limitation arises because city-wide
models typically overlook the granular, localized factors that impact usage, such as socio-
economic conditions, points of interest (POIs), and the proximity of each bike station to public

transportation. As a result, such models may fail to capture the diverse impacts of stations' locations



and characteristics on user behavior and system efficiency, preventing a comprehensive

understanding and improvement of bike share dynamics.

1.2.1.2 Station Cluster-based Demand Analysis

This category of studies operates under the assumption that stations in close proximity exhibit
correlated usage patterns. The underlying idea is that accurate predictions within a cluster can help
users locate an available bike or dock. Research in this domain primarily focuses on identifying
spatial and temporal clusters among stations. For example, Chen et al. [8] introduced a
geographically-constrained station clustering approach to dynamically group stations based on
similar usage patterns, estimating the inflow and outflow of bikes for each cluster. Bao et al. [14]
employed K-means clustering to classify stations into five categories according to their
surrounding points of interest, leveraging data from the Google Places API. Zhou [15] used
agglomerative hierarchical clustering to identify stations with similar temporal demand patterns,
utilizing data from Chicago's Divvy bike share system. Clustering stations simplifies the problem
of demand prediction by reducing the complexity of data analysis and enhancing operational
efficiency. Additionally, it operates under the assumption that when one station in a cluster is empty

or full, users can conveniently access other nearby stations within the same cluster.

1.2.1.3 Individual Station Demand Analysis

Although it presents the greatest challenge among the three categories, station-level demand
prediction in bike share systems has recently become the most pursued area. Research in this
domain often examines spatial and/or temporal interdependencies among stations. For example,
Rixey [16] employed linear regression, incorporating built environment and demographic factors
within a 400-meter radius of each station, across three different bike share systems in Washington

D.C., Denver, and Minneapolis. Faghih-Imani et al. [17] utilized Linear Mixed Models for the



BIXI bike share system in Montreal, taking into account the weather, along with temporal and
spatial characteristics of the stations, within a 250-meter buffer. Chen et al. [7] explored the use of
deep learning—specifically, five different recurrent neural network architectures—to forecast
station-level bike rental and return demands, using datasets from New York's Citi Bike and Taipei's

YouBike.

1.2.2 Models for Short-Term Bike Share Demand Forecasting

Since the advent of bike share systems, researchers have employed various predictive models to
address the challenge of forecasting bike share demand, utilizing historical bike usage data along
with temporal, spatial, and meteorological variables. Forecasting demand enable bike share
companies to efficiently rebalance their fleets, ensuring that stations are neither empty nor overly
full. This reliability in service availability enhances user convenience, encouraging more

consistent use of bike share systems.

One category of models employed for this purpose includes statistical models such as linear
regression, as demonstrated by Rixey [16] and Faghih-Imani et al. [17], and the use of an ARIMA
model for predicting the availability of docks and bikes at each station [18]. Sohrabi et al. [19]
utilized a negative binomial regression model to forecast hourly bike rentals and returns at

individual stations.

As computing power has advanced, coupled with improvements in data collection and algorithm
development, the use of machine learning algorithms for forecasting travel demand has become
increasingly prevalent. For example, Giot and Cherrier [12], who explored various machine
learning techniques including Ridge Regression, Adaboost Regression, Support Vector
Regression, Random Forest, and Gradient Boosting Regression Tree. Ashqar et al. [20] utilized

Random Forest and Least Squares Boosting as univariate regression algorithms, and Partial Least
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Squares Regression for multivariate analysis, using temporal, meteorological, and bike availability

data from the target station and surrounding stations as inputs.

Lately, deep learning techniques have achieved notable advancements in addressing the challenge
of short-term traffic forecasting, encompassing bike sharing systems as well. Scholars have utilized
recurrent neural networks (RNNs) to discern temporal patterns in bike share usage. For instance,
Chen et al. [7] explored five distinct RNN architectures to forecast station-level bike rental and
return demands using datasets from New York's Citi Bike and Taipei's YouBike. Additionally, the
long short-term memory (LSTM) network, a variant of RNNs, has been employed for pattern
analysis in historical data. For example, Zhang et al. [21] applied an LSTM network to predict bike
share demand in Ningbo, China, by analyzing data from bike stations and public transport boarding
passengers, forecasting usage in the forthcoming hour at 15-minute intervals. Researchers have
also explored convolutional neural networks (CNNs) for demand prediction purposes. Originally
developed to identify patterns and structures within visual data like images and videos, CNNs are
adept at recognizing spatial dependencies within the dataset. For example, Yang et al. [22]
proposed a deep learning approach that utilizes CNNs to predict bike pickups at both the city and
station levels. Researchers have also developed hybrid models that combine features to analyze
spatial and temporal traits for predicting traffic demands. For instance, Mehdizadeh Dastjerdi et
al. [23] developed a hybrid CNN-LSTM model to forecast short-term demand at the community
level 15 minutes ahead for the Montreal BIXI bike share system. In addition, Graph Neural
Networks (GNNs) are capable of capturing the complex spatio-temporal dynamics in bike share
system usage, such as the variations in bike availability that fluctuate based on time of day, day of
the week, and location-specific factors. For example, Pandya [24] employed a spatio-temporal

Graph Convolutional Network (ST-GCN) to predict bike flows within a bike share system for the



upcoming hour, using data from the system previously known as Ford GoBike (now Lyft) in San
Francisco. Recently, the inclusion of attention mechanisms in convolutional networks for
predicting bike share demand has demonstrated enhanced accuracy and interpretability of deep

learning algorithms, as evidenced by the work of Du et al. [25].

1.3 Main Contributions

This study considers the effects of a broad range of factors influencing bike share usage, including
public transit operations, weather conditions, bike station infrastructure characteristics,
socioeconomic characteristics of people living near bike stations, and points of interest around
each bike station. Unlike prior investigations that primarily analyzed the proximity [11] and
density [9] of public transportation stations near bike share stations, this study shifts the paradigm
by examining public transit service. This approach addresses a critical gap in existing literature,
acknowledging that the relationship between public transportation service and bike share usage
varies throughout the day, contingent on the actual bus and subway levels of services rather than
their mere presence or proximity. To capture this relationship, two spatial-temporal econometric
models are employed, specifically Random Effects Spatial Autoregressive (RE-SAR) model, to
analyze the patterns of bikes being rented and returned at each station on an hourly basis. This
methodology allows us to pinpoint the factors influencing these patterns. Subsequently, these key
factors are integrated into a Graph Attention Network (GAT), alongside the dataset of trips. This
combination facilitates a comprehensive analysis of both temporal and spatial data, enabling short-

term predictions of bike share usage with higher accuracy.



Chapter 2: DATASET

In this research, a variety of datasets have been utilized to explore the key influencing factors

affecting bike share usage. These include:

Bike Trips Dataset: Fundamental trip data capturing trips' start and end stations, and start and end

times.
Bike Stations Dataset: Information on the number of docks available at each station.
Public Transit Operations: Data on bus and subway operations proximate to bike stations.

Weather Dataset: Hourly weather conditions impacting bike usage, including temperature, wind

speed, and precipitation.

Points of Interest (POI) Dataset: Locations such as restaurants, cinemas, cafes, parks, and

schools around each station.
Census Tracts Dataset: Socioeconomic data of the residents living in the vicinity of each station.

Each dataset contributes uniquely to understanding the factors influencing bike share systems. The
following chapters will delve into each dataset in detail, discussing the specifics of data collection,

processing, and analysis.

2.1 Citi Bike Trip Dataset

The Citi Bike system, New York City's bike share program, was introduced in May 2013. Starting
with 6,000 bikes across approximately 300 stations in Manhattan and Brooklyn [26]; it has
witnessed significant growth. By February 2024, the network expanded to include around 2,200
stations and over 34,000 bikes, extending its reach to the Bronx, Brooklyn, Manhattan, Queens, as

well as Hoboken and Jersey City [27]. This study leverages the Citi Bike trips dataset spanning
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from February 1, 2023, to January 31, 2024, accessible via the Citi Bike System Data portal [28].
Each record within the dataset details specific aspects of individual trips, including the start and
end dates and times, as well as the locations of departure and arrival stations. Moreover, it
distinguishes between members and casual riders. It's important to note that, unlike earlier versions
of the dataset, demographic information such as the riders' gender and age was not included for
the period under review in this study. From February 2023 to January 2024, the dataset records a
staggering total of 38,180,976 trips. Notably, a substantial majority of these rides—81.91%—were
undertaken by members subscribed to the program, while the remaining 18.09% were attributed
to casual riders. This study, however, aggregates the data from both user groups without distinction,

focusing instead on examining the synergy between public transportation and the Citi Bike system.

2.1.1 Citi Bike Dataset Preprocessing

To prepare the dataset for analysis, comprehensive preprocessing was carried out on the data
collected over the twelve-month study period. This involved several key steps: removing bike
stations that were not operational throughout the study period, eliminating stations with minimal
usage to ensure data quality, discarding trips that lacked complete information, and filtering out
very short trips that started and ended at the same station. Detailed descriptions of these

preprocessing steps are provided in the following section.

2.1.1.1 Preprocessing on the Bike Stations Dataset

Initially, the focus was narrowed to stations operational throughout the entire study period. Out of
2,331 recorded stations, only 1,622 that existed for the full duration of the study were considered.
Further refinement was conducted by eliminating stations with minimal usage, specifically those
with fewer than 1 bike rental and return per hour (equivalent to less than 8,760 over the year). This

step was taken to focus the analysis on stations that significantly contribute to the system's



operations, ensuring a more robust and representative dataset. Removing rarely utilized stations
reduces noise in the data and aligns with methodologies employed in similar studies, such as the
study by Lin et al. [5]. This criterion reduced the dataset to 855 stations. Subsequent sections will
detail the exclusion of certain stations based on proximity to bus and subway stations, aligning

with the study's objective to assess public transportation's impact on bike share usage.

2.1.1.2 Preprocessing on the Trips Dataset

The preprocessing of trip data involved two key steps. First, trips lacking complete information on
start and end times or stations were discarded. Second, trips deemed non-valid—defined as those
lasting less than 3 minutes [9] and with identical start and end stations—were excluded. These
short-duration, same-station trips are often indicative of user behaviors that do not reflect genuine
transit usage, such as undocking a bike only to find it unsatisfactory or defective and then
immediately returning it. Such instances, which may occur due to mechanical issues or a change
in the user’s decision, do not contribute meaningful data for analyzing usage patterns. To illustrate
the impact of this criterion, excluding these trips reduced the dataset by 2.2%, ensuring that the

remaining data more accurately represents purposeful bike share usage.

2.2 Bike Stations Dataset

The primary dataset from Citi Bike lacks specific details on the docking capacity at each station.
To augment this data, information regarding the number of docks available at each station was
sourced from the Bike Share Map website [27]. This platform provides a real-time overview of
bike share usage and docking station locations across more than 400 cities globally. The integration
of these figures with the dataset of trips was facilitated by extracting dock count data for each

station from this resource.
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2.3 Bus Operations

The New York City bus schedule, managed by the Metropolitan Transportation Authority (MTA),
undergoes quarterly adjustments [29]. To announce these changes, the MTA publishes the bus
General Transit Feed Specification (GTFS) data, segmented into six distinct files reflecting each
of the city's boroughs: Bronx, Brooklyn, Manhattan, Queens, Staten Island, and the MTA Bus
Company [30], [31]. Given the expansive nature of this dataset—which includes details on routes,
stop locations, operational periods, and exceptions—this analysis focused on capturing all bus
operations at stations proximate to Citi Bike locations from February 1, 2023, to January 31, 2024.
Staten Island was excluded from this analysis due to the absence of Citi Bike services in that
borough. During the study period, the dataset encompassed a total of 1,003,802,711 bus arrivals
across the included boroughs, offering a comprehensive overview of bus transit dynamics relevant

to the investigation of their impact on Citi Bike usage.

2.3.1 Effects of Bus Operations Dataset on the Citi Bike Trips Dataset

This study prioritizes understanding the influence of public transportation access on bike share
usage. Consequently, this analysis was focused on Citi Bike stations located within a 400-meter
radius of bus and subway stations. This proximity threshold is supported by literature indicating a
significant positive correlation between bike share usage and the accessibility of transit stations
within a 400-meter (or walking distance) radius [32]. This distance is recognized within the transit
industry as a "catchment" area, where most people can comfortably walk within 5-10 minutes,
significantly increasing the likelihood of using transit services [33]. Upon applying this criterion,
six stations lacking nearby bus stops were excluded from consideration. Thus, this analysis
proceeded with a revised total of 849 bike stations, enabling a focused examination of the

relationship between bus accessibility and bike share usage patterns.
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2.4 Subway Operations

This study utilizes a comprehensive dataset of subway operations at each station, spanning from

April 2021, available online in daily increments for all stations [34].

2.4.1 Preprocessing of Subway Operations Dataset

The preprocessing of the subway operations dataset encountered two primary challenges. First, the
arrival and departure timestamps were in Unix time format. After reviewing the data, especially
during expected peak hours, these timestamps were converted to Eastern Standard Time (EST) for
consistency and ease of analysis. The second challenge involved the dataset only including subway
station IDs. To address this, a supplementary dataset containing detailed subway station
information from MTA [35] was merged with the operations data, resulting in a comprehensive

view of over 76,509,967 stops across 496 stations during the study period.
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2.4.2 Effects of Subway Operations Dataset on the Citi Bike Trips Dataset

Aligning with the study's objective to examine the influence of public transport proximity on bike
share stations, the same 400-meter buffer criterion used for bus stops was applied to subway
stations. After excluding bike stations lacking nearby subway stations within this buffer, the dataset
was refined to include 585 bike stations. This selective focus allows for a detailed analysis of the

interaction between subway access and bike share usage patterns.
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Figure 2: Subway Stations in New York City

2.5 Weather Dataset

The weather conditions play a pivotal role in influencing bike share usage patterns [7]. The dataset
includes several key parameters: temperature, 'feels like' temperature, humidity, precipitation,
wind speed, and visibility. Hourly averages for these weather conditions were obtained for all

boroughs from the Visual Crossing Database [36]. This comprehensive weather data was then

13



assigned to each bike station to facilitate the analysis of how varying weather conditions affect

bike share activity across the network.

2.6 Points of interest (POI) Dataset

Understanding the influence of surrounding amenities on bike share usage is another focus of this
study. To this end, data on Points of Interest (POIs) around each bike station were compiled using
NextGIS [37], which utilizes OpenStreetMap (OSM) data [38]. From this source, a comprehensive
collection of 84,279 POIs was gathered. Following the removal of entries with null values, these
POIs were organized into eight distinct categories for analysis: Food, Leisure, Education, Health,
Office, Shop, Sport, and Amenity. Each POI within a 400-meter radius of a bike station was then
assigned to that station. This step allows for an in-depth examination of how proximity to various
types of POIs may impact the bike share usage, providing insights into the urban factors that drive

bike share demand.

2.7 Census Tracts Dataset
To enrich the analysis with a deeper understanding of the demographic and socio-economic
context, this study incorporates data on the characteristics of populations residing within a 400-

meter radius of each bike station.

2.7.1 Collecting the Census Tracts Datasets
New York City comprises 2,325 census tracts, with detailed demographic data accessible through
the United States Census Bureau database [39]. The information from these tracts was categorized

into four main areas:

Social Characteristics: This includes data on average household size and disability status.
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Economic Characteristics: It covers employment status, median and average income for both

family and non-family households, and the poverty rate.

Housing Characteristics: This section details the number of occupied and vacant housing units, as

well as households lacking access to vehicles.

Demographic Characteristics: It provides insights into the gender ratio, average age, and racial

composition of the population.

Given the vast scope of data spread across various datasets, an automated approach using the
Selenium Python library [40] was employed to streamline the collection and extraction of relevant

data for each census tract.

2.7.2 Assigning Census Data to Bike Stations
The process of attributing average demographic and socio-economic parameters from census tracts

to individual bike stations involved several steps:

Data Integration: The census tract data was merged with corresponding geographic tract shapefiles

[41] to facilitate spatial analysis.

Spatial Mapping: Using ArcGIS Pro, the combined dataset was spatially projected to accurately

map the census tracts.

Intersection Analysis: ArcGIS Pro enabled the identification of intersections between each census

tract and a 400-meter buffer surrounding the bike stations, determining the overlap areas.

Parameter Calculation: For each demographic and socio-economic characteristic, calculations

were adjusted by the proportion of the census tract's area falling within the bike station's buffer
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zone. For example, if a census tract with a 10% poverty rate and a population of 1,000 intersects

40% of its area with a bike station's 400-meter buffer, the calculation would be:

AffectedPopulation = 1000(population) * 0.10(povertylevel) * 0.40(intersectionarea) = 40 (D

This means 40 individuals from this tract are considered under the poverty level in the context of

the bike station's proximal population.

Weighted Averages: Following the individual calculations for each characteristic across all
relevant census tracts, weighted averages were computed based on the population. This ensured
that the demographic profiles attributed to each bike station accurately reflected the proportional

influence of each intersecting census tract.

Data Assignment: The final step involved assigning these calculated weighted average values to
their respective bike stations, thereby providing a nuanced understanding of the local population's

characteristics within the vicinity of each station.
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Figure 3: Intersection of 400-Meter Buffers Around Bike Stations with Census Tracts

Figure 3 provides a visual representation of the spatial analysis conducted, illustrating how the
400-meter buffers around bike stations intersect with the geographic boundaries of census tracts.
This visualization underscores the methodological rigor in capturing the demographic context

around each bike station.

2.8 Overview of Variables Used in This Study

2.8.1 Variables and Their Sources
Table 1 is designed to enumerate these variables, offering definitions, classifications, and their

sources of origin.
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Table 1: Variables and their Sources

Variable

Dataset

Source

Variability

The number of bikes rented at
each station

The number of bikes returned to
each station

Trips

Citi Bike
Website

Time-Variant

The number of buses operated at
each bus station around each bike
station

The number of subways operated
at each subway station around
each bike station

Public
Transit
Operations

MTA

Time-Variant

The number of total docks in
each station

Bike Stations
Infrastructure

BikesShareMap
Website

Time-Invariant

The number of people over 16
years of old

The percentage of employed
individuals over 16 years of old

The percentage of disabled
individuals

The number of occupied units

The percentage of people under
poverty level

Average household size

The percentage of the households
without any vehicle

The male percentage

The average age

The percentage of the White
population

The percentage of the African
American population

The percentage of the Asian
population

Census
Tracts

2018 - 2022
ACS 5-Year
Data Profile by
Tract

Time-Invariant

The number of Food-related POI

The number of Leisure-related
POI

The number of Education-related
POI

Points of
Interest

NextGIS
database based
on
OpenStreetsMap
(OSM)

Time-Invariant

18




The number of Health-related

POI NextGIS
The number of Offices Points of database based ‘ ‘
on Time-Invariant
The number of Shops Interest
OpenStreetsMap
The number of Sport-related POI (OSM)

The number of Amenities
Clear Weather (1 for clear
weather, 0 for any kind of

precipitation) _ _

Feels like Temperature in Celsius Weather Vlsu\;a‘}e](;;cizmng Time-Variant
Humidity percentage

Windspeed in Km/Hour

Visibility distance in Km

1. All the variable are calculated for the 400-meter buffer around each bike station.

2. Variability Definitions: "Time-Variant" variables change over the period of study,
reflecting dynamic conditions or events. "Time-Invariant" variables remain constant

throughout the study period, representing static conditions.

2.8.2 Descriptive Statistics of Variables

Following rigorous preprocessing, the refined dataset encapsulates data from 585 operational
stations, characterized by 29 independent variables as detailed in Table 1. It is noteworthy that the
preprocessing efforts have streamlined the dataset to a focused collection of 12,037,121 bike trip

records.
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Figure 4: Citi Bike Stations after preprocessing

Given the study’s emphasis on dissecting hourly bike usage dynamics, each variable has been
aggregated on an hourly basis for every station across the year-long study period. This aggregation
approach ensures a detailed temporal resolution, yielding 8,760 data points per station.
Collectively, for the 585 stations under review, the dataset comprises over 5 million records,
offering a rich basis for comprehensive analysis. Table 2 is poised to present the descriptive

statistics for all the variables.
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Table 2: Descriptive statistics of the variables before transformation

Variable Min Max Mean Std. dev
Citi Bike Rental Counts (#) 0 182 2.34 3.76
Citi Bike Return Counts (#) 0 150 2.34 3.82
Bus Operations (#) 0 4138 152 216
Subway Operations (#) 0 599 48.9 53
Number of Docks (#) 15 120 42.8 19.9
Population over 16 (#) 341.7 28,506 11,305 4,935
Employment Rate (%) 0.14 89.4 0.66 0.09
Disability Rate (%) 0.008 0.359 0.09 0.04
Occupied Units (#) 0 17744 6136 2843
Poverty Rate (%) 0 4.25 2.07 0.35
Average Household Size (#) 0 4.92 2.90 0.35
Households Ratio without Car (%) 0.03 0.75 0.14 0.09
Male Ratio (%) 0.377 0.785 0.485 0.03
Mean Age 23.3 57.07 37.37 4.88
White Ratio (%) 0.09 0.88 0.55 0.19
African American Ratio (%) 0.006 0.7 0.13 0.14
Asian Ratio (%) 0.003 0.71 0.13 0.10
Food (#) 0 294 75.58 56.4
Leisure (#) 0 91 17.3 16.9
Education (#) 0 18 3.71 3.03
Health (#) 0 42 7.41 6.18
Office (#) 0 128 8.7 10.9
Shop (#) 0 340 73.9 57.6
Sport (#) 0 31 7 6.29
Amenity (#) 5 750 148 130
Clear (1 or 0) 0 1 0.895 0.3
Feels Like Temperature (Celsius) -21.4 37.1 13.5 9.84
Humidity (%) 17 99.8 63.7 18.1
Windspeed (Km/Hour) 0 42.1 10.5 6.07
Visibility Distance (Km) 1.1 21.15 15.07 2.49




Chapter 3: IDENTIFYING KEY CONTRIBUTING FACTORS

This section aims to identify the key factors influencing bike share usage. This objective is
approached using spatial panel data models. The analysis initiates with a test for spatial
autocorrelation among the variables, confirming the presence of spatial dependency. To establish
spatial relationships, a weight matrix based on a 1-mile threshold is utilized, reflecting the average
bike trip distance. The analysis further addresses unobserved heterogeneity across various bike

stations, enabling the identification of the most appropriate model for our panel data.

3.1. Methodological Approach to Factor Analysis

In this subsection, the step-by-step methodological approach used to analyze the key contributing
factors affecting bike share usage is detailed. Figure S5 presents the Framework Figure, which
visually summarizes the methodology, providing an at-a-glance view of the analytical steps and

their logical sequence.
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3.1.1 Handling Unobserved Heterogeneity

In panel data analysis, particularly when examining factors affecting bike share usage across
various stations, addressing unobserved heterogeneity is crucial. Unobserved heterogeneity
pertains to the station-specific characteristics that are not directly measured but remain constant
over time. This study focuses on effectively managing this heterogeneity to isolate the consistent,
underlying factors that influence bike share usage. Handling this aspect is essential for choosing

the appropriate modeling approach.

Primarily, two approaches are considered: Random Effects (RE) and Fixed Effects (FE) models.

Fixed Effects Models assert that individual-specific effects are inherently correlated with the
independent variables. By assigning a unique intercept to each bike station, FE models adeptly
control for all time-invariant disparities among entities. This strategy permits analyzing changes

within bike stations over time, effectively neutralizing bias from omitted time-invariant variables.

Random Effects Models presume that these individual-specific effects are not correlated with other
explanatory variables. Viewing bike station-specific effects as randomly distributed allows RE
models to capitalize on both within- and between-bike station variations, offering a more efficient
use of data than FE models. The appeal of RE models lies in their ability to generalize findings to
a broader population, contingent on the non-correlation assumption between individual-specific

effects and the explanatory variables.

In the analysis of bike share usage, understanding the unique characteristics of each bike station is
crucial. Station-specific effects, its accessibility, surrounding infrastructure, or local cultural
norms, significantly influence usage patterns. While some of these characteristics have been

explicitly incorporated into the model, it is important to acknowledge that there are still unobserved
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station-specific effects that remain. These unobserved effects are contextually important as they
provide insights into the factors driving differences in usage from one station to another that are
not captured by observable variables. Given the importance of these station-specific effects, the
choice between RE and FE models depends on the validity of the RE assumptions. A Hausman
Specification Test [42] is employed to determine whether the RE assumption holds. The test-

statistic for the Hausman test is:

H= (BFE - BRE), (Var(BFE) - Var(ﬁRE))_l (BFE - BRE) (2)

Where frg and fgg are the vectors of coefficients estimated by the Fixed Effects and Random

Effects models, respectively. Var(Brg) and Var(Bgg) are the variance-covariance matrices of
these estimates. H is the Hausman test statistic, which follows a chi-square distribution with

degrees of freedom equal to the number of coefficients being tested.

A significant difference, indicated by a low p-value of H, suggests a violation of RE assumptions,
advocating for the FE model. Conversely, an insignificant difference supports the viability of the
RE model, given its efficiency advantage and ability to infer about a broader population. A
significant test result supports the Fixed Effects model, indicating that time-invariant unobserved
individual effects are correlated with other regressors in the model, which would bias the Random
Effects estimates. Conversely, an insignificant result suggests that the Random Effects model's
assumptions hold, allowing for its use without introducing bias, and taking advantage of its

efficiency in estimating the effects of time-invariant variables.
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3.1.2 Spatial Dependency

3.1.2.1 Spatial Autocorrelation Analysis

To assess the spatial autocorrelation, present among the variables, the global Moran's I test was
utilized. The Moran’s I index is defined as follows [43]:

n Y, L=y wijlil =y il - )

L= T v O 2Ol = 9D

(3)

Here, n representing the number of records and y being the average of the y[i] values. w;; is the

connection weight between station i and station j. The Moran's I index values range from -1 to
+1, where a higher value indicates greater spatial autocorrelation. Conversely, a value close to 0
suggests no significant spatial autocorrelation. The Moran's I statistic's significance is determined

using the Z-score formula [43]:
Z() =—Fn (4)

In this formula, E(I) stands for the average, and S(I) is the standard deviation of I.

3.1.2.2 Weight Matrix
The spatial interconnectivity among bike share stations is encapsulated within a weight matrix.

This matrix adopts a specific format to quantify the relationships between stations:

Wi1 =0 Win
W:[; ] -

Wn1 0 Wnn
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Various forms of weight matrices can be applied to assess the correlations between stations. Lin et
al. [5] suggested multiple approaches for crafting a weight matrix tailored to spatial analysis of

bike share systems:

Spatial Distance Matrix: Connections between stations are defined purely by their spatial

proximity.
Demand Matrix: The weights are based on the volume of trips between stations.

Average Trip Duration Matrix: This matrix considers the duration of trips between stations as the

basis for weighting.

For this study, the Spatial Distance Matrix is employed, with a distance threshold set at 1 mile.
This implies that stations within a 1-mile radius are considered connected. If the weight matrix is

denoted by W = {w;;}:

1, ifdist(n;,n;) < 1mile
wy={ b distlm) (©)

0, otherwise

Where w;; is the connection weight between station i and station j, n; represents the location of
station i, and dist(.,.) is the function used to calculate the spatial distance between any two
stations. After calculating the weight matrix, it is transformed into a row-standardized form to
ensure that the influence of each station's neighbors is proportionately represented. The rationale
for selecting a 1-mile threshold for the weight matrix to identify neighboring stations is based on
its closeness to the average trip distance observed in the dataset. It is crucial to emphasize that this
spatial distance is measured as the shortest path between stations in space, not the actual travel

distance, which may be influenced by road layouts or other geographical barriers.
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3.1.3 Random Effects Spatial Autoregressive (RE-SAR) Model

This study utilizes a Random Effects Spatial Autoregressive (RE-SAR) Model to discern the key
factors impacting bike share usage. By integrating the Spatial Autoregressive model (SAR) with
the Random Effects (RE) model, this approach captures spatial dependencies among bike stations
and accommodates unobserved heterogeneity across bike stations over time. This model facilitates
an investigation into how usage at one station is not only influenced by proximate usage but also
by a variety of other variables, while simultaneously accounting for individual-specific effects that
vary from station to station and over time. Each component of the model is detailed in the sections

that follow.

3.1.3.1 Explanatory Variables Component

The explanatory variables X represent the set of factors suspected to influence bike share usage,
such as weather conditions, public transit accessibility, socioeconomic data, and points of interest

around each bike station. The formulation for this component is presented as follows:

Explanatory Variables Component = X (7)

Where X is the matrix of explanatory variables and B is the vector of coefficients estimating the

impact of each variable.

3.1.3.2 Spatial Autoregressive Component

The spatial autoregressive component captures the influence of bike usage at neighboring stations
on each station's usage, acknowledging that nearby station activities can significantly impact one

another. The mathematical representation of this component is given below:

Spatial Autoregressive Component = p(It+ @ Wy)y (8)
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Where y is the NTx1 vector of observations on the dependent variable across all units and periods.
N is the number of units (bike stations), and T is the number of records for each bike station. p is
the spatial autocorrelation coefficient. It is the identity matrix of dimension T, and Wy is the NxN

spatial weights matrix.

3.1.3.3 Error Term Component

The error term is composed of two parts: the Random Effects Component and the Idiosyncratic

Component.

3.1.3.3.1 Random Effects Component

This component captures the station-specific effects that are not observed but vary from station to
station and are constant over time. The mathematical representation of this component is given

below:
Random Effects Component = (i @ Iy)u 9

Where 1 is a Tx1 vector of ones. Iy is the identity matrix of dimension N. p 1s the Nx1 vector of

random effects, constant for each unit but varying across units.

3.1.3.3.2 Idiosyncratic Error Component

Represents the unique, random error at each station and time period that cannot be explained by
the model's included variables or the station-specific random effects. This term is represented as

v. v is the NTx1 vector, independently and identically distributed as N (0,5:2).
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3.1.3.4 Full Model Specification

Combining all components, the RE-SAR model can be represented by the following formula,

which incorporates the interactions and dependencies identified [44]:
y=pUr @Wpy)y+XB+ (7 & Iypu+v (10)

This formula integrates the impact of spatial relationships, explanatory variables, and both random

and unique effects, providing the framework for analyzing the determinants of bike share usage.

3.1.4 Error Covariance Structure

The covariance matrix, X, encapsulates the variance components of the model's errors,
accommodating both the random effects and the idiosyncratic errors. It reflects the assumption that
random effects are constant over time for each unit but vary across units, and that idiosyncratic

errors are independently and identically distributed:
L= O'ﬁ(lTl’T ® Iy) + o5Ur @ Iy) (11)

Where oﬁ is the variance of the random effects . o2 is the variance of the idiosyncratic errors v.
(1r17 ® Iy) creates a block structure where each block corresponds to the variance of the random
effects for each unit over time. (I @ Iy) is the identity matrix adjusted for the panel structure,
ensuring each error component v is independent over time and across units. Overall, the error

structure can be shown as follows:

2 2 2
o, + oy - o
Y= : : (12)
2 2 2
o ooyt oy
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3.1.5 Model Estimation

The model parameters are estimated under a Maximum Likelihood Estimation (MLE) framework.

The likelihood function given by [44]:

NT 1 1
L(B, o, 0%,p) = ——-In(2m) — 5|2 =2 (y = XB — pUr ® Wy)y)'Z™'(y = XB — p(r ® Wy)y)(13)

Where L is the likelihood of the parameters given the data. 271 is the inverse of the covariance

matrix X. The rest of the variables are the same as the ones in formula N.
The estimation for B and 62 is obtained from the first order conditions as follows:
B=XTz X)) 1xTz" 1y (14)

, (= XBTI(y — XB)
02 = . (15)

Parameter estimation begins with initial values and continues iteratively until convergence.

3.1.6 Likelihood Ratio Test (LRT)

To compare the fit of different models as variables are added gradually, the Likelihood Ratio Test
(LRT) was utilized. This test evaluates whether the inclusion of additional variables significantly

improves the model's explanatory power. The formula for the LRT is as follows:

LR =-2X (LLRestricted - LLUnrestricted) (16)

Where LLgestrictea 1S the log-likelihood of the model with fewer variables, and LLy, estricted 15
the log-likelihood of the model with the additional variables. A significant result from the LRT

indicates that the model with additional variables provides a statistically better fit to the data. By
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applying the LRT as variables are incorporated, the study evaluates the contribution of each
category of variables to the overall model, ensuring that the final model captures the dynamics

influencing bike share usage.

The model estimation was performed using the "splm" package in R, leveraging its capabilities to

model the complexities inherent in spatial and temporal data [44].

3.2 Analysis Outcomes: Key Influencing Factors

To identify the key factors impacting bike share usage, the first step involves selecting the most
suitable model for capturing the underlying patterns. Given the spatial and temporal dependencies

within bike share usage data, an initial analysis of these dependencies is necessary.

3.2.1 Handling Unobserved Heterogeneity

Panel data analysis requires handling of unobserved heterogeneity, which often involves choosing
between Random Effects (RE) and Fixed Effects (FE) models. These models differ primarily in
how they account for variability across observational units that is not directly measured. To select
the appropriate model for addressing unobserved heterogeneity at the bike stations, the Hausman
Test is employed. This test examines the null hypothesis that individual-specific effects are
uncorrelated with the other explanatory variables in the model, with a preference for the RE model
if this condition holds, due to its efficiency advantages. The Hausman test was conducted for both
bike rental counts and bike return counts, yielding p-values of 0.19 and 0.16, respectively. These
results suggest there is no substantial evidence to reject the null hypothesis, indicating that the
individual effects and the regressors are not systematically correlated. Based on these findings, the
RE model is deemed suitable for our analysis, guiding the incorporation of RE panel data in our

final model.
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3.2.2 Spatial Autocorrelation Analysis

Given the nature of the bike share system and the variables involved in this study, it was anticipated
that spatial autocorrelation would be present among the dependent and independent variables. The
dependent variables, which include the number of bikes rented and returned at each station,
typically show similar patterns over locations that are in close proximity to each other. Similarly,
the independent variables—such as public transit operations, socioeconomic characteristics of
nearby residents, and points of interest around each station—are also likely to exhibit spatial
dependencies. These factors tend to cluster geographically, leading to similar environmental and
social influences across neighboring locations. The presence of spatial autocorrelation among the
dependent and independent variables was examined using the Global Moran’s I test. The outcomes,
presented in Table 3, reveal significant spatial clustering among all variables. This finding supports
the use of spatial regression techniques over ordinary least squares (OLS) regression, as spatial

regression models are better equipped to address the spatial dependencies observed within the data.

Table 3: Spatial Autocorrelation results

Variable Moran’s, I Value Z-Score
Bike Rented Counts 0.6157 58.8617
Bike Returned Counts 0.6067 59.0348
Bus Operations 0.3626 35.4981
Subway Operations 0.2956 29.1179
Number of Docks 0.4690 45.7354
Poverty Level 0.6383 60.0438
Average Household Size 0.5479 53.5559
Food-related POI 0.5959 60.7633
Leisure-related POI 0.6241 60.3451
Sport-related POI 0.4433 42.3319
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3.2.3 Random Effects Spatial Autoregressive (RE-SAR) Model

To identify the key factors influencing bike share rentals and returns, Random Effects Spatial Auto
Regressive (RE-SAR) models were utilized. Critical to this analysis was the selection of
independent variables, which required evaluating various combinations to determine the most
impactful set. The final selection of independent variables includes: subway operations, bus
operations, Number of docks in the bike station, Poverty level, Average household size, Food-

related POls, Leisure-related POIs, Sport-related POIs, weekday/weekend and season distinction.

The evolution of the model through successive additions of variables is outlined as follows:

Model Null: Constitutes the baseline, utilizing only a constant term for comparison.

Model 1: Model 1 specifically examines the impact of public transit operations, including bus and

subway services.

Model 2: Expanding on the initial model (Model 1), Model 2 integrates factors related to bike
station infrastructure (number of docks at each station) and the socioeconomic characteristics

(average household size and poverty rate) of the populations near the bike stations.

Model 3: Building upon Model 2, Model 3 includes Points of Interest (POIs) data, capturing

elements related to food, leisure, and sport.

Model Full: This model incorporates temporal elements, specifically differentiating between

weekdays/weekends and seasonal changes. It represents the final model used in this study.

In the following sections, the results for bike rentals and bike returns are presented separately,

followed by a discussion of these findings and the outcomes of the Likelihood Ratio Test (LRT).
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3.2.3.1 Analysis Outcomes for Bike Rentals

The results for the five models discussed are presented below for the bike rentals.

Table 4 details the results for Model 1, which examines the impact of bus and subway operations

on bike rentals.

Table 4: Result of Coefficients Estimates for Model 1 for Bike Rentals

Variable Coefficient Std. Error t-statistic
(Intercept) -0.114 0.009 -12.371
log (Bus Operation (#/hr)) 0.007 0.0007 10.861
log (Subway Operation (#/hr)) 0.038 0.001 25.828
Error variance parameters () 1.034 0.059 17.258
Spatial autoregressive coefficient (p) | 0.93 0.001 660.37

Number of Observations

112,320
(Hourly Bike Rentals)
Log-Likelihood Constants Only 18,264.57
Log-Likelihood at Convergence 18,703.75
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Table 5 shows the results for Model 2 for bike rentals, which includes additional variables related

to bike station infrastructure and socioeconomic data.

Table 5: Result of Coefficients Estimates for Model 2 for Bike Rentals

Variable Coefficient Std. Error t-statistic
(Intercept) -0.491 0.136 -3.606
log (Bus Operations (#/hr)) 0.007 0.0007 11.07
log (Subway Operations (#/hr)) 0.037 0.001 25.433
log (Number of Docks (#)) 0.073 0.023 3.206
log (Poverty level (%)) -0.136 0.052 -2.631
log (Average Household size (#)) 0.135 0.049 2.731
Error variance parameters (L) 0.988 0.058 16.88
Spatial autoregressive coefficient (p) 0.93 0.001 660.48
Number of Observations

(Hourly Bike Rentals) 112320
Log-Likelihood Constants Only 18,264.57
Log-Likelihood at Convergence 18,716.84

Table 6 presents the results for Model 3 for bike rentals, incorporating Points of Interest (POI)

data related to food, leisure, and sport.
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Table 6: Result of Coefficients Estimates for Model 3 for Bike Rentals

Variable Coefficient Std. Error t-statistic
(Intercept) -0.531 0.137 -3.876
log (Bus Operations (#/hr)) 0.007 0.0007 11.047
log (Subway Operations (#/hr)) 0.037 0.001 25.364
log (Number of Docks (#)) 0.073 0.025 2.942
log (Poverty level (%)) -0.122 0.055 -2.207
log (Average Household size (#)) 0.137 0.05 2.69
log (Food-related POlIs (#)) 0.0003 0.0002 1.656
log (Leisure-related POIs (#)) -0.023 0.011 -2.05
log (Sport-related POIs (#)) 0.02 0.01 1.898
Error variance parameters (L) 0.972 0.056 17.355
Spatial autoregressive coefficient (p) 0.93 0.001 660.65
Number of Observations 112.320

(Hourly Bike Rentals)

Log-Likelihood Constants Only 18,264.57
Log-Likelihood at Convergence 18,721.69

Table 7 outlines the results for the Model Full for bike rentals, which also integrates temporal

factors such as weekdays/weekends and seasonal variations.
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Table 7: Result of Coefficients Estimates for Model Full for Bike Rentals

Variable Coefficient Std. Error t-statistic
(Intercept) -0.6697 0.1457 -4.5941
log (Bus Operations (#/hr)) 0.0064 0.0007 8.79
log (Subway Operations (#/hr)) 0.0514 0.0017 30.0384
log (Number of Docks (#)) 0.07 0.0247 2.828
log (Poverty level (%)) -0.107 0.0562 -1.908
log (Average Household size (#)) 0.1374 0.0505 2.719
log (Food-related POlIs (#)) 0.0298 0.0144 2.063
log (Leisure-related POIs (#)) -0.0252 0.0113 -2.216
log (Sport-related POIs (#)) 0.0147 0.0117 1.257
Weekend (1/0) 0.0131 0.0013 9.713
Spring (1/0) 0.0017 0.0016 1.036
Summer (1/0) 0.0082 0.0016 4.954
Winter (1/0) -0.0168 0.0018 -10.156
Error variance parameters (L) 0.98 0.057 17.06
Spatial autoregressive coefficient (p) 0.9217 0.0015 585.9
Number of Observations

(Hourly Bike Rentals) 12320
Log-Likelihood Constants Only 18,264.57
Log-Likelihood at Convergence 18,870.03
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3.2.3.2 Analysis Outcomes for Bike Returns

The results for the five models for bike returns are outlined in this section.

Table 8 details the results for Model 1, focusing on the influence of bus and subway operations

on bike returns.

Table 8: Result of Coefficients Estimates for Model 1 for Bike Returns

Variable Coefficient Std. Error t-statistic
(Intercept) -0.101 0.009 -10.752
log (Bus Operation (#/hr)) 0.006 0.0007 7.787

log (Subway Operation (#/hr)) 0.036 0.001 22.624
Error variance parameters () 0.878 0.052 16.661
Spatial autoregressive coefficient (p) 0.93 0.001 641.72
Number of Observations

(Hourly Bike Rentals) 112320

Log-Likelihood Constants Only 9,531.779
Log-Likelihood at Convergence 9,858.252
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Table 9 shows the results for Model 2 for bike returns, which additionally considers factors like

the number of docks at each station and the socioeconomic characteristics of nearby populations.

Table 9: Result of Coefficients Estimates for Model 2 for Bike Returns

Variable Coefficient Std. Error t-statistic
(Intercept) -0.481 0.136 -3.534
log (Bus Operations (#/hr)) 0.006 0.0007 8.02
log (Subway Operations (#/hr)) 0.035 0.001 22.2
log (Number of Docks (#)) 0.074 0.022 3.273
log (Poverty level (%)) -0.131 0.051 -2.525
log (Average Household size (#)) 0.13 0.049 2.636
Error variance parameters (W) 0.84 0.049 16.991
Spatial autoregressive coefficient (p) 0.93 0.001 641.79
Number of Observations

(Hourly Bike Rentals) 112320
Log-Likelihood Constants Only 9,531.779
Log-Likelihood at Convergence 9,871.246

Table 10 presents the results for Model 3 for bike returns, which includes data on Points of Interest

encompassing food, leisure, and sports activities.
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Table 10: Result of Coefficients Estimates for Model 3 for Bike Returns

Variable Coefficient Std. Error t-statistic
(Intercept) -0.521 0.137 -3.801
log (Bus Operations (#/hr)) 0.006 0.0007 7.994
log (Subway Operations (#/hr)) 0.035 0.001 22.145
log (Number of Docks (#)) 0.077 0.025 3.092
log (Poverty level (%)) -0.126 0.055 -2.263
log (Average Household size (#)) 0.136 0.05 2.68
log (Food-related POIs (#)) 0.0002 0.0002 1.151
log (Leisure-related POIs (#)) -0.021 0.011 -1.826
log (Sport-related POIs (#)) 0.021 0.01 1.931
Error variance parameters (L) 0.829 0.05 16.53
Spatial autoregressive coefficient (p) 0.93 0.001 641.93
Number of Observations

(Hourly Bike Rentals) 112320

Log-Likelihood Constants Only 9,531.779

Log-Likelihood at Convergence 9,875.025

Table 11 outlines the results for Model Full for bike returns, which accounts for variations across

weekdays/weekends and different seasons.

41



Table 11: Result of Coefficients Estimates for Model Full for Bike Returns

Variable Coefficient Std. Error t-statistic
(Intercept) -0.6459 0.1456 -4.434
log (Bus Operations (#/hr)) 0.0046 0.0007 5.757
log (Subway Operations (#/hr)) 0.0489 0.0018 26.436
log (Number of Docks (#)) 0.0718 0.0247 2.903
log (Poverty level (%)) -0.1042 0.0561 -1.856
log (Average Household size (#)) 0.1327 0.0505 2.629
log (Food-related POlIs (#)) 0.0271 0.0144 1.874
log (Leisure-related POIs (#)) -0.0239 0.0113 -2.104
log (Sport-related POIs (#)) 0.0143 0.0116 1.22
Weekend (1/0) 0.0136 0.0014 9.297
Spring (1/0) 0.0012 0.0018 0.67
Summer (1/0) 0.0086 0.0018 4.813
Winter (1/0) -0.0165 0.0018 -9.196
Error variance parameters (L) 0.83 0.048 17.32
Spatial autoregressive coefficient (p) 0.922 0.0016 574.94
Number of Observations

(Hourly Bike Rentals) 12320

Log-Likelihood Constants Only 9,531.779

Log-Likelihood at Convergence 10,006.74
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3.2.4 Interpretation and Discussion of Results

The findings from the model estimations for both bike rentals and bike returns are discussed and

interpreted below, highlighting key insights:

Spatial Autoregressive Coefficient (p): A positive estimate of around 0.92 indicates strong spatial
autocorrelation, underscoring the interconnectedness of bike share usage among proximate
stations. This means that bike share usage at one station is closely related to the usage at nearby

stations.

Error Variance Parameter (n): The significant estimate of 0.83 and 0.98, with a low p-value,
points to substantial variability within the random effects, hinting at influential, yet unobserved,

factors unique to each station.

Public Transportation: Both bus and subway operations positively impact bike share usage,
indicating that an increase in nearby public transit operations is associated with increased bike
share usage. This likely results from enhanced accessibility and the role of public transportation in
facilitating first/last mile trips. Notably, subway operations exert a stronger effect, suggesting that
subway users rely on the bike share system for other segments of their journey more. This could
be due to the fewer number of subway stations compared to bus stops, necessitating bike share
usage to bridge the gap to final destinations. Additionally, the higher number of bus stops allows

users to get closer to their final destinations without the need for bike sharing.

Station Infrastructure: The number of docks at each station is positively correlated with bike
share usage, highlighting the importance of station capacity. This could also be attributed to Citi
Bike's strategy of identifying high-demand areas for bike sharing, resulting in increased station

placement and dock availability in these zones.
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Socioeconomic Factors: This study identifies a negative impact of poverty levels on bike share
usage, whereas a positive influence is noted from average household size. This is as expected,
since as the poverty level increases, individuals tend to not spend on the subscription of the bike
share program. Another explanation is that Citi Bike has put its bike stations in the places with

relatively lower poverty rate.

Points of Interest (POIs): Stations near food-related POIs see increased bike share usage, as do
those near sport-related POIs (though the latter's effect is not statistically significant). This suggests
that individuals frequenting gyms and fitness centers may prefer bike sharing as a healthier mode
of transportation. Conversely, stations close to leisure-related POIs, such as cinemas and theatres,
experience decreased usage, possibly because leisure activities are less compatible with bike
sharing. This might be due to several reasons like people going to or from leisure activities might
carry items that are inconvenient to manage on a bike or the group dynamics of leisure activities
where individuals are part of a group that might prefer to travel together, making individual bike

share usage less appealing.

Time Factors: As expected, warmer temperatures boost bike share usage, with increased activity
in warmer seasons like summer and decreased usage in winter compared to the baseline (Autumn).

Additionally, weekends see more activity than weekdays, reflecting recreational use patterns.

3.2.5 Likelihood Ratio Test (LRT) Results

Following the exploration of our econometric model's outcomes, the Likelihood Ratio Test (LRT)
was employed to assess the incremental impact of adding various categories of variables. This
approach allows the understanding of the contribution of each variable group to the model's

explanatory power.
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The results from the LRT, applied to both bike rentals and bike returns models as we progressed

through these stages, are presented in the Table 12 and Table 13:

Table 12: Likelihood Ratio Test (LRT) results for bike rental counts

Restricted Unrestricted | Restricted Model Unrestricted | Difference in Degree LR
Model Model Log-likelihood Model of Freedom
Log-likelihood
Model Null Model 1 18264.57 18703.75 2 878.36
Model 1 Model 2 18703.75 18716.84 3 26.18
Model 2 Model 3 18716.84 18721.69 3 9.7
Model 3 Model Full 18721.69 18870.03 4 296.68
Table 13: Likelihood Ratio Test (LRT) results for bike return counts
Restricted Unrestricted | Restricted Model Unrestricted | Difference in Degree LR
Model Model Log-likelihood Model of Freedom
Log-likelihood
Model Null Model 1 9531.779 9858.252 2 652.94
Model 1 Model 2 9858.252 9871.246 3 25.98
Model 2 Model 3 9871.246 9875.025 3 7.56
Model 3 Model Full 9875.025 10006.74 4 263.43

In Table 12 and Table 13, the restricted model refers to the model with parameters fixed or

constraints applied, limiting the number of explanatory variables included. Conversely, the

unrestricted model represents the model where these constraints are relaxed, allowing for the

inclusion of additional explanatory variables.
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The incorporation of public transit operation variables into the model yields a Likelihood Ratio
(LR) result of 878.36 for bike rental counts and 652.94 for bike return counts. This improvement
in the model's explanatory power, compared to the null model, underscores the pivotal role of

public transit operations in influencing bike share usage.

The addition of temporal factors, including distinctions between weekdays/weekends and seasonal
variations, also enhances the model, as evidenced by LR results of 296.68 for bike rental counts
and 263.43 for bike return counts. These findings highlight the pronounced effect of temporal
variables on bike share activity, indicating substantial variations in usage patterns across different

times and seasons.

Furthermore, the integration of Points of Interest (POI) data alongside bike station infrastructure
and socioeconomic characteristics results in a slight positive increase in the LR values. Although
these additions contribute to the model's explanatory capacity, their impact is relatively modest
when compared to the influence exerted by transit operations and temporal factors. This suggests
that while the characteristics of the bike station's surroundings do affect bike share activity, their

overall effect is less pronounced than that of public transit accessibility and temporal variations.
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Chapter 4: SHORT-TERM FORECASTING

The objective of this section is to develop a model that predicts short-term bike usage at the station
level. Key contributing factors identified from the spatial panel data analysis in the previous
section, along with historical usage data from each station, are integrated into a Graph Attention
Network (GAT) model. Figure 6 illustrates the overall architecture of the model, which includes

the GAT block and a fully connected neural network layer.

Average

|
8 mulﬁ-headst--T TT

Attention
Mechanism

Output Graph

Figure 6: Architecture of the predictive model
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4.1. Methodological Framework for Short-Term Forecasting

This section outlines the methodology for predicting short-term usage of bike share systems at the
station level. It is important to note that the analysis considers the total number of transactions at
each station, encompassing both bike rentals and returns within each hourly interval. The focus of
the prediction is on the net change in the number of bikes available at the station, which is
determined by creating an hourly dataset for each station. This dataset is generated by calculating
the difference between the number of bikes returned and the number of bikes rented out during

each hour.

4.1.1 Graph Attention Networks (GAT)
For predicting short-term bike share usage at the station level, this study employs a Graph
Attention Network (GAT) architecture [45]. This section details the step-by-step construction of

the model's architecture.

4.1.1.1 Graph Construction
Consider a graph G = (N, E), where N represents the nodes of the graph and E is the set of edges.
In the context of this study, the nodes (N) correspond to the bike stations, and the edges (E)

represent the connections between these stations.

4.1.1.2 Adjacency Matrix

In Graph Neural Networks (GNN), the adjacency matrix fulfills a role akin to that of the weight
matrix in spatial regression analyses. The structure of the adjacency matrix for our GAT model
mirrors that of the previously described weight matrix. This decision is motivated by the desire to
maintain a consistent correlation structure across both models, leveraging the natural spatial

relationships inherent in bike share system data. Using the same matrix, based on a spatial distance
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threshold of 1 mile, aligns with the average trip distance observed in the data, ensuring that the

models accurately reflect realistic user behaviors and interactions within a typical biking range.

4.1.1.3 Node Features
Node features are organized into three primary categories: truth, history, and attributes, each

playing a pivotal role in capturing the bike share usage dynamics.

Truth: The 'truth' category for each node, corresponding to a bike station, contains a singular value
that represents the actual bike usage at that station for a specific hour. This feature serves as the

prediction target, encapsulating the usage data to be forecasted.

History: The 'history' category comprises a 4x1 vector detailing the bike usage during the four
hours preceding the current prediction hour. This approach is inspired by the architecture
developed by Zhang et al. [46]. Notably, these historical features are diffused with weighted
importance based on their temporal proximity to the prediction hour. Weights are assigned on a
scale from 1 to 4, where the most recent hour receives the highest weight of 4, and the usage four
hours ago is assigned the lowest weight of 1. This weighting scheme underscores the greater

predictive value of more recent usage data in forecasting short-term bike share demand.

Attributes: This category includes variables identified as significant through the Random Effects
Spatial Autoregressive (RE-SAR) model analysis. Incorporating these attributes into the GAT
model provides additional contextual information, thereby enriching the model's predictive

accuracy by integrating key factors influencing bike share usage.

It's important to note that the "History" and "Attributes" node features are concatenated to serve
as the model's input. Ultimately, for each timestamp, a graph comprising all nodes (stations), their

respective features, and interconnections (as defined by the adjacency matrix) is constructed.
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Given the reliance on the past four hours of data for historical context, the initial four hours of the
dataset are excluded from analysis. Therefore, the total number of graphs in the dataset amounts

to 8,756 (i.e., 8,760 hours in a year minus the first four hours).

4.1.1.4 Message Passing
Message passing represents the process through which node features are propagated to connected
nodes, serving as the foundational mechanism for incorporating spatial considerations in graph
neural networks. This propagation results in the aggregation of features from neighboring nodes.
In convolutional neural networks, a standard convolution operation is sum of the features from
neighbors. The operation can be described as follows:

ht = (hi, K, ...,HY),  hl € RF (17)
Where N represents the total number of nodes, F is the number of node features, / the current layer,

h} the features of node i at layer /, and h' the collective features across all nodes for the layer /.

And,

hitl =g Zc|>lh4 (18)

In this equation, N(i) denotes the set of neighbors for node i, ¢ is a nonlinear activation function,
c;j is a standardized constant based on graph structure, ¢! represents the weight matrix for node
I+

feature transformation, and h;™ indicates the updated features for node i in the subsequent layer

I+1.

Graph attention networks (GATs) modify this message passing process by employing an attention
mechanism, which allows for more nuanced weighting of the features received from neighboring

nodes.

50



4.1.1.5 Attention Mechanism
The attention mechanism is employed to prioritize the most significant information, or in this

context, the most relevant neighbors within the graph. This process involves using a shared weight

matrix ¢ € RF x RF to project the input features into a new feature space of Fdimensions.
Then, the attention mechanism is applied to the edges to calculate the attention coefficients for the

neighbors as follows:

€ij = a(¢h£;¢h}), a: RF x RF - R (19)

Where a(.,.) represents the attention mechanism and, e;; is the attention coefficient for the edge

between nodes i and j.

Subsequently, the Leaky Rectified Linear Unit (LeakyReLU) activation function, followed by a

softmax function, is applied to the attention coefficients.

The application of the Leaky Rectified Linear Unit (LeakyReLU) activation function followed by
a softmax function in the GAT model serves specific purposes in the network's learning process.
The LeakyReLU is used to introduce non-linearity into the model while allowing for a small, non-
zero gradient when the unit is not active, preventing the dying ReLU problem which can occur in
networks with the standard ReLU function. This feature is crucial for maintaining gradient flow
through the network during training, especially in the context of attention mechanisms where some

coefficients might otherwise be zero.

Subsequent to the LeakyReLU, the softmax function is applied to the attention coefficients. This
step is critical as it normalizes these coefficients, making them easily interpretable as probabilities
that sum to one. This normalization allows the model to allocate varying levels of importance to

different nodes in the graph, effectively determining the influence of each node's features on the
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node being updated. Essentially, softmax ensures that the most relevant features have a greater
impact on the learning process, enhancing the model’s ability to focus on the most significant

information when making predictions. The normalized attention coefficients are as follows:

a;j = softmax (LeakyReLU(eij)) (20)
Where e;; is the raw attention coefficient, and @;; is the normalized attention coefficient.

Putting all the steps together, the output of the GAT layer is as follows:

W = g z a;j '] 21)
JEN(Q)
4.1.1.6 Multi-head Attention Mechanism
Adopting the approach by Zhang et al. [46], this study incorporates a multi-head attention
mechanism with 8 heads to enhance the model's expressiveness. This approach entails executing
8 distinct GAT convolution processes in parallel, followed by an aggregation of the results. In this
case, aggregation is achieved through averaging the outcomes from the 8 different attention

processes.

4.1.1.7 Fully connected Neural Network
After processing through the GAT layer, the data is forwarded to a fully connected neural network.

This network is tasked with deriving predictive features for bike share usage in the upcoming hour.

4.1.1.8 Model Implementation

The model is constructed using the PyTorch Geometric library [47], a specialized toolkit for deep
learning on graphs and other irregular structures within the PyTorch framework. Training
parameters include the Adam optimizer [48] with an initial learning rate of 3e-4, a weight decay

of 5e-5, an early stopping patience of 10, and a batch size of 50. The model also incorporates
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Xavier initialization [49] and batch normalization [50] to improve training stability and

performance.

4.1.1.9 Dataset Split
Reflecting on the constructed dataset of 8,756 graphs derived from the study's duration, it is
segmented into training, validation, and test subsets. These portions represent 80%, 10%, and 10%

of the entire dataset, respectively.

4.1.2 Benchmark models
To evaluate the performance of the Graph Attention Network (GAT) model, it was compared

against seven benchmark models. Below is a brief overview of each model:

Historical Average (HA): This model predicts future values based on the average of past

observations.

Autoregressive Integrated Moving Average (ARIMA): ARIMA is a popular econometric model
for time series forecasting that combines autoregressive processes, differencing to achieve

stationarity, and moving average processes.

Support Vector Regression (SVR): SVR is an extension of Support Vector Machines (SVM) to
regression problems. It uses the same principles of margin maximization, mapping input features

into high-dimensional space to find a hyperplane that best fits the data.

Random Forest (RF): Random Forest is an ensemble learning method based on decision tree
models. It creates a "forest" of decision trees trained on different subsets of the data and averages

their predictions.
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Extreme Gradient Boosting (XGBoost): XGBoost is a highly efficient and scalable
implementation of gradient boosted trees designed for speed and performance. It builds an
ensemble of decision trees in a sequential manner, where each new tree corrects errors made by

the previous ones.

Feedforward Neural Networks (FNN): FNNs are the simplest type of artificial neural network

architecture, and consist of input, hidden, and output layers.

Long Short-Term Memory (LSTM): LSTM networks are a type of recurrent neural network
(RNN) specifically designed to address the vanishing gradient problem, allowing them to learn

long-term dependencies.

4.1.3 Model Performance Evaluation Metrics
The performance of the models in this study is assessed using two key metrics: Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE). These metrics provide insights into the accuracy

of the model predictions relative to the actual observed values.

Root Mean Square Error (RMSE): This metric offers a measure of the magnitude of prediction
errors, calculating the square root of the average of squared differences between the observed and

predicted values:

N
1
RMSE = | Z (x; — £,)? 22)

i=1
Mean Absolute Error (MAE): MAE quantifies the average magnitude of the errors in a set of
predictions, without considering their direction. It's the average over the test sample of the absolute

differences between the prediction and the actual observation:
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N
1
MAE = NZm Y (23)
i=1

Where N is the number of observations, x; represents the observed usage at bike stations, and X;

denotes the predicted bike share usage.

4.2 Outcomes of Short-Term Forecasting Analysis

To forecast short-term bike share usage for each station, a Graph Attention Network (GAT) model
was employed. As mentioned, 8,756 graphs were constructed based on the timeframe of the study.
Additionally, the parameters identified as significant from the RE-SAR model were integrated into
the model as node features to provide additional contextual information and enhance the accuracy
of the model. The comparative performance of the GAT model against several benchmarks is

detailed in Table 14:

Table 14: Performance Comparison of GAT and benchmark models

Model MAE RMSE
GAT with Additional Variables 1.13 1.88
GAT without Additional Variables 1.15 1.90
LSTM 1.41 2.01
ARIMA 1.45 2.03
FNN 1.42 2.26
SVR 1.44 2.27
RF 1.46 2.28
XGBoost 1.46 2.29
HA 1.86 2.58

1. The 'GAT with Additional Variables' model incorporates significant variables from the
RE-SAR model as additional inputs.

2. The 'GAT without Additional Variables' model solely uses historical station usage data
as its input.
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The results underscore the better predictive performance of the GAT model enhanced with
variables from the RE-SAR model, achieving the lowest Mean Absolute Error (MAE) of 1.13 and
Root Mean Square Error (RMSE) of 1.88 among the considered models. This improvement
underscores the value of including RE-SAR model-derived variables, which boost the GAT
model's effectiveness. Notably, the GAT model's better performance is partly due to its ability to
simultaneously consider spatial and temporal dependencies. This is a significant advantage over
models such as LSTM and ARIMA, which predominantly focus on temporal patterns.
Additionally, the GAT model's attention mechanism plays a pivotal role by allowing it to discern
and emphasize the most pertinent information from neighboring stations, further contributing to

its enhanced accuracy.
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Chapter 5: CONCLUSION

This study delves into the role of public transportation service and various time-sensitive and static
factors on bike share usage. By adopting a 400-meter buffer zone around each bike station, it
integrates essential elements such as public transit operations, demographic data, and points of
interest into the analysis. The use of a Random Effects Spatial Autoregressive (RE-SAR) model
uncovered the positive impact of subway and bus operations on bike share usage. These findings
underscore the role of public transportation in solving the first/last mile problem via bike sharing
systems. Notably, subway operations were found to have a more pronounced effect on bike share
usage, indicating a higher reliance on the system by subway passengers for completing different
segments of their journeys. Moreover, the integration of key influencing factors derived from the
RE-SAR model into a Graph Attention Network (GAT) model, along with trip data, for short-term
usage predictions at individual stations showcased better accuracy over conventional models. This
predictive capability could significantly benefit bike share programs, enabling users, particularly
regular commuters, to view anticipated bike availability at nearby stations and accordingly plan
their trips. By offering reliable short-term predictions of bike station status, the study suggests
potential for suggesting alternative routes and transportation modes, thereby enhancing user
experience and fostering a stronger reliance on bike sharing as a dependable mode of

transportation.
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