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Abstract

Shared micro-mobility systems, particularly station-based bike-sharing networks, have become

key components of urban transportation ecosystems, offering flexible and sustainable solutions

for first- and last-mile travel. As these systems expand, their planning and operation require

advanced analytical approaches that account for spatial, temporal, and technological complexi-

ties. This dissertation addresses critical gaps in existing methodologies by developing integrated

models for ridership prediction, station placement optimization, and infrastructure planning in

electrified bike-sharing networks.

First, a station-to-station ridership prediction framework is developed using a customized Graph

Neural Network (GNN). Leveraging a tailored GraphSAGE architecture, the model integrates

network topology, sociodemographic features, and station-level attributes, minimizing weighted

prediction errors with a focus on peak-period ridership. Applied to the Toronto system, the

GNN outperforms linear, spatial, and tree-based benchmark models, demonstrating its capacity

to capture latent network dependencies and support demand-responsive planning.

In the second chapter, a continuum approximation (CA) model is proposed to optimize the spa-

tial configuration of bike-sharing stations. A force-based algorithm balances attraction forces

from demand centers and repulsion/attraction forces between stations to determine optimal

placements in continuous urban space. This ridership-driven approach departs from conven-

tional accessibility-based methods, directly aligning station locations with demand intensities.

The model is validated through numerical experiments and applied to Vancouver, revealing op-

timal spacing patterns and data-driven strategies for network expansion under varying demand

conditions.

To address the operational complexities introduced by electric bikes (e-bikes), the next chapter

of this research incorporates battery and charging constraints into infrastructure planning. A

Markovian framework models State of Charge (SOC) transitions using a two-dimensional birth-

death process that distinguishes high- and low-SOC bikes. A heuristic optimization algorithm

is developed to identify charger deployment strategies that maximize expected ridership. A

single-pool approximation is introduced to enhance computational scalability. The algorithm
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achieves near-optimal solutions and sensitivity analyses reveal how number of chargers, dock

capacity, and charging rates affect system performance. Real-world applications in Pittsburgh,

Vancouver, and San Francisco illustrate the framework’s ability to identify high-impact charger

locations and adapt to diverse electrification scenarios.

Finally, the proposed models are integrated within a web-based, GIS-enabled decision-support

tool for interactive scenario analysis to bridge the gap between theoretical development and

practical implementation. The tool integrates predictive, prescriptive, and descriptive analytics

to enable planners to explore “what-if” scenarios, visualize trade-offs across equity, connectiv-

ity, and utilization goals, and support adaptive, data-informed decision-making. The developed

tool has been customized for multiple cities, including Toronto and Vancouver, demonstrating

its applicability and scalability across diverse urban contexts.

This research advances methodological foundations and practical tools for developing resilient,

data-driven, and electrified bike-sharing networks across diverse urban environments.

Keywords: Bike-Sharing Systems, Micro-Mobility, Ridership Prediction, Graph Neural Net-

works, Continuum Approximation, Facility Location Optimization, Electric Bikes, Charging

Infrastructure, State of Charge Dynamics, Markov Models, Interactive Decision-Support Tools.
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Chapter 1

Introduction

1.1 Shared Micro-Mobility Systems: Bike-Sharing

Shared micro-mobility systems are urban transportation services that provide short-term access

to lightweight, low-speed vehicles, such as bicycles, electric bicycles (e-bikes), and scooters.

These systems have emerged as a �exible and sustainable mobility option, offering an alterna-

tive to private car use and enhancing connectivity across multimodal transportation networks.

Users typically access shared vehicles through mobile applications or kiosks, enabling point-to-

point travel without the need for personal ownership and aligning with urban goals for accessi-

bility, affordability, and environmental sustainability.

Station-based bike-sharing has become one of the most structured and widely implemented

systems across cities among the various shared micro-mobility modes. In this model, users

rent and return bicycles at �xed docking stations distributed throughout the service area, al-

lowing for controlled vehicle distribution and reliable access points. As of 2023, more than

3,000 cities in 92 countries operate bike-sharing programs (Meddin et al., 2022), re�ecting their

widespread adoption and institutionalization within urban transportation systems. Well-known

systems such as Citi Bike in New York, BIXI in Montreal, and Mobi in Vancouver exemplify

the scalability and versatility of station-based networks. These systems offer independent mo-

bility options and play a critical role in enhancing �rst- and last-mile connectivity by linking

residential neighborhoods to transit hubs, employment centers, and other key destinations.

A de�ning feature of station-based bike-sharing systems is their reliance on strategically placed

docking stations, which form the structural foundation of the network. These stations serve

as user access points and spatial anchors that shape travel behavior and de�ne the system's

service coverage. The location and con�guration of stations in�uence origin-destination (OD)
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ridership �ows, determining how users move across the network and where demand is con-

centrated. Accurately predicting these �ows is critical for tactical-level planning, as it informs

decisions about where to place new stations, how to allocate capacity, and how to align network

growth with evolving mobility needs. While operational concerns such as vehicle rebalancing

and availability management are also important, they are fundamentally shaped by upstream

planning decisions. As such, station design is key in aligning land use, demographic patterns,

and multimodal connectivity with system performance, ridership outcomes, and accessibility

goals.

In recent years, integrating e-bikes into bike-sharing systems has reshaped the landscape of

shared urban mobility. E-bikes offer battery-assisted propulsion to reduce physical barriers

and extend feasible travel distances. E-bikes have broadened the appeal of shared cycling by

attracting a more diverse user base, enabling longer trips, and enhancing accessibility in to-

pographically or physically challenging environments. Their increasing popularity (National

Association of City Transportation Of�cials, 2024) has signi�cantly in�uenced ridership levels

and system utilization patterns, reinforcing their role as both a complement to and a substitute

for conventional bicycles. E-bike adoption introduces new operational considerations related

to battery life and recharging requirements. Multiple charging strategies have been introduced

to support this transition, including plug-in charging stations, battery-swapping systems, and

hybrid approaches that integrate multiple power sources. In station-based systems, the spatial

deployment of charging infrastructure—alongside the growing share of electric vehicles in the

�eet—has introduced new system design layers that intersect with planning and operations. As

station-based systems continue to expand and evolve, electri�cation has become a de�ning fea-

ture of modern bike-sharing networks, with implications for network layout, accessibility, and

long-term sustainability.

The continued evolution of shared micro-mobility, particularly in its station-based and electri-

�ed forms, has reshaped how cities plan transportation. Bike-sharing systems are now integral

to advancing sustainability, equity, and multimodal connectivity goals. This shift has prompted

growing academic and institutional attention toward optimizing these systems' design, expan-

sion, and integration within the broader urban mobility framework. As their in�uence expands,
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so does the need for data-driven, scalable, and interdisciplinary approaches to guide their de-

velopment in diverse urban contexts.

1.2 Problem Statement

Bike-share systems are typically introduced on a small scale as a pilot and gradually expanded

in response to demand growth. For example, New York City launched its CitiBike program

2013 with 329 stations. By the end of 2022, it had expanded its coverage area and number

of stations to 750 in response to the growing interest and usage (Cit (2023)). The ongoing

expansion of the bike-share network can be more impactful by optimizing the system's design

and ef�ciency over time. The success of bike-share systems relies on data-driven optimization,

ensuring effective planning for long-term sustainability. Planning a bike-share network involves

station deployment, deactivation, re-deployment, dock sizing, and �eet sizing.

Demand Prediction Challenges: An important aspect of bike-share systems expansion plan-

ning is predicting potential ridership between new and existing stations by analyzing origin and

destination patterns. Such predictions assist in making informed decisions about station place-

ment, dock allocation, and capacity adjustments and help to pinpoint areas that need targeted

interventions to manage demand and optimize network infrastructure. While in�ow/out�ow

models focusing on station-level prediction have been extensively studied, relatively little at-

tention has been paid to station-to-station ridership prediction, especially network-sensitive

methods that capture inter-station dependencies. As a result, many existing approaches fail

to account for the structural properties of the network, which play a signi�cant role in shaping

usage patterns.

Station Placement Limitations: The spatial con�guration of the stations further compli-

cates the planning process. Optimal station placement must balance local accessibility with

broader network connectivity to maximize ridership. Although discrete facility location mod-

els—typically based on mixed-integer programming—have been widely applied, they often

require extensive location-speci�c data and are computationally intensive for large urban net-

works. Moreover, these models rarely incorporate network-wide ridership dynamics, limiting

their ability to maximize system usage at scale.
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Electri�cation Complexity: The increasing integration of electric bikes (e-bikes) further com-

plicates the planning process. E-bikes offer substantial bene�ts in terms of trip length, acces-

sibility, and user adoption, but they introduce unique operational constraints related to battery

depletion and recharging. This creates new requirements for infrastructure planning, including

the spatial allocation of charging stations and the modeling of SOC dynamics across the net-

work. Existing research has examined charging logistics and rebalancing strategies, but few

studies incorporate SOC-aware modeling into system-level optimization frameworks that also

consider ridership impacts.

There is thus a critical need for an integrated planning framework that:

• Predicts OD ridership using network-sensitive methods;

• Optimizes station placement in continuous space based on ridership potential and con-

nectivity; and

• Incorporates SOC constraints and charging infrastructure into electri�ed network plan-

ning.

This research responds to these needs by developing analytical and decision-support models

that enable scalable, data-driven, and electri�cation-aware planning for bike-sharing systems.

1.3 Research Aim and Speci�c Objectives

The main goal of this study is to develop a data-driven, integrated planning framework that

advances the modeling and optimization of station placement, ridership prediction, and electri-

�cation strategies within shared cycling networks. This framework also supports more informed

and adaptive policy decisions related to station planning, �eet management, infrastructure ex-

pansion, and multimodal integration. The speci�c objectives are outlined as follows:

1. Predict station-to-station ridership �ows: Design a machine learning model to estimate

origin-destination demand using network topology, station attributes, and contextual vari-

ables. The model captures spatial dependencies and improves prediction accuracy com-

pared to traditional station-level approaches.
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2. Optimize station placement in continuous space:Formulate an optimization algorithm

that repositions stations based on attraction-repulsion forces to maximize ridership, while

accounting for inter-station dynamics and spatial demand coverage.

3. Integrate e-bike charging constraints into system planning:Develop a scalable model

incorporating SOC dynamics to support charger placement decisions and enhance rider-

ship and operational ef�ciency in electri�ed bike-sharing systems.

4. Validate the framework across diverse real-world systems:Apply the integrated mod-

els to case studies of varying scale and complexity. Assess model performance, adaptabil-

ity, and practical relevance to demonstrate the framework's generalizability and planning

value.

5. Implement a GIS-based decision-support tool:Develop an interactive web platform

that operationalizes the research �ndings. The tool enables scenario-based planning and

trade-off analysis to support urban planners and policymakers' strategic, equity-oriented,

and transit-integrated decision-making.

1.4 Research Scope and Contributions

This research focuses on strategic planning for station-based bike-sharing systems, speci�cally

addressing medium- to long-term decisions related to network design, infrastructure expansion,

and electri�cation. It does not cover operational aspects such as vehicle rebalancing, real-time

�eet management, or short-term demand forecasting.

The core contribution of this work is the development of an integrated analytical and decision-

support framework tailored to the unique spatial and infrastructural challenges of shared micro-

mobility. Methodologically, the research advances the state of the art in three key areas.

First, it introduces a customized Graph Neural Network (GNN) model to predict origin-destination

�ows between bike-sharing stations. The model leverages GraphSAGE architecture to embed

station-level features within the network topology, capturing spatial and structural dependen-

cies. By focusing on peak-period ridership, the model improves planning relevance for high-

demand periods and outperforms traditional in�ow/out�ow-based approaches.
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Second, a continuous approximation (CA) framework featuring a force-based algorithm is pro-

posed for optimizing bike-sharing station locations in continuous space, to maximize ridership.

Unlike traditional accessibility-based models or discrete optimization methods, which can be-

come computationally challenging at large scales, this approach effectively captures network-

level ridership effects. It models attraction forces from spatially distributed demand hotspots

and repulsion/attraction forces to maintain suitable spacing between stations. The algorithm

allows stations to move freely within the service area, dynamically adjusting to changes in de-

mand densities and origin-destination patterns.

Third, the thesis advances electri�cation-aware planning by proposing a Markovian modeling

framework that integrate SOC dynamics, charger placement, and ridership optimization for

station-based e-bike networks. The system is modeled as a two-dimensional birth-and-death

process that tracks low- and high-SOC bikes under charging transitions. Steady-state probabili-

ties are derived to estimate expected ridership, forming the objective function of a station-level

charger allocation problem. A scalable heuristic with a single-pool approximation is developed

to solve this problem ef�ciently, achieving near-optimal results while reducing computational

time.

This thesis also delivers a web-based, GIS-enabled planning tool that integrates predictive, pre-

scriptive, and interactive components to bridge research and practice. Designed for deployment

in real-world planning environments, the tool has been customized for and tested in multiple

cities, such as Toronto, Vancouver, and San Francisco, demonstrating its scalability and prac-

tical utility. This thesis contributes methodological innovations and a deployable, city-tested

decision-support system for the scalable and sustainable planning of bike-sharing networks.

1.5 Thesis Outline

This dissertation is organized into six chapters, re�ecting the progressive development of an

integrated planning framework for bike-sharing systems. The structure moves from problem

formulation and demand prediction to network optimization, electri�cation modeling, and real-

world deployment. The logical relationships between chapters and their respective contributions

to the overall framework are illustrated in Figure 1.1. Chapters 2 to 4 are not directly fed into one
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another; instead, they are modular but conceptually aligned, with their integration demonstrated

in Chapter 5.

Chapter 1

Introduction

Chapter 2

Ridership Prediction

Chapter 3

Station Place-

ment Optimization

Chapter 4

Electri�cation and

Charging Infrastructure

Chapter 5

Planning Tool

Chapter 6

Conclusions

Figure 1.1: Thesis structure and logical �ow of chapters

• Chapter 1 – Introduction: Establishes the research context, de�nes the problem, out-

lines objectives, contributions, and scope, and presents an overview of the thesis structure.

• Chapter 2 – Graph-Based Ridership Prediction:Develops a GNN framework to pre-

dict station-to-station ridership �ows, capturing spatial dependencies within the bike-

sharing network.

• Chapter 3 – Station Placement Optimization: Introduces a force-based CA model to

optimize station locations in continuous space, aiming to maximize ridership while pre-

serving spatial coverage and connectivity.

• Chapter 4 – Electri�cation and Charging Infrastructure: Proposes a Markovian plan-

ning model that incorporates SOC dynamics and charger placement into network-level
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optimization for e-bike sharing systems.

• Chapter 5 – Decision-Support Tool Development and Practical Implementation:De-

scribes the development and deployment of a GIS-based planning tool, integrating de-

scription, prediction, and optimization components for real-world decision-making.

• Chapter 6 – Conclusions and Future Work: Synthesizes the main �ndings, highlights

broader contributions, discusses limitations, and proposes future research and develop-

ment directions.

• Appendices:The appendices include supporting technical content and a related extension

study. Appendix A provides a list of notations used in Chapter 3. Appendix B outlines

the global balance equations and steady-state solutions for smallCs values in the Marko-

vian electri�cation model presented in Chapter 4. Appendix C presents a complementary

study on hybrid shared e-scooter systems, illustrating the adaptability of the dissertation's

methodology to operational micromobility planning.
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Chapter 2

Ridership Prediction
Abstract: Ridership prediction in station-based bike-sharing services improves station plan-

ning, �eet management, and network design. Ridership in�ow and out�ow prediction at the

station level has received signi�cant attention through trip production and attraction models.

However, station-to-station ridership has been studied less, despite its widespread applications

in use cases such as bike-lane planning or �eet electri�cation. This study introduces a Graph

Neural Network (GNN) to model station-to-station ridership using a customized Graph Sam-

ple and Aggregate framework to generate node embeddings and minimize the weighted Mean

Squared Error for peak periods. The model incorporates the characteristics of the network,

sociodemographic features, and station properties. We present the case study of Bikeshare

Toronto to train and test the GNN model and benchmark it against other standard prediction

methods. We show that the GNN outperforms linear regression, spatial regression, XGBoost,

and arti�cial neural networks due to its ability to capture the impact of the network structure on

ridership patterns. We incorporate the GNN model in �ve design scenarios focusing on urban

core connectivity, suburban access, transit integration, equitable accessibility, and tourist hubs.

Each scenario is strategically developed to prioritize and address unique urban challenges. To

enhance the model's application in real-world planning, we embedded the model in a web-based

tool for the Cities of Vancouver and Toronto, allowing for further “what-if” scenario analysis in

bike-sharing network planning.

Keywords: Bike-sharing, Graph Neural Network, Ridership Prediction, Link Weight Predic-

tion, Micro-mobility.
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2.1 Introduction

Bike-sharing is now offered in more than 3,000 cities across 92 countries (Meddin et al., 2022)

and has become a prominent mode of active transportation. Many bike-sharing services start as

small-scale pilot programs and are progressively expanded to accommodate increasing demand.

CitiBike, for example, was launched in 2013 in New York with 329 stations and expanded

to 750 stations by 2022 (Cit, 2023). Planning a station-based bike-sharing network involves

determining station locations, their dock capacity, and the size and composition of the �eet. The

ef�ciency of network expansion depends on the ability to predict the potential ridership between

new and existing stations. Ridership prediction enables planners to make strategic network

expansion decisions, such as placing new stations in locations that generate high ridership, while

considering the socioeconomic impacts of accessibility to those stations (Liu et al., 2017a).

Existing station-based ridership prediction models use methods of statistical modeling, Ma-

chine Learning, and Deep Learning, considering station properties, geographic features, and

demographic characteristics (Thomas et al., 2009; Buck and Buehler, 2012; Frade and Ribeiro,

2014; Zhan et al., 2023). Traditional Machine Learning models rely on simplifying assump-

tions, such as �xed feature sets, which can struggle to address nonlinear relationships in the

network structure of bike-sharing trip patterns. Recent developments in Deep Learning and

Graph Theory, such as Deep Neural Networks, have introduced new ways of predicting sys-

tem evolution. Graph Neural Networks (GNN) address these caveats by capturing the network

impacts of ridership prediction, where each node is represented by its features and those of its

neighboring nodes. This approach captures complex dependencies in large-scale graph data,

such as bike-sharing systems, where demand and supply at one station can in�uence others.

In�ow and out�ow ridership prediction at the station level, i.e., trip generation and attraction,

has received signi�cant attention since it can provide performance measures such as bike avail-

ability at each station (Kim et al., 2019; Guo et al., 2019). Trip production refers to the rate

of trips originating from a station, while attraction refers to the rate of trips ending at a sta-

tion. Such models can improve the balance of �eet distribution in the network to decrease bike

shortages at high-demand stations and increase the availability of free docks for returns. Since
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trip generation and attraction models do not capture trip distribution, they require secondary

models to capture station-to-station ridership. In contrast, station-to-station ridership prediction

requires identifying links between station pairs and the corresponding ridership, thus eliminat-

ing the need for additional trip distribution models.

Ridership prediction studies that use GNN-based models focus on binary classi�cations and

link strengths as binary representations of ridership (Xiao et al., 2022, 2023). These studies

overlook the directed weighted nature of bike-sharing networks and do not offer ridership pre-

dictions as continuous variables. Some of such concerns were raised and approached by Müller

(2023), who investigated the prediction of �ight routes (link presence) and frequencies (link

weights) using GNN models, highlighting the potential of graph-based prediction models in

such transportation networks. Yang et al. (2020) developed a graph structural model for short-

term ridership prediction in bike-sharing systems, emphasizing the importance of incorporating

graph structural attributes, such as Out-strength, In-strength, Out-degree, In-degree, and PageR-

ank. The model outperforms traditional benchmarks relying on commonly used features like

meteorological data by capturing time-lagged graph variables that describe �ow interactions and

network dynamics. Despite these advancements, a critical gap remains in treating bike-sharing

networks as directed weighted graphs. Addressing this gap forms the core research question of

this chapter: What is the added value of capturing the network effects in ridership prediction

for tactical-level planning of bike-sharing services?

This study represents each bike-sharing station as a node and de�nes “�ow” to describe the

ridership between these nodes. We focus on predicting �ows in a weighted directed bike-

sharing network using local structural information from the neighbors associated with each

station. The model predicts ridership as continuous link weights, addressing the limitations of

previous studies that focused on binary classi�cations. The model is applied to the Toronto

bike-sharing network for two consecutive years to evaluate its performance. Results show that

the model outperforms the benchmarks, averaging an 18% improvement in RMSE and a 12%

improvement in MAE for existing stations. For new stations in the following year, an average

improvement of 15% in RMSE and 20% in MAE was achieved. The �ndings highlight the

value of incorporating network effects into predictive models, supporting more data-driven and
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ef�cient decision-making processes in bike-sharing systems. The main contributions include

capturing ridership patterns, emphasizing link weight prediction over binary link existence, and

developing an interactive GIS-based tool for evaluating what-if scenarios and policy decisions.

As a policy analysis and design exercise, we embedded the prediction model in a GIS-based

interactive tool to analyze “what-if” scenarios in the expansion plan. The tool captures network

dynamics and supports data-driven decision-making for network expansion. The trigger for

executing the GNN model in the tool is the addition or removal of stations, upon which the

ridership between selected station pairs is re-calculated. Other design features of the network,

such as network capacity, which is a signi�cant factor in the GNN prediction model, can also

be adjusted, upon which the ridership is re-calculated. The implemented case studies of the GIS

tool are the cities of Toronto and Vancouver.

The remainder of this chapter is organized as follows. Section 2.2 reviews relevant literature on

bike-share ridership modeling, highlighting key methodological trends and gaps that motivate

our approach. Section 2.3 presents the methodological framework, including feature selection,

data preprocessing, and model formulation. Section 2.4 details the application of the predic-

tive model to the Toronto bike-sharing network and analyzes the model's performance across

diverse temporal and spatial contexts. Section 2.5 introduces a GIS-integrated scenario analysis

tool developed for evaluating network expansion strategies and presents results from simulated

deployment scenarios. Finally, Section 2.6 synthesizes the main insights, discusses limitations,

and identi�es avenues for future research.

2.2 Literature Review

This section reviews the literature on predicting demand and ridership in bike-sharing systems.

We categorize the studies into two main areas: station-level prediction and link-level prediction.

This categorization facilitates a thorough examination of the methodologies used to predict

bike-sharing dynamics, showcasing both traditional and advanced approaches. By delineating

these areas, we aim to identify the strengths and limitations of current models, highlight existing

research gaps, and state the contributions of this chapter.
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2.2.1 Station-Level Prediction

Early studies on bike-sharing demand prediction include linear regression (Thomas et al., 2009;

Buck and Buehler, 2012; Frade and Ribeiro, 2014) and multi-level mixed regression models

(Rixey, 2013). These approaches were later advanced to more complex Machine Learning

techniques, such as gradient boosting machine (Regue and Recker, 2014), clustering methods

combined with Bayesian network analysis (Froehlich et al., 2009), or negative binomial models

(Hosseinzadeh et al., 2021), to capture the relationship between the built environment (factors

like weather conditions, temporal variables such as time of day and week, or proximity to spe-

cial events) and bike-sharing �ows. Some studies integrated clustering with regression-based

modeling to account for station-level heterogeneity; for instance, Hyland et al. (2018) proposed

a hybrid cluster-regression approach, where bike-sharing stations are �rst grouped based on trip

characteristics using k-means or fuzzy c-means clustering, followed by a multi-level mixed re-

gression model incorporating station-cluster interactions. Preliminary studies identi�ed a com-

bination of factors such as spatial patterns, station proximity effects, sociodemographic factors,

and nearby points of interest (POIs) as key in�uences on bike-sharing usage, with demand often

exhibiting nonlinear relationships.

More advanced Machine Learning methods enhance traditional models by leveraging spatial-

temporal dependencies, integrating diverse data types, and addressing the inherent complexities

of bike-sharing systems. For example, Zhu et al. (2022) applied the Gaussian Process and im-

plemented a grid input structure to capture intrinsic spatial-temporal correlations. They used

this approach to model the number of pickups, returns, and idle bikes in New York City's Citi

Bike service. Yang et al. (2019) used a closed-loop simulation-based prediction framework

to predict demand at station and city levels while considering spatiotemporal demand shifts

between stations. Guidon et al. (2020) also used a tree-based method to predict demand for

electric bike-sharing in new cities and to identify the most important predictors of using electric

bikes. To better capture spatial dependencies, Dey et al. (2021) integrated origin-destination

(OD) �ows into station-level demand models and proposed a hybrid approach combining a lin-

ear mixed model for weekly demand estimation with a Multiple Discrete Continuous Extreme

Value for trip distribution. Their study, using CitiBike data from New York City, highlights the
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in�uence of station capacity, bike lane density, transit accessibility, and land use mix on bike-

sharing demand and OD �ows. The �ndings re�ne spatial demand modeling and emphasize the

need for approaches that explicitly capture station interactions. Other studies cluster stations

into functional zones based on points of interest and geographical distances (Liu et al., 2017a)

and assess the impact of bike-sharing network spatial structures on expansion plans (Kou and

Cai, 2021). Additionally, prediction tasks in bike-sharing systems use methods such as pattern

recognition models (Sohrabi et al., 2020), sinusoidal models to capture seasonal bicycle usage

patterns (Fournier et al., 2017), and methods that address the stochastic nature of bike-sharing

systems (Xu et al., 2023). These methods rely on features like the built environment and de-

mand uncertainty. Despite signi�cant advancements in this area, classical Machine Learning

models consider many simpli�ed assumptions, such as �xed feature sets, which require more

adaptability to changing conditions. This rigidity can lead to lower predictive performance,

especially in bike-sharing systems where demand patterns vary signi�cantly across locations.

Recently, several studies have applied deep learning methods to capture complex travel patterns.

Deep Neural Network models for shared mobility systems can include Feedforward Neural Net-

works, Recurrent Neural Networks, Convolutional Neural Networks, and GNNs (Jiang, 2022).

Liu et al. (2015) developed a bike-sharing station site allocation model using an Arti�cial Neu-

ral Network, considering factors such as usage, required re-balancing efforts, and the public

transportation network. Among the Deep Neural Network variants, GNNs stand out as they can

handle graph-structured relations. As a result, various disciplines of transportation, including

but not limited to traf�c forecasting, bike-sharing demand prediction, passenger �ow prediction,

and multi-modal demand prediction studies (Rahmani et al., 2023) have increasingly adopted

GNNs due to their ability to model the relational data and spatial dependencies inherent in

transportation networks. GNNs excel by directly incorporating the network topology into their

analysis, enabling more accurate predictions that re�ect the complexities of mobility patterns

and interactions. The fundamental concept of a GNN is that each node is represented by its

features and those of its neighbors, known as node embedding. Upon obtaining node represen-

tations, various tasks, such as classi�cation, clustering, and prediction, can be performed at the

node, link, or graph level (Zhou et al., 2020).

14



In graph-structured prediction tasks, the structure of the adjacency matrix—which encodes the

relationships between nodes—plays a key role in determining model performance. Lin et al.

(2018) addressed this by proposing a data-driven Graph Filter model within a Graph Convo-

lutional Neural Network, aiming to learn the adjacency matrix directly from the data. They

provided four types of adjacency matrices, including the spatial distance matrix, demand ma-

trix, average trip duration matrix, and demand correlation matrix. Their model captured pair-

wise correlations by learning hidden heterogeneous relationships between stations to predict

station-level hourly demand. Ma et al. (2022) is another study that presented improvements in

prediction performance using a spatiotemporal graph attentional long-term short-term memory

model to learn the adjacency matrix while incorporating land-use, weather, and user personal

information data. The long-term short-term memory neural network was also used to predict

the bike-sharing trip and mobility patterns in a dockless bike-sharing network (Xu et al., 2018).

A multi-graph Convolutional Neural Network model was proposed to predict demands at the

node level by Chai et al. (2018). They introduced a weighted bike-sharing graph, where the

weights represented the strengths of relationships between stations. The study considered a

weighted bike-sharing graph with the weights representing the station relation strengths. The

study reported a 25% reduction in prediction error when comparing their model to base models,

including the long short-term memory model, Auto-Regressive Integrated Moving Average and

its seasonal version, Gradient Boosting Regression Tree, and Historical Mean.

Predicting bike-sharing demand for pickups and returns using a spatiotemporal Graph Convo-

lutional Neural Network (Xiao et al., 2021) and using GNN to generate embedding for station-

based bike predictions (Li et al., 2022) also represented the relationship between each station's

demand and its nearby stations in addition to time slots and the dynamic supply patterns be-

tween stations. In a recent study, Liang et al. (2023) predicted the monthly in�ow and out�ow

trip generation for bike-sharing expansion using the GNN framework. Their research focused

on predicting station-level demand using urban built environment data, spatial interactions, and

temporal features. Spatial correlation weights between stations were acquired using attention

mechanisms. They demonstrated superior performance by comparing existing methods and

alternative deep learning approaches and highlighted the effectiveness of the GNN-based ap-
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proach. Another study by Ding et al. (2022) examined the impact of dockless bike-sharing

systems using the intervention response module and GNN to analyze the dynamic effects of

demand at individual stations. They focused on historical usage data from the London Cycle

Hire scheme, �nding that the in�uence of station-less bike-sharing on demand increases over

time, highlighting the interdependence between dockless and docked bike-sharing systems.

The literature reviewed above has primarily focused on deep Machine Learning methods for

predicting station-level dynamics in bike-sharing networks. While these models provide in-

sights into localized demand and supply, they often overlook inter-station interactions required

for optimizing the entire network, such as origin-destination relationships that inform trip �ows

and redistribution strategies. In contrast, link-level predictions focus on �ows between stations,

capturing the bike-sharing network's directed and weighted nature and offering a system-wide

perspective. In the next subsection, we discuss the limitations of existing link-level predictions,

which are often restricted to binary link presence or simplistic link weights. We then present

advancements in link-level prediction that address these gaps and emphasize their signi�cance

for optimizing network design.

2.2.2 Link-Level Prediction

Ridership prediction at the link level can be divided into link presence and link weight predic-

tion. Link presence prediction aims to capture the existence of links between station pairs and is

commonly treated as a binary classi�cation problem. In contrast, link weight prediction seeks

the strength of relationships between stations, i.e., their ridership. Many link prediction algo-

rithms focus on probabilistic, learning-based, and similarity-based approaches (Kumar et al.,

2016; Müller, 2023). Tavares et al. (2022) applied GNN to a link prediction task to predict bike

station demand. Their approach involved the proposal of a station clustering algorithm based on

geographic distances and trip patterns. Xiao et al. (2022, 2023) investigated the impact of net-

work information on bike-sharing ridership prediction using the concept of embedding through

Graph Sample and Aggregated (GraphSAGE), a Machine Learning technique that learns node

embeddings. GraphSAGE is designed to generate embeddings by sampling and aggregating

features from a node's neighborhood, making it effective for graph-based data. In their initial
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study, they presented a GNN-based binary classi�cation model to predict the existence of links

in a directed unweighted network. Subsequently, they enhanced their model by incorporating

link strengths into the link prediction framework. They systematically varied the link strength to

evaluate the model's performance, corresponding to large and small network sizes. The �ndings

suggested that although the current prediction of new stations may not be satisfactory, achieving

a more accurate approximation of the adjacency matrix could signi�cantly improve the model's

performance.

Most GNN models have been applied in the link prediction context, while only a few have

considered link weight prediction. M̈uller (2023) uses both link presence and weight prediction

to predict the potential formation of �ights between airports and predict their frequency. The

study presented a supervised learning framework based on RNN and evaluated the performance

of the proposed model against commonly used similarity-based algorithms. The study predicted

the weight of top-L predicted links and calculated RMSE solely on these links. Their �ndings

highlight the challenges of predicting links and edge weights in sparsely connected networks.

They conclude that further optimization of the prediction models is necessary before they can

be effectively used to inform concrete policy decisions.

The literature on GNN models for bike-sharing prediction focuses on station-level models, often

disregarding the signi�cance of link-level predictions in directed weighted graphs that capture

the origin and destination of trips and their respective ridership. To reduce overcrowding in pop-

ular areas, it is important to optimize the current system, adding more stations or shutting down

certain ones. This optimization can be achieved more appropriately by examining the network

as a directed weighted graph in a link-level approach while extending the prediction horizon to

include long-term trends. Therefore, the primary objective of this chapter is to develop a GNN

model that incorporates network properties and neighborhood information within a weighted

directed network framework. By predicting the �ow between stations in bike-sharing systems,

the proposed model supports decision-making in the design and expansion for more data-driven

decision-making.
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2.3 Methodology

We present the problem statement and the architecture of the GNN model to predict station-to-

station ridership. The GNN serves as the base model for assessing the impacts of adding new

stations in subsequent sections.

2.3.1 Problem Statement

We express the problem as a link weight prediction task within the context of a weighted di-

rected network, represented asG(V,E,W), whereV is the node set (bike-sharing stations),E

is the link set representing the existence of �ow between a station pair, andW denotes the link

weights representing ridership on a link that exists inE. Speci�cally, for each directed link

(u,v) 2 E, the weightwuv > 0 signi�es the �ow from stationu to stationv. Given that the

network is directed, the weightswuv andwvu can differ, re�ecting asymmetric �ows between

station pairs. The adjacency matrixA = f auvg captures the connectivity of the network, where:

auv =

8
>><

>>:

1 if there is a directed link from nodeu to nodev

0 Otherwise,
(2.1)

One possible way of establishing the link connections is a distance (or travel-time) threshold

approach whereby two nodes are connected if their distance is less than some thresholdd.

The network structure is the foundational graph of the proposed GNN model. This structure

enables the extraction of network properties as node features and facilitates the embedding of

station features for prediction. In the subsequent section, we provide a detailed explanation of

the architecture of the GNN model.

2.3.2 Model Architecture

The principle of GNNs involves characterizing each node based on its features and the features

of its neighboring nodes. This representation, known as node embedding, leverages the struc-

tural information of the graph and learns informative node representations that can be utilized

for various downstream tasks.
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This study uses the GraphSAGE framework to generate node embedding within the GNN

model. This framework involves two essential steps. Firstly, a �xed number of neighbor-

ing nodes are randomly selected for each node in the network, providing a localized view

of the graph. Subsequently, the features of the sampled neighbors are combined to compute

an updated representation for the target node. GraphSAGE is an inductive framework with a

representation of unseen nodes and adaptation to network changes, such as the addition or re-

moval of nodes. A more detailed description of the algorithm can be found in Hamilton et al.

(2017)). GraphSAGE is a suitable choice as it can predict ridership for new stations by lever-

aging learned neighborhood aggregation functions to infer embeddings for nodes not presented

during training. Moreover, it is robust in handling graph evolution and scalable in processing

large networks.

An alternative approach for capturing relationships within graph structures is Graph Attention

Networks, which uses an attention mechanism to assign different weights to neighboring nodes

based on their relative importance. This attention mechanism can be particularly useful for

adapting to variable dependencies between nodes. However, Graph Attention Networks operate

in a transductive setting, requiring the entire graph structure to be present during training, which

limits its �exibility in handling dynamic networks. Given the evolving nature of bike-sharing

systems, where new stations may frequently be added, we require an inductive model that can

generalize to unseen nodes without retraining from scratch. To achieve a similar effect to atten-

tion while maintaining scalability and adaptability, we incorporate a Gaussian-based weighting

function within the GraphSAGE framework. The Gaussian distribution is characterized by a

bell-shaped curve, which intuitively models the varying in�uence between stations based on

distance. The peak of the Gaussian function represents an optimal range of distances where

bike-sharing trips are most frequent - distances that are neither too short nor too long for a

typical bike trip. We introduce a functiongu,v, based on the Gaussian distribution, de�ned as

follows:

gu,v = exp
�

�
(du,v � µ)2

2s2

�
, (2.2)

wheredu,v represents the distance between stationsu andv, with µ ands denoting the mean and
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standard deviation of the network's distance distribution, respectively. The interactions between

bike-sharing stations extend beyond binary relationships, necessitating an approach to model the

continuum of in�uence between them. We customized the model to address this complexity by

incorporating station-speci�c features and spatial distances, recognizing the variable impact of

proximity on station interactions. This is particularly relevant in scenarios where stations are

closely positioned, which might lead to decreased ridership due to the feasibility of walking or

opting for other transportation modes for short distances. Conversely, distant stations may also

experience a decline in ridership, attributed to the increased physical exertion required. The

Gaussian function maps the distances between stations into the model, enhancing its ability

to capture the network dynamics and allowing for a customized node embedding formulation

tailored to the unique characteristics of the bike-sharing network. By combining GraphSAGE

with this distance-sensitive weighting, we leverage the bene�ts of an inductive framework with

an adaptable mechanism that re�ects the spatial characteristics of the network.

Figure 2.1 shows the model architecture and framework overview, dividing the methodology

into two primary components. The �rst step is node embedding, which integrates a Gaussian-

based distance function with the GraphSAGE algorithm to capture the relationships and feature

similarities between stations. The second step is a link weight regression task, aiming to predict

ridership between stations based on the derived node embeddings and contextual factors. To

commence, we extract various station features and de�ne an initial C-dimensional feature vector

for any nodezas below:

h0
z = [ xz1,xz2, ...,xzC], (2.3)

whereh0
z denotes the initial feature vector for nodez. Each elementxzi represents a unique

feature of the station. For example,xz1 could represent the number of docks at the station,xz2

the number of nearby transit stops, and so on, up toxzC, whereC is the total number of features

considered.
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Figure 2.1: Architecture of the GNN model

We use a deep architecture for node embedding by comprising a series of customized Graph-

SAGE layers with a depth ofd, enabling the representation of learned embedding for each node

in the graph to its d-hop neighbors. This approach allows us to enhance the expressiveness of
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the learned embeddings. LetNs(v) denote the set of sampled neighboring nodes of target node

v, andhd
v represent the nodev's embedding at leveld. The embeddinghd

v is obtained by in-

corporating feature messages from neighboring nodes (z), aggregating them based on Gaussian

gv,z function, and then combining them with the features of the nodev from the previous layer

(d � 1). This two-stage aggregation can be expressed as follows:

hd
v = s f (wd.CONCAT(h(d� 1)

v ,AGG(gvz.h
(d� 1)
z ,z2 Ns(v)))) , (2.4)

wheres f is an activation function such as sigmoid or ReLU andwd is a learnable weight of

dth layer. Subsequently, the features of origin and destination stations at leveld are used as an

input layer to obtain the link embeddings. Multiple hidden layers using linear and non-linear

activation functions are then used to extract progressively weight-relevant information. Finally,

an output layer using an activation function predicts the link weight as a continuous number in

a supervised prediction setting. We express the predicted link weight for each pair of origin and

destination of a link (u andv) as:

ŷuv = s f (CONCAT(hd
u,hd

v)) , (2.5)

wherehd
u and hd

v denote the embeddings of the destination and origin stations, respectively.

The CONCAT operation combines these node embeddings into a single feature vector, and the

activation function introduces non-linearity into the prediction process. This equation enables

the model to make continuous predictions using a regression-based approach.

We use data from the peak month of two consecutive years and develop their network (denoted

asGt andGt+ 1) for training, validating, and testing. Data corresponding toGt+ 1 is speci�-

cally used to assess the model's performance with respect to newly introduced nodes and their

associated links during network expansion. The model is trained to minimize the discrepancy

between predicted and actual bike-sharing station �ows as below:

Min å
(u,v)2Ewuv> 0

L(yuv, ŷuv), (2.6)

whereL is the loss function,u andv are the origin and destination stations of the links,yuv
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is the actual �ow between two stations, andŷuv is the predicted �ow which is the output of

last prediction layer. The speci�c architecture (i.e., number of layers, activation functions) and

hyper-parameters of the model were obtained through a grid search approach while minimizing

the loss in the regression problem in a validation data set.

In regression tasks, the Mean Squared Error (MSE) is commonly used to minimize the loss

function. Although MSE is a reasonable measure in that it gives the average squared difference

between the predicted values and the actual value, it may not always be accurate enough to

capture the peak values in data, which is the case in many transportation planning use cases. In

the context of bike-sharing, peak demand predictions are considered to satisfy minimum levels

of service requirements. We use the Weighted Mean Squared Error (WMSE) as the alternative

to MSE to minimize the loss function. WMSE is a variant of MSE commonly used in statistical

and Machine Learning literature for regression problems where errors carry different costs or

implications. WMSE can be designed to give more weight to errors at higher actual values than

lower ones. In this study, we use WMSE to align with the objective of predicting peak demand

periods in the bike-sharing network. The WMSE is de�ned as:

WMSE=
1
n

n

å
i= 1

hi(yi � ŷi)2, (2.7)

wherehi denotes the weighting function for the forith data point. The model's speci�c im-

plementation of WMSE incorporates a linear weighting scheme proportional to the actual �ow

valueyuv, which implies that the weight assigned to each error is directly correlated with the

magnitude of the actual �ow between stations. Such a weighting approach is instrumental in

addressing the challenges of bike-sharing �ow prediction, where understanding and predict-

ing high-demand scenarios are paramount for ef�cient management and user satisfaction. We

de�ned weighting functionhi as:

hi =
yi

max(y)
, (2.8)

whereyi is the actual value for thei-th data point and max(y) is the maximum actual value in the

dataset. Consequently, we use WMSE to train the model, ensuring that the loss function is min-
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imized to accentuate the accuracy of peak demand predictions, thereby tailoring the approach

to the pressing needs of the bike-sharing network.

2.4 Data

This section outlines the development of the proposed GNN-WMSE model applied to the

Toronto bike-sharing network dataset. We introduce the dataset and the network structure,

which are fundamental to the proposed analysis. We also discuss the inherent properties of

the network that are expected to affect the model's performance. We extract station features

and relevant network properties, used for developing a comprehensive network representation

within the GNN framework. Upon establishing this data structure, we focus on integrating and

optimizing the features into the GNN model to enhance its predictive capability.

2.4.1 Data set and Pre-processing

We use the Toronto bike-sharing network as a case study to validate and evaluate the model's

performance. The data was sourced from the Toronto open data portal (https://open.toronto.

ca/ ), which provided comprehensive information, including the trip ID, start time, end time,

trip duration, and origin and destination station name. The dataset covers the period from 2016

to 2022, encompassing monthly data. Before applying the model, we performed descriptive data

analysis to explore trends, identify anomalies, and assess the completeness of the data. Missing

values in station information were sourced from complementary resources, while missing val-

ues in trip �ows were few in number and removed to avoid errors. Outliers, such as unusually

short or long trip duration, were identi�ed and excluded to prevent distortion in the analysis.

During the pre-processing steps, the dataset was cleaned, completed, and properly structured to

the model's requirements.

Figure 2.2 represents the distribution of Toronto's bike-sharing stations, categorized by their re-

spective years of development. The �gure offers insights into the bike-sharing network's growth

and expansion, showcasing the locations of stations across the city. The bike-sharing network

in Toronto has consistently increased in popularity and usage over the past seven years. The rise
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in total ridership substantiates this growth, as depicted in Figure 2.3-a. The �gure illustrates the

consistent upward trajectory of total ridership, with an average annual increase of 27%. Ana-

lyzing the monthly trend of bike-sharing trips, as shown in Figure 2.3-b, we observe that August

consistently records the highest �ow, followed by July, June, and September. This �nding con-

�rms the correlation between bike-sharing demand and weather patterns, with warmer months

experiencing more trips. Consequently, the analysis focuses on a monthly prediction strategy

speci�cally targeting the peak month of August.

Figure 2.2: Bike-sharing growth map in Toronto

To determine the appropriate distance threshold for constructing the adjacency matrix of the

bike-sharing network, we analyze the distance histogram and cumulative distribution function

(CDF), as illustrated in Figure 2.3-c. We observe that more than 90% of the data points fell

within a distance of 12 km. Therefore, we select this distance as the threshold value, which

captures a signi�cant portion of the data, signifying the presence of a link between the two

stations in the graph. Using this threshold, we construct the adjacency matrix (A) that is the basis

for capturing the connections between bike-sharing stations. Moreover, this distance threshold

aligns with the 30-minute time limit imposed by the Toronto bike-sharing system, where a

typical cycling speed of 20–25 km/h allows users to cover approximately 12 km within the

permitted time. By incorporating both data-driven insights and operational constraints, this
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adjacency matrix de�nition ensures a realistic and practical representation of the bike-sharing

network.

Figure 2.3: Toronto 2016-2022, a)ridership, b)monthly trips, c)distance cumulative distribution function
(CDF)

We analyze the �ow between station pairs during the peak month, identifying that some pairs

have minimal trip utilization. To ensure the focus of the model is on the most signi�cant �ow

patterns, we exclude station pairs with fewer than �ve trips per month. This decision was

guided by an analysis of the trip distribution, which demonstrated that these low-utilization

pairs contributed negligibly to the overall network dynamics. While our approach focuses on

removing underutilized station pairs, Lin et al. (2018) adopted a similar rationale by excluding

rarely utilized stations from their analysis of New York City's bike-sharing network to ensure

the robustness of their demand prediction model. By �ltering these pairs, the model can better

represent the dominant and meaningful �ows within the bike-sharing system. Consequently, we

re�ne the analysis by updating the �ow matrix based on the constructed adjacency matrix. In

this re�ned �ow matrix, denoted asW, each element (wuv) represents the corresponding �ow

between two stations (u andv) that are directly connected by a link within the network. Note

that the �ow from stationu to stationv (wuv) is distinct from the �ow in the reverse direction

(wvu), as this study aims to capture the directed nature of the bike-sharing system.
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Additionally, by examining the relationship between trip frequency and distance, we discern a

range wherein most trips predominantly occur. We show that stations located at intermediate

distances from each other are more frequently traveled, while those that are either excessively

close or far tend to have lower trip frequencies. This observation corroborates the Gaussian

approach adopted for customizing the node embedding process. With its peak representing the

most common trip distances, the Gaussian function effectively captures this trend in the data.

Consequently, we apply this knowledge to �ne-tune the model by �tting a Gaussian distribution

to the trip data, allowing us to determine the optimal values for the parameters sigmas and mu

µ. These parameters are instrumental in re�ning the node embeddings to mirror the real-world

trip distribution, further enhancing the model's predictive accuracy in re�ecting the operational

patterns of the Toronto bike-sharing system.

2.4.2 Station Features

Bike-sharing stations possess attributes that provide insights from various perspectives. These

attributes encompass the number of stalls and the availability of e-bikes within each station.

Demographic sets of information such as population, age, and income are sourced from ward

pro�les and Census data to enhance the dataset. Furthermore, using the derived �ow matrix in

the previous section, we introduce a super-station indicator that aggregates the total number of

inbound and outbound �ows, enabling the identi�cation of the crowded stations based on �ow

value. Moreover, this study considers POIs surrounding each station and incorporates station

(nodes) characteristics derived from the network analysis, such as nodal strength. Additionally,

we account for the spatial relationship between stations by incorporating the distance between

them. This feature is integrated into the model through a Gaussian-based weighting function,

enabling the capture of inter-station dynamics and their in�uence on ridership patterns. In the

following sections, we delve into a detailed discussion of these two features and their implica-

tions within the study.

POIs is a designated location containing a range of establishments, such as tourist attractions

and transportation hubs. The existing literature highlights the proximity of POIs as in�uential

factors that contribute to travel patterns in bike-sharing networks (Liu et al., 2017a). Conse-
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quently, we incorporate POIs as a feature of nodes in the model. In this study, we acquire POI

data utilizing the MapBox Tilequery API (map, 2020) using transit stops and POI labels, see

Liu et al. (2025) and Chiou and Wu (2024) for transit-integrated bike-sharing. Speci�cally, we

consider a circular region with a radius centered at each bike station. To determine an appro-

priate value for R, we refer to relevant literature (Xiao et al., 2023) and consider an acceptable

average walking distance. Consequently, we select a radius of 2.5 KM as the most represen-

tative measure of the station's surrounding area. Subsequently, we count the number of POIs

within each station's circular boundary and categorize them. Table 2.1 demonstrates the type of

POIs considered for each category. As part of the node features, we use a vector that expresses

the count of POIs within each station's vicinity for each speci�c category.

Table 2.1: POIs Categories

Category POIs type examples
Financial Banks, Of�ces (i.e., insurance of�ce, law of�ce,

real estate, and accountant of�ce)
Commercial Shops, Stores, Malls, Marketplace, Commercial

Area, Cafe, Restaurants, Bars
Education Schools, Driving School, Library, College, Uni-

versity, Educational Institution
Recreational Sports Complex, Playground, Tourist Attrac-

tion, Beach, Theater, Cinema, Zoo
Residential Residential Buildings and Areas
Healthcare Doctor's Of�ce, Pharmacy, Dentist, Hospital,

Clinic, Drugstore
Transportation Parking, Charging Stations, Harbors, Transit

Stops
Other Fire Station, Post Of�ce, Police, Mosque, Syn-

agogue, Church, Guidepost

The characteristics of the bike-sharing network provide deeper insights into its functionality and

can be used to describe various aspects of the network, including its connectivity and centrality.

As a result, we extract the station network properties and assign them as part of the features.

Table 2.2 provides an overview of the network's characteristics in two consecutive years, in-

cluding the size, topological properties, evolutionary trends, and essential measures such as

the average degree (K), average shortest path length (d), network diameter (D), triangle count

(T), and clustering coef�cient (Cs). The shortest path length represents the minimum number

of links required to travel between two nodes, and the network diameter refers to the longest
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shortest path. Triangle count indicates the local clustering by counting the closed loops of three

interconnected nodes, and the clustering coef�cient measures the degree to which nodes tend

to cluster together- see Newman (2018) for detailed information about network analysis tech-

niques. The values presented in this table are calculated while considering the network as a

weighted directed network.

Table 2.2: Bike-sharing Network Properties

Network jVj jEwi j > 0j K d D Cs T
G2022 654 40035 61.22 2.08 9 0.48 389587
G2021 589 25494 43.28 2.44 11 0.36 169717

Based on the network properties, the bike-sharing network exhibits considerable growth in

nodes and usage and forms a dense graph structure with a relatively high density of connec-

tions among the stations, especially inG2022. The observed value of the clustering coef�cient

and triangle counts coupled with the small shortest path further admit the network's dense in-

terconnectivity pattern and dense nature.

Following these network properties, we capture four additional measures that provide valuable

insights into the importance, connectivity patterns, and in�uence of nodes within the bike-

sharing network. First, nodal strength is the measure of a node's in�uence, which re�ects the

overall impact by including the weights of its links. Second, PageRank identi�es in�uential

nodes based on the quality and quantity of incoming links. Third, the weighted clustering

coef�cient assesses the tendency of a node's neighbors to form clustered connections. Lastly,

betweenness centrality highlights a node's signi�cance as a bridge or bottleneck within the

network by measuring the extent to which a node lies on the shortest paths between other pairs

of nodes.

Figure 2.4 displays the variations of the aforementioned station measures. The difference be-

tween the median and average nodal strength shows an uneven distribution of in�uence among

the stations with few highly in�uential ones (Figure 2.4-a). Furthermore, some stations are

closely connected to their neighbors, forming tightly clustered connections, as shown in Figure

2.4-b. Lastly, Figure 2.4-c highlights that some stations act as critical bridges with high be-

tweenness centrality. Consequently, we incorporate these measures into the station features in

the model.
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Figure 2.4: Stations' Measure Variations in the Network, a)Nodal strength, b)Weighted clustering coef-
�cient, c)Betweenness centrality

2.5 Analysis

We use the data for the peak month in years 2021 (G2021) for training the model and consider

the new nodes and their associated links in the same month of year 2022 (G2022) as the network

expansion, serving as the unseen dataset for evaluating the �nal model's performance. The ex-

periment is conducted using Python 3.0, and the models are developed using TensorFlow, an

open-source library designed for high-performance numerical computation, particularly well-

suited for deep learning models. We tune the hyperparameters, which are the settings and

con�gurations that govern the model's learning process, to balance model complexity and op-

timal performance as part of the training process. The grid search systematically explored all

combinations of hyperparameters within the speci�ed ranges. Each con�guration was evalu-

ated using a validation dataset, with performance assessed based on validation accuracy and

loss. The optimal values reported in Table 2.3 correspond to the settings that achieved the best

performance across these metrics, ensuring robust and generalizable results. This table summa-

rizes the hyperparameter grid search range and the obtained optimal values, which are used in
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the model. The �rst four hyperparameters shape the GNN model structure and capacity. The

following three hyperparameters determine the optimization algorithm and learning process,

while the �nal three are designed to prevent over�tting. Following hyperparameter tuning, we

retain the node features that contribute to enhancing the model's performance.

Table 2.3: Hyperparameter Tuning

Num. Hyperparameter Optimal Value Grid Search Space
1 Number of layers 6 (1,2,3,...,10)
2 neighborhood search depth 10 (1,2,3,...,D)
3 Node embedding size 16 (in), 32 (out) (10,...,60)
4 Activation function ReLU (ReLU, Linear, Tanh, Sigmoid)
5 Epochs 300 (1-500)
6 Optimizer Adam (Adam, SGD, RMSProp)
7 Learning rate 0.001 (.000001, .00001, .0001, .001)
8 Dropout 0 (0,0.1,0.2)
9 Weight Decay 0.001 (0.1,0.01,0.001,0.0001)
10 L2 Regularization 0.1 (0.001,0.01,0.1,0)

Our goal is to minimize the discrepancy between the predicted values and the ground truth

labels. To evaluate the ef�ciency of the model, we use two primary metrics: Root Mean Square

Error (RMSE) and Mean Absolute Error (MAE). These metrics are compared with those of

benchmark models, which will be explained in the next section. The de�nitions of these metrics

are as follows:

RMSE=

s
1
N

N

å
i= 1

(yi � ŷi)2, (2.9)

MAE =
1
N

N

å
i= 1

jyi � ŷi j , (2.10)

whereN represents the total instances,yi denotes the actual �ow of each trip (link), and̂yi

represents the predicted �ow.

2.5.1 Benchmarks

Previous studies on demand forecasting have primarily used statistical regression methods or

tree-based algorithms in Machine Learning. Additionally, several deep learning architectures

were explored in the existing literature. We conducted a benchmarking exercise to evaluate the
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effectiveness of the proposed GNN-WMSE model and calculate RMSE and MAE for all models

to compare them. This provides a quantitative basis to assess the performance of models in

terms of prediction accuracy and reliability. We used the same dataset division across all models

to ensure consistency and comparability. Since the goal is to address long-term bike-sharing

network planning rather than short-term demand �uctuations or time-series dependencies, we

compare the proposed model to the following established baseline models:

1-Linear Regression (LR): This model uses a regression approach, acknowledging a simple

linear relationship between input features of bike-sharing stations and their transactions.

2-Spatial Regression (SLR): This model uses a regression approach, acknowledging spatial re-

lationships in addition to linear regression model. Spatial Regression extends the capabilities of

Linear Regression by integrating spatial dependencies, which is essential for capturing patterns

in bike-sharing data.

2-XGBoost: This tree-based Machine Learning model leverages the gradient-boosting decision

tree mechanism. It utilizes the same input parameters as the Linear Regression model, pro-

viding a robust comparative framework. XGBoost introduces a non-linear approach that can

capture complex interactions between features, serving as a robust benchmark against which

the predictive power of GNN-WMSE model can be measured.

3-Arti�cial Neural Network (ANN): To examine the in�uence of incorporating d-hop station

neighbor features on predicting the �ow between two bike-sharing stations, we use an ANN

algorithm that does not take these neighbor features into account. This model evaluates the

performance of a traditional non-graph-based approach, allowing us to contrast its effectiveness

with the graph-based nature of the proposed model in the bike-sharing network. In this model,

each link in the data set is represented by a pair of nodes. The architecture of a simple ANN

model consists of an input layer, several hidden layers, and an output layer. As illustrated in

Figure 2.5, we concatenate the features of the origin and destination stations to determine the

link features as a vector of size 2C, whereC represents the dimension of the individual station

features. This concatenated link feature vector serves as the input layer for the ANN model.

The model is trained in a supervised manner, where it learns to map the input (link features) to

the output (link weights), leveraging the available training data.
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Figure 2.5: Architecture of the ANN model

Table 2.4: Models performance comparison forG2021 andG2022

Models ExistingG2021 New StationsG2022
RMSE MAE RMSE MAE

LR 18.93 8.34 26.16 8.67
SLR 18.15 8.29 25.67 11.07

XGBoost 16.56 8.01 24.56 8.35
ANN 15.47 8.03 24.12 8.05

GNN-WMSE 14.03 7.12 21.85 7.43

The results of different models for the existing networkG2021 are presented in the second col-

umn of Table 2.4. Compared with the baseline models, the proposed approach outperforms the

baseline models in terms of the key evaluation metrics. The GNN-WMSE model has improved

the RMSE value by an average of 18% over all of the benchmarks and approximately 15% com-

pared to the XGBoost model, which is the best-performing model among the non-deep learning

established benchmarks. This advancement underscores the ability of the proposed model to

handle complex data more effectively than conventional Machine Learning approaches. Deep

learning techniques can capture complex, non-linear relationships. Furthermore, incorporating

a graph structure in the network model allows for a comprehensive capture of features related

to d � hop stations. Another distinctive advantage of our model is the integration of Graph-

SAGE, which has been further customized to account for spatial interactions within the learn-

ing process. This addition signi�cantly enriches the model's ability to understand and predict

the dynamics of the network more accurately. Regression models, including the Spatial Linear
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Regression (SLR) model, displayed inferior performance compared to other baselines. This

outcome can largely be attributed to their oversimpli�ed assumptions, which struggle to han-

dle the intricate complexities and interdependencies present in the dataset. The shortcomings

of these traditional models in dealing with non-linear and spatially complex data highlight the

necessity for more advanced approaches. In comparison, the XGBoost model demonstrated a

slight improvement in prediction accuracy over the linear regression models, as evidenced by

both the MAE and RMSE metrics. This improvement indicates the effectiveness of tree-based

methods in capturing more complex relationships than traditional linear models. The results

show that the inclusion of deep learning techniques (ANN model) enhanced prediction perfor-

mance. This model, which does not incorporate a graph structure, nonetheless slightly better

captured complex nonlinear relationships within the bike-sharing network.

The comparison of the ANN and GNN-WMSE models shows that the graph-based model

(GNN-WMSE) offers superior predictive power, as indicated by its lower RMSE and MAE

values. Figure 2.6 illustrates the comparative performance of these two models across a subset

of two hundred links, randomly selected for visual representation purposes. This advantage is

attributed to the GNN model's ability to incorporate neighborhood information through node

embedding, a key factor in predicting bike-sharing �ows. Unlike the ANN model, which pro-

cesses data in a tabular format, the GNN-WMSE model effectively utilizes the graph structure

of the data, learning station representations that account for both individual features and their

d � hopstation neighbors simultaneously.

Figure 2.6: Predicted Versus Actual Flows in Neural Network Models: a) ANN (Arti�cial Neural Net-
work), b) GNN (Graph Neural Network).
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Upon evaluating the results from the benchmarks, a signi�cant concern emerged with some of

the predictive approaches, notably the LR, SLR, and XGBoost models. These models displayed

a tendency to forecast negative values for �ows in bike-sharing systems, which are intrinsically

non-negative. Although these negative predictions are statistically possible within the models,

they are practically infeasible and do not align with the actual nature of the data. Figure 2.7

illustrates this discrepancy, presenting a distribution plot of the models' predictions. The red

area in the chart shows the frequency and extent of the negative predictions made by the models,

indicating that these models are unsuitable for the given data. This visualization emphasizes the

need for a predictive approach that guarantees all forecasts fall within the plausible range of

non-negative values.

Figure 2.7: Incidence of Negative Predictions in LR, SLR, and XGBoost Models

Figure 2.8 compares the predictions of models with the actual trip numbers for a subset of the

dataset. These models use different methodologies, such as basic regression, advanced tree-

based, and graph neural network techniques. This comparison captures performance metrics,

such as the overestimation or underestimation of predictions and the variance in model perfor-

mance. The �gure reveals that the GNN-WMSE Model has a tighter clustering of predictions

around the identity line for most data points, especially in the mid to high range of actual �ows.

This indicates a strong correlation between the predicted and actual values. In instances of

lower-valued �ows, the GNN-WMSE Model tends to underestimate their magnitude. Nonethe-

less, it exhibits superior prediction accuracy overall, as evidenced by its closer adherence to the
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identity line than the other models. The XGBoost model displays a dispersion of points, espe-

cially in the lower range of true values, where it signi�cantly overestimates trip numbers. The

Linear Regression model performed the worst among the three models. Therefore, the GNN-

WMSE model provides the most reliable predictions, striking an effective balance between

precision and generalization.

Figure 2.8: The relationship between true and predicted �ow

We also focused on comparing the performance of the GNN-WMSE model with the XGBoost

model in speci�cally predicting high �ow values, the accuracy of which is essential to managing

systems operations and enhancing bike-sharing availability. Figure 2.9 shows the comparative

performance of these two models under conditions of peak �ows. The data is sorted from high

to low based on actual �ow values. Figure 2.9-a displays a trend of predictions with respect

to true �ow, with the horizontal axis representing the index of observations sorted by actual

�ows and the vertical axis showing smoothed ratios of actual to predicted �ows. We used a

rolling average and data smoothing technique to enhance the clarity of trends. This approach

ensures a more balanced view of the dataset by averaging over a speci�ed window, aiding in the

reliable detection of performance trends across the dataset. In this visualization, the XGBoost
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model's trend line, positioned above that of the GNN-WMSE, suggests it more frequently or

more signi�cantly underestimates the �ow values compared to its counterpart. This tendency is

especially pronounced at higher �ow values, which are of primary interest in the analysis. We

shaded the region between the two trend lines for easy comparison of predictive performance.

The performance gap decreases as we move to lower actual �ow values, but the distinction

at higher values, although slight, is in line with the target objectives for scenarios of peak �ow

demand. Additionally, Figure 2.9-b presents this comparison differently. Here, the x-axis shows

the actual �ow values sorted from high to low, while the y-axis represents the difference in

performance between the XGBoost and GNN-WMSE models. The red points mean that the

XGBoost model has a more signi�cant error than the GNN-WMSE model in the corresponding

instances. This �gure reveals that the deviation in the GNN-WMSE's performance is generally

lower than XGBoost, which makes the GNN-WMSE model more stable across true values. The

trend line demonstrates an increasing discrepancy in predictive performance as the �ow values

rise, emphasizing the GNN-WMSE model's superior precision and consistency, particularly in

situations of critical peak demand.
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Figure 2.9: a)Comparative Performance Trends of GNN-WMSE and XGBoost (best-performed bench-
mark model) in Predicting High Flow Values; b)Differential Performance Analysis of GNN-WMSE and
XGBoost (best-performed benchmark model) in Predicting High Flow Values

Note that the prediction of bike-sharing �ow using the GNN-WMSE model still presents op-

portunities for improvement. Several factors could explain this limited predictive power. For

instance, as discussed, the bike-sharing network is highly dense, with over twenty-�ve thousand

links and only about six hundred nodes. In such dense networks, the complexity of the relation-

ships increases and makes it challenging to understand the pattern. Furthermore, such dense

networks are prone to over�tting, where the model becomes excessively complex and tends to
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memorize the training data rather than capture general patterns. These factors directly impact

the accuracy of predictions for unseen and new data. In the following section, we evaluate the

performance of the model in network expansion.

2.5.2 Link Weight Prediction for G2022

We evaluate the model's applicability in predicting �ow patterns during network expansion by

leveraging the trained model to forecast bike-sharing �ows for newly introduced nodes and their

associated links. To this end, we assess the performance of the trained model using theG2022

network, focusing on the same peak month in which 65 new nodes have been added. Using the

trained GNN-WMSE modelG2021, we predict the weights of the new links, which represent

the bike-sharing �ows between the newly introduced stations and the existing ones. We note

that the model assumes that bike-sharing users do not change their routes by hopping between

stations, as bike-sharing systems usually impose a 30-minute usage limit per trip, indicating that

users are unlikely to switch bikes at different stations during a single journey. This assumption

simpli�es the network expansion prediction process and is essential for interpreting the model's

�ow predictions in the context of real bike-sharing usage patterns.

The evaluation and benchmarking outcomes for the network expansion inG2022are presented in

the third column of Table 2.4. The results indicate that the GNN-WMSE model achieves an av-

erage improvement of 15% in RMSE and 20% in MAE over all of the benchmarks. As demon-

strated, the GNN-WMSE model consistently exhibits lower RMSE and MAE values, re�ecting

a comparable accuracy in predicting �ows for both the existing links inG2021 and the newly

established links inG2022. This continuity of performance underscores the model's robustness

across network expansion. Additionally, Figure 2.10 visualizes the comparison, highlighting

the variance in the top-500 precise link weight predictions between the two graphs,G2021 and

G2022.
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Figure 2.10: Top-500 accurate link weight predictions versus actual weights- a)2022, b)2021.

The analysis yields several insightful observations. Firstly, links associated with new nodes

displayed a higher accuracy in predicting bike-sharing �ows, particularly when these nodes

exhibited high nodal strength. Secondly, accuracy was further enhanced for new bike-sharing

stations located near transportation and transit Points of POIs and those with higher stall ca-

pacities. These factors collectively played a signi�cant role in improving the accuracy of �ow

predictions for new links.

A comparative examination of the top-500 accurate link weight predictions inG2021 revealed

a similar trend: nodes with above-average stall capacities and high nodal strength values were

more likely to yield accurate link weight predictions. Furthermore, these predictions were most

accurate for links connected to nodes in medium �ow ranges, with fewer predictions pertaining

to high-volume trips. This pattern underscores the importance of integrating network analy-

sis outcomes, transportation infrastructure characteristics, and stall capacity into the predictive

modeling process. These �ndings validate our approach and highlight aspects that could guide

future network planning and expansion strategies.

2.5.3 Expansion Design

To bridge the gap between predictive modeling and practical decision-making, we developed an

interactive decision-support tool designed to guide network expansion planning. While the full

design and technical implementation of the tool are described in Chapter 5, this section high-
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