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ABSTRACT

In this thesis, I investigate which variables have the strongest influence on an individual’s
travel mode choice depending on the purpose and level of urgency (leisure, essential, emer-
gency) of the trip. I analyze the relationship between spatiotemporal costs conditioned by
demographic segmentation using data on population mobility patterns in auto-centric Los
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model), statistical (multinomial logistic regression model), and machine learning-based (graph
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by artificial intelligence show that distance is the key determinant of mode choice, depending
on the urban form of the city and its adaptation to multimodality.
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Chapter 1

Introduction

With each move we make and route we take, our action is preceded by a decision, the decision

of how we will get to our destination. With technological advancements and transformations in

landscapes, our decision on which mode of transportation to take has evolved (Giuliano 2007).

Car-centrism has taken over the United States, with automobiles accounting for roughly 85 %

of all passenger-miles traveled (Strauss 2023). However, the average cost to own and operate

a car has climbed to $12,297 per year, 1 in 4 adults experience transportation insecurity

pressures, prompting them to consider alternatives (American Automobile Association 2024).

The factors of our demographic pro�le might lead us to negotiate within ourselves how we will

approach the distance and time associated with the trip, internally calculating and weighing

the costs of transportation and the reasons associated with our destination. However, the

form of a city shapes our decision-making. This perspective highlights the multifaceted

challenge of understanding the extent to which factors of a trip in�uence an individual's

chosen mode of transportation.

The United States is a case example where the challenge of choice is evident due to the

diversity of its demographics, economies, and landscapes, considering that some individual

states have economies and host populations that compete with major countries (Perry 2020).

Each state has a diverse socioeconomic pro�le and urban form, leading to varying results
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and outcomes in travel behaviors. The two cities researched in this thesis are Los Angeles

and New York City. These selected cities present some of the largest economies and most

diverse socioeconomic cases in the United States. Los Angeles boasts a $1.3 trillion Nominal

GDP, comparable to Spain's 48.35 million person-powered economy, but hosting nearly 12 %

of the total U.S. homeless population (U.S. Bureau of Economic Analysis 2024; Bank 2025;

U.S. Department of Housing and Urban Development 2023; Los Angeles Homeless Services

Authority 2023). New York's economy is the capital of global trade and �nance, but hosts

the highest income inequality/disparity in the nation (Engel and Posey 2024; Z/Yen Group

2024). Apart from the economic diversity, these cities possess unique geographic typologies,

with Los Angeles' dispersed landmarks within its vast and car-dependent area (Data USA

2024). New York's densely populated urban jungles that live o� the extensive underground

public transit systems (U.S. Census Bureau 2024; Metropolitan Transportation Authority

2023). These cities not only present country-level cases due to their economic and geographic

sizes, but also excellent data-rich examples for a comparative analysis for evaluating how

di�erent factors condition mobility choice.

The main variables of this research are trip purpose, spatiotemporal cost, and demographic

segmentation. Trip purpose has been compartmentalized into three categories based on level

of urgency: leisure (non-essential, casual shopping and dining), necessity (essential, shopping

for necessities), and emergency (urgent healthcare). Each of these categories holds di�erent

measurements of importance to an individual; therefore, they have di�erent types of behavioral

responses. Leisure trips are �exible, creating a higher tolerance to longer travel durations or

cost preferences, whereas traveling for essential goods and services constrains individuals to a

speci�c travel duration (the di�erence between grabbing dinner at a neighborhood restaurant

to rushing to catching a �ight at the airport located at the edge of the city) (Federal Highway

Administration 2019; Hägerstrand 1970). Meanwhile, an emergency trip to a healthcare

facility would place an unbalanced premium on speed and directness; due to its unexpected

nature, it can override cost consideration regardless of one's �nancial ability. The two separate
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constraints of spatial (distance length) and temporal (time duration) have been combined

to form the spatiotemporal cost, an integral component of the research and equation to

understand a user's choice of mode (Wiedemann, Uscidda, and Raubal 2025). This burden is

then �ltered by demographic segmentation, made up of age and income. Di�erent ages have

di�erent physical limitations that impact mobility decisions, and di�erent incomes can absorb

the monetary and temporal outlays di�erently, shaping their preferences and perspectives of

opportunity cost (Tikoudis et al. 2024; Maresova et al. 2023). However, trip purpose can

change the measurable pressures associated with demographics and spatiotemporal cost on

mode of travel decisions. For example, a low-income individual could be willing to take the

burden of higher costs to choose a more e�cient (and expensive) mode of travel based on

time-sensitivity and urgency. The purpose of travel has resulted in a shift in the individual's

willingness to pay (WTP), unrepresentative of their income level. Instead of treating time

and distance as strictly linear variables, this thesis recognizes the biases, that can color

an individual's assessment of what constitutes an acceptable travel burden. Such biases

might manifest in a preference for the perceived convenience of a personal vehicle, even if a

well-connected public transit option is faster or cheaper in the aggregate (U.S. Department

of Transportation 2011; Avineri and Goodwin 2015). Likewise, the desire to avoid uncertain

outcomes (for instance, the possibility of a delayed bus) may cause many to reject modes that

are objectively e�cient in favor of those that feel more reliable or under one's direct control.

In an attempt to systematically capture these patterns and identify the relative impact

of the variables on travel mode choice, this thesis adopts a three-pronged methodological

approach. First, a classic time and distance spatial analysis in conjunction with a gravity

model evaluates travel patterns, estimates �ows between origin�destination (O�D) pairs, and

assesses the friction and relative attractiveness of the destinations. Then, a multinomial

logistic regression (MNL) model is formed and deployed to examine existing patterns and

quantify the likelihood of travel mode choice among a multiclass categorical outcome of travel

mode to provide reasoning and the probability of selecting a speci�c travel mode based on the
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complex interplay of explanatory factors and the impact of their changes on the overall result.

However, this approach can come with considerable limitations�especially when attempting

to capture the spatial relationships found in the selection of cities�including the inclusion

of the di�erent typologies or the in�uence of proximate nodes in transportation systems.

Furthermore, MNL is better suited for interpretable reasoning rather than predicting for a

complex dataset that does not assume linear relationships. To address this concern and provide

a supplementary analytical approach, this thesis integrates deep learning and machine learning

models and techniques. Integrating Graph Neural Networks (GNNs) leverages graph data's

structure, where nodes represent neighborhoods and intersections, to learn representations

that encode local and city-wide relationships (Ponzi and Napoli 2025). Modeling connections

between places using GNNs reveals nuanced patterns in mode choice based on personal

attributes are interwoven with the built environment's network connectivity and the broader

spatial context. To further enhance predictive accuracy, the thesis incorporates XGBoost as

an advanced ensemble learning method, complementing the network-based insights with its

ability to generate detailed feature importance rankings of which variables strongly in�uence

mode choice. Given the large size and complexity of the structured multi-dimensional datasets

with heterogeneous features used in this research, XGBoost is an excellent approach to take.

The deployment of the three-pronged mixed-method analytical approach provides a holistic

analysis, contributing to research that employs arti�cial intelligence in city planning, a �eld

where traditional models have long assumed that individuals operate under consistent rational

choices with stable preferences. The combination of behavioral economics principles into

machine learning and deep learning frameworks allows us to capture anomalies in choice

behavior, reveal discrepancies in how we supply or design for ongoing demands, and could

encourage more targeted planning that would promote sustainability and e�ciency.

This research contributes to broader social and policy implications. As the climate

changes, the economy �uctuates, and the societal patterns shift, the built environment re�ects

the adjustment of those attributes with growing socioeconomic disparities and inequities,
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unpredictable forecasts of accessibility and social mobility, and seemingly aging populations.

Therefore, it becomes increasingly important to understand how the people who live in

those environments move from one place to another. This research aims to highlight evident

mobility patterns and decisions behind mode of mobility decisions in depth, while illustrating

how spatiotemporal cost is di�erently perceived and navigated by diverse populations. The

targeted insights found in the research could bene�t big tech, public institutions, and private

entities.

This thesis begins with literature that revolves around the application of computational

techniques to the �elds of urban planning and behavioral economics. I explore the variables

and elements that make up the foundation of the thesis by evaluating, incorporating, and

modifying a variety of existing analytical methods and equations. It also analyzes the

case study cities of Los Angeles and New York City to provide an understanding of the

potential results of the thesis based on each city's distinct historical trajectories, infrastructural

developments, and demographic makeup that shape their rational mobility patterns. Following

the literature review, I lay the foundation of the research and all the models produced: the

data. The large datasets being used for this research are considerably complex and diverse,

composed of categorical, numerical, and geospatial data made of detailed individual-level

identi�ers and attributes, combined with di�erent trajectory and point-of-interest metrics,

all of which enable an in-depth multi-dimensional analysis. After that, the methodology

that uses these datasets is described, broken into the three approaches that begins with

spatial analysis to explore mobility relationships and interactions, followed by a statistical

analysis to outline variable construction and hypothesized relationships, and the application of

machine learning techniques to provide a predictive features and representational learning to

uncover subtle patterns. Each methodological approach will investigate each city and season

individually. The intention of combining the perspectives from distinct analytical paradigms

is to advance a stronger understanding of the in�uence on human mobility decision-making,

from the intersection of spatio-temporal cost, demographic segmentation, and trip purpose.
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There will also be a re�ection to acknowledge the limitations of the dataset and research,

with discussions on potential avenues for future research�related to the re�nement of GNN

architectures for transportation modeling and the addition of other demographic variables

such as ethnic background and disability status�that might further illustrate the relationship

between demographics, distance, and decision-making. The results of the methodology are

exhibited, examined, and explained in the empirical analysis, highlighting trajectory patterns

and spatial interactions, presenting how travel mode choice is conditioned and in�uenced by

diverse variables, and providing insights on how decisions are shaped by the network e�ects

and spatial proximity. The thesis concludes by synthesizing the key �ndings, discussing their

practical signi�cance, and exemplifying real-life applications with recommended interventions

for improvement.

The purpose of this research is to analyze one of the most fundamental aspects of daily

life�how we move�through investigating the diverse and multifaceted threads that go into

the decision behind that action. By building on the heterogeneous urban arenas of three

major U.S. states through a spatial, statistical, and arti�cial lens from a behavioral economics

standpoint, this thesis provides an empirically grounded interpretation of the spatio-temporal

cost of travel. Additionally, the thesis provides a framework for understanding the aspects that

would design equitable, e�cient, and evidence-based mobility systems through the mediating

demographic factors, which could bene�t both private entities and public institutions. To

that end, the overall goal of this thesis and the research is to encourage decision-makers

involved in our mobility to provide plans and solutions that are tailored and responsive to

the myriad human behaviors and fully account for the unique realities of modern travelers.
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Chapter 2

Literature Review

2.1 Spatiotemporal Cost: Time is Money

Movement and mobility are widely discussed pillars of urban development. Contemporary

urban research acknowledges that mobility holds a constellation of factors and recognizes

that transportation involves an interplay of socio-economic factors, beyond the traditional

focus on optimizing the built environment's infrastructure, understanding that travel mode

choice is not solely based on objective criteria (Sheller and Urry 2006; Litman 2003). Varying

socio-economic backgrounds perceive �cost� di�erently. Benjamin Franklin's popular aphorism,

�Time is money,� captured the essence of opportunity cost, which plays a signi�cant role in

modern decision-making (Franklin 1750). Time is a commodity that can be expendable and

sacri�ced to be traded to achieve a lower monetary cost, but can also be perceived as an

intolerable and non-negotiable burden that outweighs �nancial cost. Decision making emerges

from a complex tapestry of preferences, beyond the constraints of the built environment.

However, purpose outweighs monetary costs in decision making and can anomalously

�uctuate standard behavioral tendencies and patterns, emphasizing the signi�cance of spa-

tiotemporal costs. The main criterion for a young, low-income individual might be minimal

expenses, but when the control variable of urgency is added to their decision-making equation,
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lower �nancial cost might be traded for lower spatiotemporal cost, marking an outlier in their

behavioral pattern. Others might consider minimal expense to be a hard-line requirement

regardless of the situation. This complexity underlines why aggregate urban models and

technical spatial analyses could potentially miss the essential determinants of travel patterns.

Constraints and motivations are more mercurial than they are methodical; the following

sections investigate relevant analytical angles and interpret how the notion of spatiotemporal

cost �ts within each framework.

2.1.1 The Default Premium on E�ciency

Departing from classical assumptions of ideal rationality, behavioral economics incorporates

a bounded rationality approach to systematic behaviors to examine the actual practice of

decision making. Prioritization for optimizing spatiotemporal cost has remained popular

for decades, with modern use for navigation systems such as Google Maps using Dijkstra's

algorithm (shortest known distance from two nodes, prioritizing the node with the lowest

cumulative cost) and the A* search algorithm (shortest route duration between two nodes,

prioritizing exploring nodes with the lowest total estimated cost) (Mehta, Kanani, and Lande

2019; Hart, Nilsson, and Raphael 1968). The main di�erence between the two algorithms A

is more goal-directed by adding a heuristic function (h(n)) to estimate the remaining cost to

the destination. The Standard A* Cost Function (Assumes Perfect Rationality):

f (n) = g(n) + h(n) (2.1)

The g(n) is the actual cost from the start to noden and the h(n) is the heuristic estimate

of the remaining cost to the goal.

These two algorithms emphasize our premium on spatiotemporal cost, assuming everyone

always wants to get to their destination by taking the shortest path with the shortest time.

Urban discussions have pointed out that this premium on e�ciency has directed people
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to default to their choice of mobility mode, despite viable alternatives, due to the reliance

on habitual behavior rather than rational deliberation (Bamberg, Rölle, and Weber 2003;

Verplanken et al. 2008). This paves the road for cars to dominate choices, due to the

inconsistencies and uncertainty of public transit's delays, weighing heavily to an illogical

degree on rationale. Minor adjustments in spatiotemporal cost can drastically reshape

perceptions of the feasibility of mode choice, these changes are ignited by income-based

tolerance with varying sensitivities to fares and timelines. With the e�ciency bene�ts of cars,

high-income and old-age individuals (typically correlated) with lower tolerances to delays and

high preferences for reliability have a higher probability of opting for cars. While this seems

intuitive, this decision is rooted in loss aversion and preference for familiarity; as travelers are

risk-averse, if the quality of travel choices is uncertain based upon past experiences, travel

choice inertia emerges as a learning-based lock-in e�ect (Chorus 2014). The addition of the

sense of urgency to a trip ampli�es risk-aversion, forcing the individual to abide by their

perceived optimal choice that makes them less �exible with experimentation of unfamiliar

modes. This would promote Dijkstra's algorithm regardless of demographic variables or if

perceptions align with reality.

2.1.2 Distance vs. Duration

Historically, transportation frameworks treated physical distance as the core spatial impedance,

while time was later aggregated as a generalized-cost adjustment (McNally 2000; Witmer and

Kline 1998). Based on the logic of discrete choice models, it is more realistic to understand

that distance directly in�uences duration to avoid compartmentalizing them (M. E. Ben-Akiva

and Lerman 1985). The overarching factor in spatial interactions is density. Density forms a

contradictory and complicating relationship between distance and duration; higher density

translates to shorter distances and longer durations (tra�c), depending on mode choice. A

city with high density might encourage walking due to the combination of shorter durations

for shorter distances, while driving will face the consequences of congestion. Therefore, the
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intimidation and attractions tied to a transportation mode are impacted by the e�ciency

associated with the density of the urban form. Through McFadden's utility-based framework,

we can assume the mobility mode of choice is based on the highest expected utility (McFadden

1973; Domencich and McFadden 1975).

Ui = � T i + � D i + 
 C i + " i (2.2)

whereTi is time, D i is distance, andCi is monetary cost for modei , while " i captures

unobserved preferences. Within this framework, decisions behind mode choice pivot towards

spatiotemporal cost when analyzing the purpose of travel, which introduces a speci�c threshold

on the duration and distance of a trip. As a result, mode evaluation incorporates factors like

density, mode availability, and familiarity with routes, all of which can shift the perceived

burden away from a simplistic cost model and toward a context-sensitive decision process. A

single numerical metric�such as �average commute time��may mask considerable variance

in how people interpret spatiotemporal burdens under di�ering conditions.

2.2 Demographic Segmentation

The concept of demographic segmentation o�ers a granular perspective on how populations

di�erentiate in their decision-making for mobility choice. It involves categorizing individuals

based on their di�erent personal attributes, which are divided into subgroups based on those

precise attributes to have a speci�ed analysis and explicit understanding of the patterns and

interactions of the di�erent subgroups. The diversity in backgrounds leads to a diversity

of priorities and limitations, individuals might be tied to each other based on speci�c

characteristics, which can be linked to identify patterns that can inform targeted insights

and interventions. Without demographics, spatiotemporal cost and its impact on decision-

making are incomplete, as one would not understand the reasoning for an individual's unique

perception of time and distance.
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2.3 The Valuation of Trip Purpose

Purpose is a shaping factor on how we value a commodity in a given situation. Compart-

mentalizing trip purpose into the three principal categories�leisure, essential non-emergency,

and emergency�provides an understanding of how the variables interacts with modality.

This relates to the concept of Contingent Value (CV), introduced by S. V. Ciriacy-Wantrup

in 1963 and �rst applied by Robert K. Davis through surveys 1963, Richard T. Carson

has summarized it to be placing values on commodities that are not bought and sold in

marketplaces, which is trip purpose in this research. The original framework of Contingent

Valuation�which operates on the principle that an individual's willingness to pay (WTP)

for a commodity is context-dependent, changing based on the perceived utility within a

given scenario�assists with understanding how people assign value to trips under di�erent

circumstances (Carson and Hanemann 2005; Carson 2011). The canonical form of this model:

E [WTP ] =
Z WTP

0

�
1 � F (w)

�
dw (2.3)

The integrand 1 � F (w) is the survival function�the proportion of respondents willing

to pay at least the amount w. Integrating this share from zero up to the upper bound

WTP yields the population's mean willingness to pay (Mitchell and Carson 2013). The

Utility-Based Equilibrium Condition (core to Contingent Valuation) is:

U(I � WTP ; Q1) = U(I; Q 0) (2.4)

U(�) denotes a monotonic indirect utility function de�ned over disposable income and

environmental quality; I is the respondent's initial income,Q0 the status-quo quality level,

and Q1 the improved quality level. The compensating payment WTP is the threshold amount,

in expected-utility terms, after paying for the improvement as before, thereby grounding

contingent valuation in standard welfare economics (Mitchell and Carson 2013).
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The bene�t of this model is its focus on being tailored to adhere to the purpose of

motivating choice. It can be adapted to re�ect how spatiotemporal burden is valued based

on the purpose of the trip, by swapping WTP's monetary cost for a willingness to incur

spatiotemporal cost to complete a trip. This can be formalized as:

WSCpurpose = E
�

U(B � c; T1
purpose) � U(B; T 0)

�
(2.5)

whereB is an individual's time constraint/budget, c represents the spatiotemporal cost,

and T0 and T1
purpose make up the baseline and purpose-speci�c travel burdens. In this model,

leisure will have a higherc but emergency will have a lowerc; this framework aligns with the

thesis that mode choice is shaped by purpose rather than purely demographics or time and

duration.

2.3.1 Weighing Mode Options

The Cost�Bene�t Analysis (CBA) model is a strong method for weighing options, used to

estimate net positive outcomes. Indicating an individual should proceed with their decision

if the present value of bene�ts exceeds the costs, the Net Present Value (NPV)�based CBA

expresses the same decision criterion when bene�ts and costs are discounted over time:

NPV =
TX

t=0

B t � Ct

(1 + r )t
(2.6)

whereB t and Ct denote the bene�ts and costs in periodt, r is the discount rate, and

T is the time horizon. While CBA might be limited due to forcing spatiotemporal and

demographic burdens into monetary metrics, it is advantageous due to its direct rationale. To

build on the monetary-focused NPV model, the discounted cash-�ows built from individual

journeys priced are covered by the generalised-cost expression that measures travelling

between origin�destination pair i by modem in year t and converts every burden the traveller

perceives�time, fares, discomfort�into a common monetary metric (Transport 2023).
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GCimt = Cimt + VOT Timt + 
 A imt + : : : (2.7)

Cimt is the direct out-of-pocket charge,Timt the total time multiplied by an o�cial value-

of-time (VOT), and A imt a vector of qualitative attributes (crowding, reliability, comfort)

weighted by parameter
 . Generalised cost underpins both mode-choice models and the

bene�t�cost appraisal of transport schemes. Extending on that logic, I recast the metric so

that the �value� of each trip varies not only with distance and time but also with its purpose

and the traveller's demographic pro�le�ready for aggregation back into the scheme-level

NPV.

Uipmt = � p + � dD it + � � Tit + � >
X X i + " ipmt (2.8)

where Uipmt is the latent utility (or �value�) of selecting modem for purpose p on

origin�destination pair i in year t; � p is a purpose-speci�c constant that captures intrinsic

motivation; D it and Tit denote, respectively, the network distance and travel time for tripi

in year t; X i is a demographic attribute vector (e.g. income, age, car ownership);� X is the

corresponding parameter vector of demographic weights; and" ipmt is an i.i.d. Extreme-Value

error term that yields the multinomial-logit form.

2.4 Analytical Approaches and Models

The following analytical approaches are the baseline models used to conduct the research for

this thesis. Each model is introduced to discuss to understand its purpose, relevance, and

reason for their use and modi�cation in the methodology. The combination of the models

can also build upon previous works of research and writing that have only employed a single

approach, which might have led to less-than-optimal results or have left details undiscovered.
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2.4.1 Spatial Models

Emphasizing more on time rather than distance, Time-Based (Scheduling) Models investigate

how individuals allocate �nite measurements of time to di�erent activities:

nX

i =1

Ti = Ttotal (2.9)

whereTi is the time spent on activity i and Ttotal is the overall time constraint/budget.

While this model presents how people divide their time between di�erent activities, it lacks

the inclusion of spatiotemporal costs.

Gravity models are another well-regarded method of spatial interaction analysis; they

predict the �ow's intensity of interaction between two locations, while decreasing with

distance:

Tij = k �
Pi � A j

(dij )

(2.10)

HerePi and A j represent the demographic or economic masses at origini and destination

j , dij is the distance (or generalized cost) between them,
 is a decay parameter, andk is a

calibration constant. While the Gravity models are great at capturing aggregate trip patterns,

they are not as useful with individual-level decision processes with multiple variables.

2.4.2 Multinomial Logistic Regression Model

Multinomial Logistic Regression (MNL) became a standard in discrete choice modeling, due

to its ability to address individual choice directly, especially for mode selection (McFadden

1974; M. Ben-Akiva and Lerman 1985; Train 2009). The MNL model expresses the probability

of choosing optioni amongJ alternatives as:

P(choice= i ) =
exp(Vi )

P J
j =1 exp(Vj )

(2.11)
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whereVi is the utility (often a linear function of travel cost, time, and socio-demographic

variables) for alternative i . This framework brilliantly models how individuals respond

to spatiotemporal costs, but it might be limited in matching real-world behavior due to

its main assumption of Independence of Irrelevant Alternatives (IIA), the relative odds of

choosing between two options should not change if an additional irrelevant option is added

or removed. To make the model more realistic, the models of nested�grouping of similar

alternatives�and mixed logit�random variation that excludes IIA�were introduced and

developed (Koppelman and Wen 1998; Wen and Koppelman 2001; Grigolon and Verboven

2014).

2.4.3 Machine Learning

Machine Learning (ML), particularly graph-based or network-oriented methods, adds a data-

driven layer, and predictions and patterns can be obtained even in the presence of nonlinear

relationships or large-scale datasets. As Fabio Duarte states, �machine learning methods

ranging from convolutional neural networks to deep neural networks, deep cascades, and more

recently generative adversarial networks are increasingly used in urban planning and urban

tech� (Duarte and Álvarez 2019). An ML approach is particularly useful for this research

to model the complex behaviors and formulating patterns without requiring prespeci�ed

functional forms, given the complex dimensionality and large scale of the datasets. Vladimir

Vapnik, a pioneer in the �eld of statistical learning, proposed Empirical Risk Minimization

(ERM), which minimizes average loss across observed instances, is the foundational principle

guiding most supervised learning methods (Vapnik 1991).

Remp(g) =
1
N

NX

i =1

L
�
yi ; g(x i )

�
(2.12)

Here,g(x i ) represents the model's predicted output for inputx i , yi is the true outcome,

and L is a loss function which quanti�es the deviation between predicted and the actual
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result. This design permits adaptable creation of models for complex connections amongst

the variety of variables, this modeling works well when linked occurrences or environmental

elements present di�culties to precise equation formation. Machine learning o�ers high

predictive power and excels at complex pattern recognition, combined with the other models

it provides the computational depth needed in analyzing individual and aggregate travel

decisions.

2.5 Urban Contexts

Andres Svetsuk stated that �every built environment contains a spatial order, which determines

relationships of proximity and adjacency between di�erent buildings, public spaces, and

routes that connect them. These relationships in�uence how di�erent circulation routes are

utilized, how visible or connected public spaces are, or how conveniently buildings are located

with respect to one another� (Sevtsuk 2013). Each unique urban form conditioned by its

planning leads to advantages and burdens, using �urbanization occupies a puzzling position�

according to Patricia Clarke Annez, the tools we use to resolve societal, infrastructural, and

environmental problems create novel consequences that will require new solutions (Annez

and Buckley 2009). With time, these attempts have advanced, as Fabio Duarte states

�unprecedented quantities of data combine with high-performance computers to produce a

series of increasingly powerful tools� are leading to the rapidization of a continuous cycle of

dynamic development, providing eternal opportunities for research and strategy (Duarte and

Álvarez 2019).

The development of complex and connected network routes and transit systems through

urbanization provided people with convenience, accessibility, and e�ciency. However, it also

introduced unprecedented levels of disruption, division, and congestion. The results of these

systems created patterns of cultural norms and long-standing habits, eventually using those

patterns as a north star when planning the development of new cities. The appearance of
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the motor vehicle increased pressure for road improvement, which led to a comprehensive

car-centric development of shaping cities to integrate road and highway systems (Southworth

and Ben-Joseph 2013). However, to counter the dependence on cars and the consequences

associated with vehicles, cities have incorporated improved infrastructure that is supportive

of cycling and walking within urban areas. The incorporation of di�erent options led to the

formation of di�erent preferences that are shaped by built environments, with the ability to

weigh and consider alternatives based on objective measures. With consideration of urban

heterogeneity, I provide a comparative analysis of the historical formation of physical and

social blueprints of the cities researched in this thesis

Los Angeles, California

The post-World War II car-centric approach to developing immense freeway projects to

rapidly expand California led to an iconic automotive culture that has become a notorious

part of Los Angeles's social and physical identity (Loukaitou-Sideris 2013). Aside from being

the entertainment capital of the world and a hotspot for American wild�res, one of the most

popular features of Los Angeles is its tra�c. With its famous expressways, routes, boulevards,

avenues, and even alleyways, Los Angeles has become the archetype for U.S. car-centered

urban sprawl (Carlston and Wei 2024). Despite having one of the largest rail systems in the

nation that could alleviate the overwhelming levels of congestion, the culture has cemented

cars as the integral mode of transportation for daily mobility for a majority of the population,

while transit ridership remains relatively low (Richmond 1998).

Los Angeles's popularity invited ethnic diversity, with di�erent backgrounds residing in

neighboring dense urban clusters, each shaping their physical atmospheres to emulate their

unique culture (Varnelis 2012). The city has the third-largest GDP in the world, but is

humbled with signi�cant income disparities that make people navigate neighborhood choices

based on the varying tolerances to rent, leading to a series of trade-o�s between location and

travel (U.S. Bureau of Economic Analysis 2024). As a result, many people are compelled
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to make hours-long, tra�c-heavy trips due to the urban form's long roads and widespread

locations of importance/interest.

New York City, New York

New York City is the economic capital of the world and an urban model for developing

and competing cities (Wang and Gorina 2018). Mayor John Hylan, Chief Engineer William

Barclay Parsons, and �nancier August Belmont Jr. propelled the modern development of

the extensive subway system (Hood 2004). The high density lowers the utility for a car,

residents can relying on their feet and active public transit for a lifetime (Salon 2009). The

cityscape's heterogeneity was introduced by Robert Moses's vision to transform the city to

appeal to automobiles over mass transit, leading to the construction and public funding of

hundreds of miles of expressways, parkways, bridges, and tunnels (Caro 1974). The transit

network fades in di�erent boroughs where cars are necessary or preferable, due to the city's

inter-connectivity, cars are present everywhere throughout the city.

The city's density and complexity makes each borough and neighborhood is a world of

its own. The socio-economic disparities create distinct pockets where the transit-centric to

auto-centric decisions �uctuate, from short multi-modal routes within a neighborhood to

complex journeys throughout the city. The spatial density hosts a complex demographic

diversity, with patterns varying block by block as disparities neighboring each other have

their own trade-o�s between rent and commute time.
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Chapter 3

Data Sources and Methods

3.1 Overview of the Datasets

There are a total of six datasets being utilized in this thesis, with two datasets per city, each

of the two representing a season with timestamps recorded in January and August in 2022.

The series of principal datasets consists of individuals' anonymized records of high-resolution

mobile GPS provided by their mobile providers. Each trip includes O�D coordinates and

location type, trip distance and duration, age and income range, and geometry.

In the �nal processed version, each row of data represents a single observed trip with the

relevant columns used for analysis and visualizations being the mode of travelpred (0 =

walk, 1 = bike, 2 = bus, 3 = car, 4 = train), unique user and trip identi�ers ( cuebiq_id

(anonymized user identi�er) andunique_trip_num (unique sequence number for each trip)),

demographic indicators (age (median age bracket) and income (household income category)),

spatial and temporal details (start_lat , start_lng , end_lat , end_lng (the latitude and

longitude of each trip's O�D), start_zoned_datetime , end_zoned_datetime (timestamps),

traj_distance (the total distance of the trip), and duration (the total travel time)), and

geometry bu�ers (geometry_O_buffer , geometry_D_buffer (polygons re�ecting the 200-

meter bu�ers around the trip O�D)).
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The O�D of each trip (labels are preceded with �O_poi_� and � D_poi_�) is associated with

trip purpose, with the focus on destination to understand the purpose of the trip, regardless

of the origin. The columns were put into category bins based on their nature. The leisure

category includes �D_poi_Bar�, � D_poi_Casual_Dining�, and �D_poi_Entertainment �. The

essentials category includes �D_poi_Grocery�, � D_poi_Airport �, � D_poi_Pharmacy�, and

� D_poi_Financial_Services �. To mitigate the skewness of results due to the dominance of

car trips in the data, columns within this category that are almost exclusively car-related

or associated with cars, speci�cally �D_poi_Fuel� and � D_poi_Gas_Stations�, were �ltered

out. The emergency category includes �D_poi_Hospitals � and � D_poi_Urgent_Care�.

3.2 Built Environment Data

3.2.1 Seasonal Mobile GPS Trajectory

As opposed to traditional, self-reporting travel surveys, mobile GPS data records real trip

behaviors in real time. Movement patterns are recorded in periodic intervals, providing

insights of trip length, time-of-day preferences, and mode selection variation. Spatiotem-

poral smoothing protocols minimize the likelihood of re-identi�cation to align with proper

ethical for human subjects research. To observe seasonal variation, two distinct two-week

periods�August 1�15 (Winter 2022) and January 15�29 (Summer 2023)�were collected

for each city. Focusing on these individual intervals creates a balanced snapshot of travel

behavior under contrasting climatic conditions, unconstrained by the need for continuous

year-round monitoring. Los Angeles and New York were selected due to the availability of

rich data and their contrasting climates, urban arrangements, and transit availability.
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3.2.2 Trip Identi�cation and Mode Assignment

Trip information has been supplied by the hundreds of thousands of unique users. Observed

trajectories present single O�D movement, trip endpoints are inferred automatically when

a user's device is stationary for a predetermined duration or crosses a maximum allowable

distance threshold within a short period. The number of trips that emulate real-life travel be-

haviors is produced from this inference process, creating unique trips by separating continuous

movement.

A specialized mode detection algorithm leveraging speed pro�les, acceleration charac-

teristics, and path geometry was adapted from prior research on mobility classi�cation was

applied. The original algorithm identi�ed the highest accuracy of daily trips for automobile

and pedestrian travel, with lower accuracy for the other modes of travel. The proportionality

of focus for this research will re�ect the level of algorithmic accuracy. The ancillary �elds

such assegment_numberassist in tracing each step back to its raw trajectory data.

3.3 Sources and Measurement Strategies

The 3Ds (density, diversity, and design), established by Robert Cervero in 1997 to analyze

mode choice, will be collectively captured by employing multiple public data sources to

explore how urban variables in�uence mode choice (Cervero and Kockelman 1997).

3.3.1 U.S. Census Data

The updated and accessible U.S. Census will serve as the �rst major resource through its

population statistics at small geographic scales at the most recent Census Block Group (CBG)

level. The population data based on areas of the home address, measures residential density

and is linked to a block group's total area to calculate a population density metric. This data

is critical for measuring how many people live in proximity to a given trip endpoint.
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Density, denoted asD i , for block groupi , is de�ned as the ratio of the adjusted population

Pi to the land areaA i , such that D i = Pi
A i

. To enhance spatial precision, block group population

estimates are augmented by incorporating sub-block-group data when feasible. Trip endpoints

are �rst allocated to their respective block groups before calculating density. The resulting

measure represents people per square mile. Higher population density is hypothesized to

be associated with increased pedestrian activity, suggesting a greater likelihood of walking

relative to driving. This approach aims to minimize the loss of localized variation that may

occur when relying solely on Census block group-level data. Despite minor timing deviations

that may be present between the Census data publications and GPS data, the population

distribution's steady nature on the block group scale indicates a temporal o�set unlikely to

manipulate the analysis.

3.3.2 OSM and POI Data

OpenStreetMap (OSM) features a variety of multimodal networks and points of interest

(POIs) to provide rich, volunteer-generated information, including geospatial layers and

shape�les. Measures for design, characterized by the share of pedestrian-friendly paths

relative to paths in the immediate vicinity of a trip's endpoint, and distance, characterized

as the number of transit stops within a 200-meter radius, o�er a �ne-grained assessment of

distance and accessibility. The underlying assumption is that if a location has a high number

of transit stops within a short walking distance, one might be more inclined to choose a

non-automobile mode. The level of detailed POI data varies between cities with OSM. To

obtain a more comprehensive representation and detailed POIs of local amenities that may

govern mode choice, the GPS trajectories from the mobile data is integrated. These trip

purpose category columns document the mode counts, including absence as null values, of

speci�c POI types. The di�erentiation of leisure and essential amenities produces a dataset

with a high-precision account of functional land use, this is crucial to analyzing why some

neighborhoods promote a higher frequency of quicker car rides or walking trips.
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The approach of calculating distance to transit covers diversity based on accessibility.

This entropy-based approach measures an individual's environment based on short distances

to evenly distributed POI categories. The proportion of each category relative to the total

number of POIs is calculated to produce an entropy weight. This weight increases with the

number of categories present and the balance among them. Conceptually, a location with a

heavier weight o�ers multiple accessible amenity types, possibly incentivizing travelers to walk

for multiple trip purposes. Euclidean distance to the closest transit stop is complementarily

measured, however, I focus on transit stop density for a more complete representation of

transit availability. Although the mode detection algorithm does not speci�cally identify bus

or train usage, the presence of abundant transit options can still in�uence broader travel

behaviors and potentially encourage walking in tandem with transit usage.

3.4 Data Limitations and Consolidation Controls

3.4.1 Limitations

The multi-dimensional, granular dataset samples were large (exceeding 30 GB) and required

an A100 GPU and an abundant amount of computation units to process and manage

computational load. While the data is rich, abundant, and precise to produce insightful

results, it poses a signi�cant caveat: the lack of accuracy of modes of travel other than cars,

which account for over 80 % of trip counts. Furthermore, the datasets hold a sampling bias

due to a constricted scope by only capturing travelers who carry their mobile devices and

have opted into location sharing, which may introduce some sampling bias. These caveats

could lead to results that are heavily biased and skewed, requiring consolidation controls to

minimize the potential negative impact.
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3.4.2 Consolidation Controls

Re�nement, Integration, and Aggregation

To reduce the risk of re-identi�cation, the labels are aggregated to broader segments as

median age (e.g., �45�54�) brackets and estimated annual household income brackets (e.g.,

�$50,000�$99,999�). Users displaying inconsistencies or absence in demographic labels were

removed from the �nal analytic sample. All outlier trips that displayed implications of

unrealistic route patterns or travel speeds were excluded to preserve data quality. Each user

required at least one prede�ned count of a valid trip across both seasons (e.g., a minimum

threshold to guarantee strong user-level estimates). A feasibility check removed any trips

with implausible speeds or distances, or trips that displayed spatial jumps incompatible with

normal travel. A small sub-group of trips with incomplete spatial coverage (e.g., the device

lost signal mid-trip) was also excluded.

Consistency checks were performed for missing or erroneous bu�er calculations, guaran-

teeing that the �nal dataset includes only trips for which all relevant metrics are available.

Further normalization steps were performed to facilitate a uni�ed analysis by converting each

POI variable into a quantile distribution (a total of 1 000 quantiles generated). This allows a

comparable scale to control for the inherent di�erences (raw density) in absolute values and

avoid overshadowing important variations across the distinct urban contexts. To account

for broader city structure, the geodesic distance from each city's downtown centroid was

controlled to aid in di�erentiating the unique e�ect of local diversity and density (due to the

e�ect that occurs from an individual's proximity to the urban core). Including these controls

improves the analysis's ability to isolate how micro-scale built environment features in�uence

travel mode, independent of a location's proximity to the city center.
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Weighting Procedures

Weighting procedures were incorporated in subsequent analyses due to the dataset's inherent

imbalance of trip count (individuals traveling more than others). Additionally, di�erent

calculations were performed to assign di�erent weights to the conditional variables, such as

age and income since age counts hold lower numerical values compared to income counts, they

were balanced to generate a more realistic score. The per-basis descriptions and procedures for

weighting are explained more in-depth in the Methodology section. Each weighting procedure

was re�ned (at a threshold to avoid distorting the accuracy) and continually tested through

trial-and-error and analyzed for potential biases.
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Chapter 4

Methodology

To investigate how mode choice is in�uenced by the interplay of spatiotemporal cost, demo-

graphic pro�le, and trip purpose, I adopted a three-pronged analytical strategy:

1. Spatial Analysis , which encompasses a Time and Distance Analysis and a Spatial

Interaction Model (Gravity Model), o�ers a foundational interpretation of travel be-

haviors and patterns through a direct analysis of the individual trip's spatiotemporal

characteristics to uncover macro- and micro-scale forces shaping mobility.

2. Statistical Analysis , employs a Multinomial Logistic Regression (MNL) equation

and model to systematically quantify how certain predictors shape the probability of

selecting one mode over another. This approach provides reasoning for the data by

establishing a structured assessment of how individuals controlled by their demographics

weigh their spatiotemporal costs when making a decision for transportation mode based

on their destination category.

3. Deep Learning and Machine Learning-based Analysis , utilize Graph Neural

Networks (GNN) and Extreme Gradient Boosting (XGBoost) to capture the complex

structural and feature-based patterns to understand the spatial and tabular predictors

impact on mode choice, with a higher accuracy than conventional models.
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Sharing the same underlying trip-level data sources and only di�ering in their inter-

pretations and modeling, the three methods complement each other to provide descriptive

insights that improve our understanding of mode choice. The holistic combination of methods

captures underlying constraints and emergent patterns that is grounded, predictive, and

relational on the mechanisms that shape mobility decisions integrated with spatiotemporal

structure dynamics.

4.1 Spatial Analysis

4.1.1 Time and Distance Analysis

Torsten Hägerstrand, a renowned Swedish geographer who was notable for his work in

time geography, introduced the concept of the �space-time prism� to illustrate how physical,

temporal, and societal constraints shape human activity patterns (Miller 2017). This concept

inspired my decision to conduct a time and distance analysis to understand the people's travel

patterns by analyzing factors of movement to set the stage for interpreting the spatiotemporal

cost.

Data Assembly and Cleaning for Time-Distance Metrics

I set latitude and longitude limits based on the metropolitan boundaries of each city to

ensure that out-of-city trips were not included to avoid inaccurate results. I �ltered the data

for relevant columns to focus solely on time and distance. I analyzed Euclidean distances

and the trajectories to examine the true network distances following actual travel paths by

incorporating OSM shape�les. Finally, I converted the original data from meters and seconds

to miles and minutes.
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Exploratory Analysis and Modeling Spatiotemporal Distributions

I generated trip-related histograms through kernel density estimation (KDE), revealing that

most trips tend to cluster in shorter duration intervals and tend to be shorter distances;

I reanalyzed this based on the city's layout of networks routes and decay curves which

allow for higher speeds or congestion. I form a spatiotemporal scatter plot to present the

positive correlations between the two variables. As timestamps of departure adds a layer of

complexity due to peak hours and potential seasonal impacts, I extracted the exact hours from

the dataset (start_zoned_datetime ). This supplementary analysis aids in understanding

distance friction and time consumption.

4.1.2 Spatial Interaction Model (Gravity Model)

To supplement the de�ciency of capturing how di�erent zones interact in the previous spatial

analysis, I deploy a Spatial Interaction Model (Gravity model), a technique for linking trip

numbers to O�D size (Fotheringham and O'Kelly 1989). This helps understand distance

decay parameters and positions the spatiotemporal cost as a control variable by excluding it

(Nakaya 2001). The Gravity Model uses Newton's law of gravitation as a basis, stating that

zones with larger populations generate more trips, treating distance as the force of friction

(Nijkamp and Reggiani 2012). I have modi�ed the original equation for universal gravitation

to �t the scope of the research and dataset:

Tij =
Pi Pj

d�
ij

(4.1)

Tij is the modeled �ow between origin (i ) and destination (j ), with Pi ; Pj representing

the demographic weights (population proxies) overdij which is the distance between the

origin (i ) and destination (j ) (trip distance or centroid-to-centroid), with � as the calibrated

distance-decay parameter.
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Model calibration requires �nding the best distance-decay parameter� . This was found

through repeated trial and error. Basic linear numbers were used to apply demographic

weights, with values of 0.1 for age and 0.05 for income, to scale-normalize income. This

is intended to o�er a clear and understandable approximation of how people in�uence

trip generation and attraction. The linear numbers introduce demographic-segmentation

measurements into the model.

Data Preparation for the Gravity Model

Before deploying or calibrating the Gravity Model, I aggregated the trips from the rows

into zone-based �ows from thestart_block_group_id and end_block_group_id columns

to map each trip's O�D to distinct zones. The zones are scaled to suit previous studies

mentioned in the Data Sources section of this thesis. With each trip assigned to a zone

pair, I develop an O�D matrix to summarize how many trips occur from the origin zonei to

destination zonej and calculated distancedij . Next, the mass or attractiveness measure is

appended to each zone based on the population's demographic segmentation. I developed

the code to include placeholders that can be replaced to include more demographic factors

(other than income and age) if further research is done with more available data.

Model Speci�cation, Calibration, and Interpretation

The Gravity Model calibration involves decay function selection and parameter estimation,

determining the decrease of interactions with the increase of distance, I narrowed it down to

the implication that network �ow will drop proportionally to the distance raised to d� , based

on the equation I built. As mentioned, �nding a suitable or optimal� value involves iterative

methods. I considered log-transforming the equation, then running a linear regression to

see which exponent �ts the datasets best. After identifying a� , I create �ow estimates and

compare them to the original O�D matrix to determine accuracy. A zone pair that di�ers

from the model prediction indicates speci�c transportation infrastructure (e.g., commuter
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rail or campuses), which the standard demographic mass doesn't take into account.

After calibrating the model, I interpret the parameters to �nd which zones exert the

greatest pull and how strongly the spatiotemporal factor dampens interaction. Steepness of

the � indicates spatiotemporal-averseness; a lower exponent implies a greater willingness to

travel a farther distance. The �ow maps from the model reveal dominant corridors where

trip intensity is notably higher. I also create �ow lines to illustrate lines between O�D points

within the geodataframe to help visualize the �ows on a static map. This also helps locate

any remaining outliers in the model since it will clarify if certain zones produced extremities,

indicating that a location includes a major attraction that is boosting travel more than

what the population factor would predict, or if a location is hard to access due to a lack of

connectivity from inadequate networks (Jenny et al. 2018).

Concluding Observations for the Spatial Analysis

The spatial analysis provides a descriptive and explanatory perspective on travel behavior,

presenting how distance, duration, and timeframes, with additional external factors (e.g.,

congestion), can shape movement across the city. This dual-layered approach captured both

large-scale urban patterns and small-scale behaviors, presenting how a city with an intense

distance decay could encourage compact travel because of congestion or urban density, while

a city with widespread travel networks could encourage longer trips, even with more variation

during peak hours. The histograms and scatterplot, origin�destination matrix construction,

and gravity-model calibration forms a solid spatial analysis framework to understand trip

trajectories and �ows. However, the addition of additional variables through discrete-choice

models will allow me to expand on �ndings, which is why I proceed with a multinomial

logistic-regression model to get a deeper analysis of the decision-making behind the presented

travel patterns.
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4.2 Multinomial Logistic Regression Model

Model Speci�cation

Using the spatial foundations established and building on Daniel McFadden's Nobel prize-

winning work in developing the theoretical basis for discrete choice, I now shift to a statistical

analysis (McFadden 1981). Discrete-choice models are grounded in random-utility theory,

�tted for the assumption that each traveler compares a �nite menu of mutually exclusive

alternatives and selects the one that maximizes personal utility (Cascetta 2009). When the

idiosyncratic component of that utility is distributed the resulting closed-form probability

takes the MNL shape (Bhat 2005). With this in mind, I develop an MNL equation to model

the probability P(y = j ) of selecting transportation modej as follows:

P(y = j ) =
eVj

P J
k=1 eVk

; Vj = � 0j +
pX

i =1

� ij X i (4.2)

I created binary �ags based on the categories of trip purpose (Leisure, Essentials, and

Emergency). With the addition of the category of �Other� for any POI destinations that

were unclear or too ambiguous (e.g.,D_poi_other ). These binary indicators enter the utility

function of each mode as individual variables, allowing the model to estimate the distinct

in�uence of each trip purpose on mode choice. They are included in the general linear utility

formulation:

Vj = � 0j + � 1j Distance+ � 2j Duration

+ � 3j Age+ � 4j Income+
8X

k=5

� kj TripReasonk

(4.3)

whereTripReasonk represents the binary variables for opportunity, leisure, essentials, and

emergency. The �other� category is absorbed into the model intercept and does not receive

its own coe�cient.
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To summarize the discussion above, the model-architecture diagram below presents an end-

to-end schematic of the multinomial-logit framework developed for this thesis. Reading from

left to right, the diagram shows how the three groups of explanatory variables�spatiotemporal

cost, traveller demographics, and trip-purpose �ags�enter the mode-speci�c utility functions.

Those utilities are then passed through the soft-max operator to yield a probability distribution

over all available modes, after which the alternative with the highest probability is interpreted

as the chosen form of travel.
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Utility Functions (V)

Mode 1 (e.g., Public Transit)

V1 = � 01 + � 11�Dist + � 21�Dur + � 31�Age

+ � 41� Inc + � 51�Opp + : : : + � 91�Other

Mode 2 (e.g., Walking)

V2 = � 02 + � 12�Dist + � 22�Dur + � 32�Age

+ � 42� Inc + � 52�Opp + : : : + � 92�Other

Mode 3 (Car � Reference)

V3 = 0

(All � coe�cients = 0 for reference)

. . . and so on for other modes
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Probability Calculation

Softmax Formula

P(y = j ) =
eVj

P
k eVk

Mode Probabilities

P(Mode 1) =
eV1

Z

P(Mode 2) =
eV2

Z

P(Mode 3) =
eV3

Z
...

P(Mode K ) =
eVK

Z

whereZ =
P

k eVk (normalisation
factor)

P
j P(Mode j ) = 1
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Table 4.1: Multinomial-logit processing pipeline: from raw inputs to choice probabilities.

Preliminary Diagnostics and Variable Conditioning

A rigorous modelling framework begins with an equally rigorous review of the raw variables

that will enter the utility formulas. Before any models or plots, the log-transformed distance

and duration�along with median age and median income�were examined to establish

empirical bounds and central tendencies. For log-duration, the minimum and maximum

were recorded, exponentiated, and found to span from under a minute to over three hours.

Applying the same procedure to log-distance showed geographic spreads from roughly1
10 of

a mile to about 55 miles. This con�rms that a single functional form must accommodate
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both short neighbourhood errands and inter-metropolitan journeys. Because time and

distance form the spatiotemporal composite, con�rming scale compatibility was essential:

had durations extended to multi-day trips or distances shown implausible geodesic errors,

the additive composite would have required re-weighting. Both ranges proved acceptable

for day-trips, validating the decision to pair time (minutes) with distance (miles) at a �xed

1�10 mile-minute ratio and sum them into the composite spatiotemporal-cost index. To

form the demographic structure, I segment the age variable into seven 10-year bins (20s

through 85+) to ensure enough observations for meaningful income comparisons. Median

income climbs steadily�though more slowly�from the 20s to the 50s, then plateaus and

falls in retirement. This pattern justi�es weighting age at 0.6 and income at 0.4 in a single

demographic composite: age re�ects accumulated driving experience and network familiarity,

while income proxies mode choice via car ownership and time valuation (opportunity cost).

The exploratory summaries in�uenced the contour-grid design. Because the 85th percentile

of log-duration has a value near 90 minutes, I capped the duration-purpose interaction grids

to not extend past three hours to avoid allocation of lattice resolution to probability regions

that the model would not use for prediction. Similarly, since the samples' incomes rarely

exceeded $250 000, I truncated the income axis in the income-purpose plot to end at that

amount. The purpose was to maintain colour resolution where observation density is greatest.

Table 4.2: Observed Minima and Maxima of Key Variables

Dataset Distance (mi) Duration (min) Age (yr) Income ($)

Min Max Min Max Min Max Min Max

LA (Jan) 0:0 258:30 1:0 544:02 18 74 1 000 249 999

LA (Aug) 0:0 225:39 1:0 568:10 18 74 1 000 249 999

NYC (Jan) 0:0 224:38 1:0 717:40 18 74 1 000 249 999

NYC (Aug) 0:0 272:36 1:0 686:37 18 74 1 000 249 999
Notes: Distance converted to miles, duration to minutes. Durations � 0 were �oored at 1min.
Income values are mid-points of survey brackets.
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Table 4.3: Average Income ($) per Age Group

City Month 18�30 30�40 40�50 50�60 60+

LA Jan 95 072 98 885 125 770 114 185 86 936

Aug 93 953 99 191 126 268 115 629 85 130

NYC Jan 104 858 103 128 130 606 115 326 86 949

Aug 106 105 105 881 135 948 120 688 87 105
Notes: Income values (USD) represent the average income per age bin for each city and month. Values are
calculated from individual-level mid-points based on categorical brackets.

The combined review of age ranges and their average earnings aided in preventing

multicollinearity. The broadly linear income-with-age trend suggested that removing either

variable could result in a loss of distinct behavioral data. But a plateau after middle age

signaled that an unsophisticated linear approach to age could overstate purchasing-power

outcomes for more senior groups. Such preliminary details guided each following modeling

choice.

Data Preprocessing

The raw two-week GPS samples found in each of the datasets was read into a pandas

dataframe. To avoid multicollinearity, I dropped two destination columns related to fuel and

gas stations, due to their heavy bias towards cars; this decision was validated by analyzing

the datasets and recognizing that every trip made to these selected destinations were done

exclusively by cars. To guard against path-speci�c column naming di�erences, I performed

an errors='ignore' function to have the code skip over missing columns without crashing.

After loading the series of datasets, I generated summaries for each dataset to analyze the

record counts, units, extreme values, and other statistics.

Since age and income were categorical strings, I converted the ranges to midpoint values.

The spatiotemporal variables were standardized, by dividing the raw trajectory length values

(which were in meters) by 1 609.34 to convert them to miles and dividing the raw duration
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values (which were in seconds) by 60 to convert them into minutes for better presentation

(Standards and Technology n.d.[a]; Standards and Technology n.d.[b]). I stored each adjusted

value of the spatiotemporal variable in a di�erent label to preserve the raw values, this was

strategically done to con�rm the plausibility of the changes and conversions after plotting each

version (one with the adjusted values and one with the raw values) during the early stages

of research and modeling. I aggregated the POI by setting up keyword arrays that listed

every POI column whose name signalled a particular trip purpose, creating the �ve Boolean

�ags�opportunity, leisure, essentials, emergency, and other�with the �other� �ag acting as

a catch-all category. The predictor column which identi�ed the mode of transportation taken

for the trip was converted to an integer to match the format that scikit-learn's multinomial

logistic model expects (Pedregosa et al. 2011). The four continuous predictors (the converted

spatiotemporal variables and the adjusted demographic variables), the four main purpose

dummies (destination categories), and the target label (mode of transportation) form the

core modelling set. I then cleaned and �ltered the core columns to drop any missing value to

form the �nal version of the datasets.

Distance and duration were highly skewed, so logarithms of the miles and minutes were

computed to have a Gaussian distribution:

log_distance = ln( distance_miles+ 1) ; log_duration = ln( duration_min + 1) : (4.4)

These new values replace the raw values in the list of features. No additional polynomial or

interaction terms were created to keep the baseline model simple and interpretable.

Model Development and Training Protocol

The model training starts with an 80/20 data split, 80 % for training plus 20 % for testing;

this split keeps all the di�erent transportation types evenly represented. To allow the code

to be reproduced for future research, I employed a �xed random seed. Because the split
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operates row-wise, trips from the same individual could appear in both the training and

test sets, but I clustered the standard errors at an individual level to avoid overstating the

model's accuracy. The numerical features were scaled solely on the training part to prevent

any of the testing data from accidentally in�uencing the trained model before scaling both

sets so that the test set remains as unseen data; binary columns were left unchanged. Before

modeling, I performed a sanity check to analyze the absolute number of training and test

samples and the relative class distribution in the training set. This con�rmed that roughly

20 % of observations were held out and that modes of transportation that appeared rarely in

the datasets were preserved.

Two logistic models were trained, a canonical multinomial logistic-regression model with

balanced class weights which estimates a single likelihood over all alternatives and rests

directly on random-utility theory, and a one-vs-rest ensemble with four separate binary

classi�ers.

P(y = j ) =
exp(Vj )

P J
k=1 exp(Vk)

; Vj = � 0j + x� j : (4.5)

Pj (y = j j x) =
1

1 + exp
�
�

�
� 0j + x> � j

�� : (4.6)

Training both models allowed me to study the trade-o� between theoretical neatness

and discrimination on new, unseen data (higher-accuracy alternative). I created confusion

matrices in the form of heat maps with logarithmic scaling to complement the tabular metrics.

For the rest of the methods, I used the standard multinomial logistic regression because it

models all travel modes together in one uni�ed framework.

Building Di�erent Analysis Types

First, I begin with a coe�cient analysis, producing simple feature impact heatmaps with

listed values for easier interperation. For for cross-mode scanning, I organize the rows for
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transportation mode and columns for the adjusted predicting spatiotemporal and demographic

variables. To complement the heatmaps and showcase the details, I create an additional

visualization for the same results, radar graphs.

Second, to analyze the predicted probabilities of each travel mode and how the predictions

relate to behavior, I create faceted Kernel Density Estimate (KDE) plots for each transporta-

tion mode, adding up to 100%. The modes are measured by the frequency (how many times

a predicted probability value occurs in the data, not the actual number of trips, but how

densely those probabilities are grouped). I adjusted the scales to be logarithmic to visualize

the clear di�erences and enable a full view of each plot (otherwise, the visualizations of the

modes that occur less in the datasets would either be extremely small or disappear).

Third, since the KDEs only outline the distribution of probabilities but do not present

how those probabilities relate to the original predictors, I constructed mode-strati�ed box

plots for the four continuous variables. They show central tendency and dispersion, with

outliers having a lower impact than they do on kernel density estimation curves.

Finally, to show the probability of choosing a car (the dominant mode of transportation)

based on the changes of the continuous variables, a series of contour plots are mapped for

each focal variables while keeping the other variables �xed at representative values. Then, the

two related variables form a composite (the age and income variables form the demographic

composite and the distance and duration variables form the spatiotemporal composite). The

procedure begins by coercing every variable that enters the model into numeric form. Then,

a trip purpose score is computed as the simple arithmetic mean of the four binary �ags to

create a bounded index on[0; 1] that measures how �mission-driven� a journey is. This score

becomes the common y-axis across all contour plots, ensuring that every surface is interpreted

against the same behavioural baseline. After that I focus on each individual variable's impact,

by creating a grid of 2,500 combinations by pairing 50 of selected values with 50 purpose

values, while keeping all other variables at their median levels. This was repeated for each

variable. For the spatiotemporal variables, the model used log values for prediction, but
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presents them as regular units (miles and minutes) for clarity. After that, to form the two

related variables to form the composites, the demographic composite and the spatiotemporal

composite:

D = 0:6agemid + 0:4
�

incomemid

2000

�
; (4.7)

Income was divided by 2,000 so its scale matches age, and a 0.6 / 0.4 weight was used

because age tends to matter more than income (once many people own cars).

S = distancemi +
durationmin

10
; (4.8)

A 1:10 ratio was used to treat 1 mile and 1 minute as equally important, based on a

60 mph speed. This combined measure was rescaled to range from 0 to 1, then plotted

against trip purpose. Both composite scores were rescaled to a 0�10 range to make it easier

to compare with trip purpose. The �nal plots presented how socioeconomic status and travel

burdens determine the likelihood of driving, depending on how important the trip is. Through

this exhaustive contour analysis the thesis moves beyond single-point predictions to map

the full hypersurface of car-choice probabilities. In every type of analysis I generated both

visualizations and written summaries and statistics for transparent numerical revision to

run quick diagnostics for data-quality issues such as negative probabilities or implausible

predictor ranges.

Potential Limitations and Data Requirements (MNL)

The model is limited by both its data source and the assumptions built into its structure.

The data has an under-representation because the travel data is collected from smart phones

with location-sharing enabled, shadowing anyone without this speci�c type of mobile device

or anyone who has tracking turned o�. Similarly, additional issues arise due to the uneven

mapping data which potentially misclassi�es trip purposes due to its focus on certain
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socioeconomic statuses and speci�c areas within the cities. The model is limited by its

assumptions of IIA and of linear e�ects that may oversimplify real behavior.

4.3 Deep Learning and Machine Learning-based Analysis

4.3.1 Graph Neural Networks

To begin with, I convert the trajectory data into a form that a message-passng neural network

can understand (in this case, a graph neural network (GNN)) then train a two-layer graph

convolutional network (GCN) to predict travel mode. Two parallel versions of the dataset

were used for this methodological approach, the �rst was the original dataset to re�ect the

reality of imbalances, and the second was a sampled (balanced) dataset which gave each mode

of transportation an equal representation during the training. To achieve a balanced dataset

with a similar number of trips for each mode of transportion, I duplicated modes that happen

infrequently (walk, bike, bus, train) and decreasing the dominating amount of car trips. After

that, the changed datasets are combined and shu�ed to train the model for it to learn about

all modes at the same level, instead of mostly learning about cars. I also tested the model

with the original dataset to see how it really works, by testing it on the true share of each

mode, it makes the process safer for deployment but can negatively impact the training

model's accuracy. Comparing both results allows stakeholders and decisionmakers to examine

and understand the bene�ts of the balanced data since the reality of mode transportation in

the di�erent cities is more diverse than what the data has collected.

To prepare the data for the GNN, I dropped any empty rows and �ltered out any

extremities. I converted the travel-mode names to integers, ordered the age and income

ranges numerically, and standardised the distance and duration values. The �nal output is a

feature matrix, a label vector, and trip coordinates. With these outputs the model builds

a k-d tree that returns the �ve closest trips for each trip based on spatial proximity; the

neighbour pairs form a graph.
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Comparison of GNN Mode Classi�cation Example � Los Angeles (August)

(a) (b)

Figure 4.1: Side-by-side comparison of the graph-neural-network mode classi�cation for the
Los Angeles (August) sample. Each point is a trip origin, colour-coded by the predicted mode
(blue = walk, orange = bike, green = bus, red = car, purple = train).

After training the model for 1 000 epochs with Adam optimisation, the logitszn are

converted to probabilities, wherepnj is the probability that node n belongs to modej .

:

pnj =
exp(znj )

P 5
k=1 exp(znk )

: (4.9)

To curb residual imbalance, training minimises a focal loss with per-class weighting. For

a single node that loss is

L focal = � � y
�
1 � pny

� 

logpny ; (4.10)

with inverse-frequency weight� y, focusing exponent
 = 2:0, and pny the soft-max

probability of the true classy. An Adam optimiser steps through 1,000 epochs; strati�ed

masks hold out 20 % of nodes for validation and 20 % for �nal testing, recording both training

and validation loss each round.

The model predicts each node's mode on the held-out test mask after training. To

account for the car-heavy imbalance, the I measure each performance for accuracy, precision,
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recall, and F1-score are with macro weighting. To investigate the most signi�cant inputs, I

back-propagate the loss and take the average absolute gradient (which indicates its reliance on

the speci�c variable, the larger the gradient the higher the reliance) for each feature. Finally,

all the data is split by trip purpose, I run the same come for cleaning, GNN training, and

creating separate models for any trip purpose that contains 1,000 trips. The result is that

the model produces importance scores, visualized as grouped bar charts to understand the

relative impact of the variables. For example, leisure has a lower tolerance to long distances

than urgency.

Graph-Convolutional Network of Datasets

(a) Graph-Convolutional Network (GCN)

(b) Node-feature and adjacency-�ow schematic

Figure 4.2: Two-layer GCN (top) with its corresponding node-feature and adjacency-�ow
schematic (bottom).
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GNN Conclusion and Limitations

While the GNN approach is an Arti�cial Intellgience-based alternative that provided a strong

empirical performance, it does have its limitations. Unlike the spatial analysis which measured

the trajectories, the spatial construction of the GNN relies entirety on geographic proximity

which is measured by a straight-line distance (Euclidean). This approach only reaches a useful

approximation when forming the assumption that patial adjacency re�ects behavioral or

functional similarity, but does not take into account the reality of the networks and obstacles

in transportation's infrastructure. Using exactly �ve nearest neighbors can miss links in

crowded city centers and create weak links in sparse areas. This could be mitigated, improved,

or even addressed in future research through adaptive neighborhood construction, however,

it is not explored in this thesis. Furthermore, like any analysis, the model is constricted to

the quality and substance of the data. Inaccurate, bias, or missing data can weaken the

model and force it to produce skewed results. Incorrect spatiatemporal coordinate and false

or vague demographic ranges can misrepresent true socioeconomic patterns and gradients.

While this is countered with balalncing the data for dominant vs. rare occurrences of modes,

limitations remain of how far one can push for balanced data as performance on extremely

rare classes remains sensitive to sampling noise to the point that it might inject arti�cial

samples that may no longer re�ect real-world frequencies. This is more likely to happen when

the datasets are smaller, which is not the case for this research, however, conversely large

datasets such as the ones used for this research impose pracitical limits on size which strain a

GNN's model memory and compute requirements.

The approach of balanced and original data was a strategic introdcutory exploration into

using a deep learning approach, allowing the di�erent stakeholder to focus on speci�c trip

purposes by presenting how deep learning can e�ectively blend the di�erent variables into a

model. It helped clarify the direction to proceed in, solely using the sampled data for the

next machine learning method, extreme gradient boosting for a higher accuracy on rare travel

modes by training it with balanced datasets.
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4.3.2 Extreme Gradient Boosting

As described by its creator Tianqi Chen, extreme gradient boosting (XGBoost) is "scalable

end-to-end tree boosting system...handles all sparsity patterns in a uni�ed way� (Chen and

Guestrin 2016). This machine learning algorithm is being adopted to deal with the datasets

due to their complex, non-linear relationships, with mixed data types and missing values

that traditional logit models miss. To predict trip's travel mode using its GPS path with all

the continuous variables on balanced datasets, the e�cient and repetitive parallel training of

gradient-boosted trees allows me to analyze many of the city-season subsets and produce

interpertable results.

Balance Strategy and Feature Engineering

As discovered in the methodology of GNNs, the balanced dataset produces better results.

Additionally, boosted trees lack the graph structure that helped the GNN learn from sparse

classes, and weighting the minority rows wasn't enough to �x the problem�so balancing the

data beforehand is essential for fair, useful predictions. They also don't include an explicit

neighbourhood aggregator, minority nodes cannot borrow information from peers (similar

trips) and the performance would rapidly degrade into majority-class guessing, in this case it

will always predict cars. By training on balanced data instead, we remove that bias and let

real city-to-city di�erences�not sampling quirks�drive the results.

The process is more straightforward of adjusting the travel-mode categories, developing

the features, training the models and producing the results before moving onto another

dataset. By handling each city-season �le in isolation, it stops potential overlaps which could

overstate the accuracy. Each evaluation reveals how well it functions for a particular season

and urban city. Consequently, a hybrid resampling routine,

D � =
�

D#
3(n) [

[

k6=3

D "
k(n)

�
shu�e

(4.11)
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is applied to every �le, whereD#
3(n) down-samples the majority class (label 3) ton

observations andD "
k(n) up-samples every remaining class to the same cardinality. The target

size is set to 500,000 rows for all the datasets except the dataset for Tampa in August with

only 300,000 rows to match its smaller footprint. After concatenation, the rows are shu�ed

to decorrelate class order.

The data cleaning procedure discards any trip without a mode, distance, time, age, or

income. This a�ects under 1% of the rows. The travel-mode label, age band, and income

band are converted to integers to allow the model to process them while time, encoded

age, and encoded income are standardized to have a mean of 0 and a standard deviation

of 1. These steps are done to achieve a feature table with four standardized numbers and

one encoded label, while the target vector stores the �ve travel-mode classes as integers.

Numerical predictors are linearly standardized so that

X =
�
z(traj_distance); z(duration); z(age); z(income)

�
; y 2 f 0; : : : ; 4g (4.12)

Model Speci�cation, Training, and Evaluation

To begin with, the model's settings were �ne-tuned only once using the New York January

dataset, the largest dataset from the collection of datasets, by running 200 Bayesian-search

trials. The best trade-o� appeared at 300 boosting trees, a depth of 10, a learning rate of

0.10, and 80% subsampling of both rows and columns; these settings became the standard

and duplicated for the other datasets to ensure the results remained comparable. Training

minimises the multinomial negative log-likelihood

L (� ) = �
1
N

NX

n=1

5X

k=1

1[yn = k] logP� (yn = k j xn ); (4.13)

whereP� is the soft-max probability emitted by the ensemble. Each balanced corpus is

partitioned into an 80 % training and 20 % testing fold via strati�ed sampling; 5 random

seeds repeat the split and reveal stability (the StDev of macro-F1 never exceeds 0.002).
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Tree-Ensemble Example (New York City � January)

Figure 4.3: First tree in the ensemble �tted to the New York City (January) sample. Splits
use standardised predictor thresholds; red edges denote the �yes� branch and blue edges
denote the �no/missing� branch. Leaf values are log-odds contributions.

Synthesis and Implications

XGBoost tests demonstrate that tree ensembles�trained on balanced samples with standard-

ized variables�can achieve strong and accurate category identi�cation in areas where class

traits are distinct. While the performance is impressive, it's not absolutely perfect, especially

for more complex and behaviorally mixed cities like New York City. This process also shows

the limit of learning that only uses balanced data, if the original data is reintroduced then

recall rates will decrease for smaller groups and the model will turn to using majority-class

methods (cars).
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Chapter 5

Empirical Analysis

The objective of my empirical analysis is to estimate how spatiotemporal cost and demographic

segmentation shape mode choice depending on the purpose of the trip, exploring whether a

speci�c variable carries more signi�cance than others. The results of the spatial, statistical,

and machine-learning analysis will be presented through a comparative approach that provides

a comprehensive view of the di�erent urban patterns.

5.1 The Spatiotemporal Structure of Cities

Among the two cities, a regular trip lasts approximately 8�9 miles for 15�25 minutes in

both seasons, suggesting a mutual baseline for average daily trips, despite strikingly di�erent

topographies. The characteristic that di�erentiates the cities is the activity occurring past the

median band. New York's right tail extends the farthest: commuter-rail riders, higher-income

suburban households, and summer tourists boost up the longest recorded journeys over 270

miles and eleven hours, and the seasonal jump in standard deviation (� +3 mi; +3:6min) is

the highest of the three metros. Although physically larger, Los Angeles diminishes quicker

because its polycentric job lattice shortens many cross-county trips and its majority auto-

oriented travellers use routes or departure times as replacements prior to tolerating extreme

durations (Glaeser and Kahn 2004).
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Distance and duration is consistently and diagnostically tightly linked in both cities. Los

Angeles, while almost as linear, incorporates beach-oriented leisure tra�c in August which

levels o� the slope somewhat by including mid-distance trips that arise during slow-moving

congestion. New York holds the loosest coupling and the widest array of outcomes: platform

waits, multimodality, and network crowding inject variance that pure spatial separation

cannot explicate. The lower section of the scatter con�rms mode mix: 75 mph freeway traces

in Los Angeles versus a 50 mph rail-plus-street composite in New York. Temporal rhythms

reiterate these structural di�erences.

Table 5.1: Quartile and Dispersion Statistics for Paired Distance�Duration Values

p25 Median Mean p75 SD � dist,dur

Dataset Dist Dur Dist Dur Dist Dur Dist Dur Dist Dur

LA (Jan) 4.50 15.92 8.11 22.87 11.59 27.51 14.91 33.78 11.22 18.99 0.694674
LA (Aug) 4.51 16.25 8.31 23.78 12.01 29.07 15.51 36.02 11.83 20.99 0.737321
NYC (Jan) 4.19 16.50 7.92 24.00 11.63 29.44 14.63 36.25 11.95 21.08 0.683231
NYC (Aug) 4.33 17.25 8.33 25.80 12.88 32.57 15.86 40.43 14.19 24.72 0.722215

Note: �Dist� = trip distance (miles); �Dur� = trip duration (minutes). p25, Median, Mean, p75, and
SD are reported for each city�season sample.� dist,dur is the Pearson correlation between distance
and duration for the same trips.

Table 5.2: Trip Start-Time Extremes (24 Hour Clock)

City Month Peak hour Peak count Low hour Low count

Los Angeles January 22 97 770 11 3 042
Los Angeles August 22 51 179 10 1 684
New York City January 19 185 895 8 6 107
New York City August 18 96 000 7 3 763
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There are three statistical stipulations that qualify these impressions. First, a handful of

negative durations (timestamp inversions) live on in the raw �les but have been winsorized in

regression runs. Second, a small set of extreme outliers is present in each city�the bulk of

which is made up by airport transfers; they in�ate averages by one to two miles and minutes

but do not manipulate medians. Third, inter-quartile ranges are unevenly widened by season:

+1.7 mi in New York and +0.6 mi in Los Angeles, rea�rming the notion that only New

York's network is truly elastic to summer leisure demand.

Combined, the evidence presents spatiotemporal cost as the primary screen through

which income and age express themselves via mode choice. Higher-income and often older

suburbanites in New York swap out time for rail-mediated access to dense job clusters,

in�ating the long-duration, long-distance tails; their counterparts in Los Angeles mostly avoid

such extremes due to freeway networks and decentralised employment centres preserving door-

to-door costs within a self-contained basin. Seasonality intensi�es these patterns�tourism

lengthens and slows New York itineraries, while leisure tra�c pushes Los Angeles outward.

Thus, income and age matter most to the extent that they situate travellers within or past

the cost thresholds placed by each city's network design and physical layout; where those

thresholds are low, demographic segmentation yields unvarying car use, and where they are

high yet surmountable by transit (New York), the richest modal mix is produced as well as

greatest variance in journey length and time.

The trajectory maps con�rm the gravity-model's �nding that each city's built form and

transport supply impose distinct distance frictions. In Los Angeles (August) movement

radiates along the freeway lattice toward multiple sub-centres, so trips that leave the neigh-

bourhood rapidly escalate into corridor-based journeys served almost exclusively by roads. By

contrast, New York City (January) sustains a dense web of short and intermediate trajectories

anchored to the Manhattan core and its rail trunks, compressing e�ective distances and

tempering distance decay even in winter.

65



Exploratory Trip Statistics � Balanced August Sample

(a) Trip-distance distribution (b) Trip-duration distribution

(c) Distance vs. duration (d) Trip start-time distribution

Figure 5.1: Time-and-distance analysis: (a) trip-distance, (b) trip-duration, (c) distance vs.
duration, (d) trip start-time. Top row = January; bottom = August. Left column = Los
Angeles (orange); right = New York City (blue).
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Trip-Trajectory Network � Los Angeles (August)

Figure 5.2: Gravity Model Results of Map of Trajectories for all trips in Los Angeles during
the August time period sample, sorted by distance (miles).
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