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EVALUATING TRAVEL MODE DECISIONS AND TRANSPORT MODELS
IN UNDERSTANDING TRANSIT EQUITY: THE CASE OF
GREATER TORONTO AND HAMILTON AREA

SUMMARY

In recent decades, the incorporation of equity considerations in the transportation
domain and the equity analysis of transport projects and policies are rapidly increasing.
These approaches mainly include travel behaviour analysis with equity indicators and
the socioeconomic impacts of transport investments on individuals. Accordingly, the
cost and benefits of transport investments for residents are evaluated. Moreover,
travellers’ travel behaviour, daily activity patterns, and travel mode decisions are
estimated through their trip chains analysis. These assessments can offer a broad
perspective on individuals’ travel needs and constraints. They also offer valuable
insight for transportation planners and policymakers in understanding how different
transport investments impact society. Therefore, they enable authorities and planners
to develop equitable transport policies and travel demand management to address
various environmental problems.

This dissertation focuses on understanding how different socioeconomic groups
plan their daily trips and reports important findings on their responses to transport
investments, aiming to improve individuals’ activity participation and alleviate
travel barriers. The study also evaluates travel behaviour and mode use models
and investigates the potential of machine learning algorithms for travel behaviour
prediction in the Greater Toronto and Hamilton Area (GTHA), one of the largest and
fastest-growing regions in Canada.

The primary data source used for this study is the 2016 Transportation Tomorrow Survey
(TTS) dataset, a large-sample household travel survey including a one-day household
travel diary conducted in the Greater Golden Horseshoe Area. The TTS data is a part
of an ongoing data collection program started in 1986 and is collected every five years.
This regional survey is conducted to travel demand management, and it can use for
transportation planning programs and models.

In the first step, this study explores how income and car-ownership levels determine
activity patterns and travel decisions of travellers using an aggregated form of activity
type and travel mode as a unit of trip chain analysis. A presumption-free clustering
framework is leveraged to mitigate the subjectivity of rule-based approaches for trip
chain analysis. This approach extracts the homogeneous clusters of activity patterns.
Second, the impacts of transit improvements in low-income communities are explored
based on the assumption that transit investments could result in changing travel mode
use and generating more transit and fewer car trips. Such analysis is performed by
exploring the association between transit use and transit accessibility improvements

XX1il



using stratified regression models. Lastly, the effects of travel behaviour models are
evaluated in terms of their predictive performance in policy-making and transportation
planning. This study investigates how the model selection affects the prediction
of transit use and compares the predictive performance of traditional and Machine
Learning (ML) algorithms. Then, it evaluates a transit investment policy by contrasting
the predicted activities and the spatial distribution of transit trips generated by the
vulnerable households after improving accessibility.

The findings of this study reveal that income and car-ownership levels influence a
traveller’s travel decisions and change their mobility patterns. The findings show that
females, regardless of income or car ownership, frequently take transit in their daily
trip chains. Among low-income carless individuals, most of their daily trips include
the mobility of care, where women more often than men play this traditional role in a
household by either public transit or a car as a passenger. In the low-income car-owner
subsample, females still use public transit for their work trips, whereas males regularly
use the household’s car to commute to work. It confirms that women benefit less from
having access to a car in families with a shared private vehicle. Males of wealthy
carless households integrate public transit and active transportation for their daily trips
when they live in high-density and more accessible neighbourhoods.

Furthermore, evaluating transit improvements in low-income communities shows
that low-income households with one or more cars per adult have the most elastic
relationship between transit accessibility and transit use; they are more likely to be
transit riders if transit improves. However, in auto-centric areas with poor transit, the
transit use of low-income households drops off sharply as car ownership increases.
It implies that low-income car-owning households might become too reliant on their
vehicles as soon as they own them. Moreover, the sensitivity analysis exploring how
changes to accessibility affect transit trip generation highlights that the accessibility
gains in the region provide more opportunity for increasing transit ridership among
car-deficit households when transit is improved. Therefore, the analysis suggests
some insight into engaging individuals in taking transit and resulting in overall transit
ridership in the region.

Given the model selection, the results show that ML algorithms outperform all
other statistical models and have great potential for enhancing travel behaviour
predictions without sacrificing interpretability. Random Forest (RF), XGBoost (XGB),
and Neural Networks (NN) classifiers and regressors significantly outperform other
algorithms. Among them, RF is the most accurate approach for predicting low-income
families’ transit demand according to its predictive performance. However, statistical
models perform poorly when forecasting transit users’ behaviours. Further, the
spatial distribution of newly generated transit trips after transit improvements is not
identical; thus, traditional models may arrive at a different, probably inaccurate, policy
recommendation in addressing social, spatial, and environmental problems. Moreover,
applying model-agnostic interpretation tools to ML models shows that these techniques
can uncover each model’s underlying process, which was supposed to be a “black
box”. All in all, ML models demonstrate significant improvement in accuracy and

interpretability.

The findings point out that understanding and estimating individuals’ travel decisions
and preferences with a reliable model enables policymakers to establish an appropriate
transit framework that benefits low-income people and alleviates transit inequality in

XXiv



society. This study suggests that evaluating individuals’ travel behaviour in terms
of their income and car-ownership levels may give a new and different outlook on
transport planning in metropolitan cities. Overall, a fair transportation investment that
meets environmental, economic, and social goals necessitates a thorough understanding
of different socioeconomic groups’ travel requirements and responses. The findings
help planners rethink transport policies and strategies that increase activity participation
and reduce environmental impacts.
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TOPLU TASIMADA ESITLIGI ANLAMAYA YONELIK OLARAK YOLCULUK
TURU KARARLARININ VE ULASIM MODELLERININ DEGERLENDIRILMESI:
BUYUK TORONTO ALANI VE HAMILTON BOLGESI VAKA CALISMASI

OZET

Son yillarda, ulasim alanina esitlik konularinin dahil edildigi ve ulasim projelerinin
ve politikalarinin degerlendirilmesinde esitlik temelli analizlerin yaygin bir sekilde
yer aldigi goriilmektedir.  Bu yaklasimlar temel olarak esitlik gostergeleri ile
yolculuk davranig analizini ve ulagim yatirimlarinin bireyler tizerindeki sosyoekonomik
etkilerini icermektedir.  Buna gore ulasgim yatirimlarmin maliyet ve faydalar
degerlendirilmektedir. Ayrica, yolcularin davraniglari, giinliik aktivite kaliplar1 ve
seyahat tiirii kararlari, yolculuk zincirleri analizi yoluyla tahmin edilmektedir. Bu
degerlendirmeler, bireylerin yolculuk ihtiyaclar1 ve kisitlamalari hakkinda genis bir
perspektif sunabilir. Ayrica, farkli ulagim yatirrmlarinin toplumu nasil etkiledigini
anlama konusunda ulasim planlayicilar1 ve politika yapicilar icin degerli bilgiler
sunarlar. Bu nedenle, yetkililerin ve plancilarin cesitli ¢evresel sorunlar1 ele almak
icin adil ulagim politikalar1 ve seyahat talebi yonetimi gelistirmelerini saglar.

Bu tez, farkli sosyoekonomik gruplarin giinliik gezilerini nasil planladiklarim
anlamaya odaklanmakta ve bireylerin aktivite katilimini artirmayir ve seyahat
engellerini hafifletmeyi amaglayan ulagim yatirimlarina nasil yanit verdiklerine iligkin
onemli bulgular1 rapor etmektedir. Calisma ayrica seyahat davranmigi ve ulagim
tirii kullamim modellerini degerlendirmekte ve Kanada’nin en biiylik ve en hizh
biiyiiyen bolgelerinden biri olan Greater Toronto ve Hamilton Bolgesi’'nde (GTHA)
seyahat davranigi tahmini i¢in makine 6grenmesi (machine learning) algoritmalarinin
potansiyelini aragtirmaktadir.

Bu calisma ic¢in kullanilan birincil veri kaynagi, Greater Golden Horseshoe Bolgesi’nde
yiirtitiilen bir giinliik yolculuk giinliigiinii iceren biiyiik 6rneklemli bir hane halki seyahat
anketi olan 2016 Ulastirma Yarin1 Anketi (Transportation Tomorrow Survey - TTS) veri
setidir. TTS verileri, 1986’da baslatilan ve her bes yilda bir toplanan devam eden bir
veri toplama programinin bir parcasidir. Bu bolgesel anket, seyahat talep yonetimi i¢in
yapilmistir ve ulagim planlama programlar1 ve modelleri icin kullanilabilir.

IIk adimda, bu ¢alisma, bir yolculuk zinciri analizi birimi olarak toplu bir etkinlik
tiirii ve seyahat tiirli bicimini kullanarak, gelir ve ara¢ sahipligi diizeylerinin
yolcularin etkinlik modellerini ve seyahat kararlarini nasil belirledigini aragtirmaktadir.
Yolculuk zinciri analizi i¢in kural tabanhi yaklagimlarin 6znelligini azaltmak icin
varsayimsiz bir kiimeleme cercevesi kullanilir. Bu yaklasim, homojen aktivite kaliplari
kiimelerini gikarir. Ikincisi, diisiik gelirli topluluklardaki toplu tagima iyilestirmelerinin
etkileri, toplu tasima yatirnmlarimin yolculuk tiirii kullaniminmi degistirebilecegi ve
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daha fazla toplu tasima ve daha az otomobil yolculugu iiretebilecegi varsayimina
dayali olarak arastirilmaktadir. Bu tiir bir analiz, katmanli regresyon modelleri
kullanilarak toplu tagima kullamimi ile toplu tasima erisilebilirligi iyilestirmeleri
arasindaki iligkiyi aragtirmaktadir. Son olarak, seyahat davranist modellerinin etkileri,
politika olusturma ve ulasim planlamasindaki 6ngoriilii performanslart agisindan
degerlendirilmektedir. Bu ¢alisma, model se¢iminin ge¢is kullaniminin tahminini nasil
etkiledigini arastirmakta ve geleneksel ve Makine Ogrenmesi (ML) algoritmalarinin
tahmin performansimi karsilastirmaktadir.  Ardindan, erisilebilirligi iyilestirdikten
sonra hassas haneler tarafindan olusturulan toplu tasima yolculuklarin mekansal
dagilimin1 ve Ongoriilen faaliyetleri kargilastirarak toplu tagima yatirnm politikasin
degerlendirmektedir.

Bu calismanin bulgulari, gelir ve ara¢ sahipligi diizeylerinin yolculuk kararlarini
etkiledigini ve hareketlilik modellerini degistirdigini ortaya koymaktadir. Bulgular,
kadinlarin gelir durumlarindan veya araba sahibi olmalarindan bagimsiz olarak, giinliik
yolculuk zincirlerinde siklikla topplu tasima kullandiklarimi gostermektedir. Diisiik
gelirli arabasiz bireyler arasinda, giinliik yolculuklarin ¢ogu, kadinlarin erkeklerden
daha sik olarak toplu tasima veya araba ile yolcu olarak gerceklestirilen bakim
hareketliligini icerir. Diisiik gelirli otomobil sahibi gruplar alt 6rneginde, kadinlar
is yolculuklari i¢in hala toplu tasima araclarini kullanirken, erkekler ise gidip gelmek
icin diizenli olarak haneye ait olan otomobili kullanmaktadir. Kadinlarin ortak 6zel
araci olan ailelerde otomobile erisimden daha az yararlandigim1 dogrulamaktadir.
Otomobilsiz yiiksek gelirli hanelerdeki erkek bireyler, yiiksek yogunluklu ve daha
erisilebilir mahallelerde yasadiklarinda, giinliik yolculuklart i¢in toplu tasima ve aktif
ulagimi entegre ederek kullanmaktadir.

Ayrica, diisiik gelirli topluluklardaki toplu tasima iyilestirmelerinin degerlendirilmesi,
yetigkin bagina bir veya daha fazla otomobil bulunan diisiik gelirli hanelerin toplu
tasima erisilebilirligi ile toplu tasima kullanimi arasinda en esnek iliskiye sahip
oldugunu gostermektedir; toplu tasima iyilesirse, toplu tasimay1 kullanmalar olasidir.
Bununla birlikte, ulasimin zayif oldugu ara¢ odakli bolgelerde, diisiik gelirli hanelerin
toplu tagima kullanimi, araba sahipligi arttikca keskin bir sekilde diismektedir. Bu
durum, diisiik gelirli otomobil sahibi hanelerin, araglarina sahip olur olmaz cok fazla
bagiml hale gelebilecegini ima etmektedir. Ayrica, erisilebilirlikteki degisikliklerin
toplu tasima yolculuk iiretimini nasil etkiledigini arastiran duyarlilik analizi, bolgedeki
erisilebilirlik kazanimlarinin, ulagim iyilestirildiginde, otomobil eksikligi olan haneler
arasinda toplu tasima yolcu sayisim artirmak igin daha fazla firsat sagladigim
vurgulamaktadir. Bu nedenle, analiz, bireyleri toplu tagimaya katilmaya ve bolgede
genel toplu tasima yolculugunu artirmaya yonelik oneriler sunmaktadir.

Model secimi goz Oniine alindiginda, sonuglar, ML algoritmalarimin diger tiim
istatistiksel modellerden daha iyi performans gosterdigini ve yorumlanabilirlikten 6diin
vermeden seyahat davranisi tahminlerini gelistirmek icin biiylik potansiyele sahip
oldugunu gostermektedir. Rastgele Orman algoritmas: (RF), XGBoost (XGB) ve
Sinir Aglar1 (NN) siniflandiricilar ve regresorleri, diger algoritmalardan 6nemli dl¢iide
daha iyi performans gostermektedir. Bunlar arasinda RF, tahmin performansina gore
diistik gelirli ailelerin transit talebini tahmin etmek i¢in en dogru yaklagimdir. Ancak,
toplu tasima kullanicilarinin davraniglarini tahmin ederken istatistiksel modeller zay1f
performans gosterir. Ayrica, toplu tasima iyilestirmelerinden sonra yeni olusturulan
toplu tasima yolculuklarinin mekansal dagilimi ayn1 degildir; bu nedenle, geleneksel
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modeller sosyal, mekansal ve ¢evresel sorunlari ele alirken farkli, muhtemelen yanlis bir
politika Onerisine ulasabilir. Ayrica, ML modellerine modelden bagimsiz yorumlama
araglarinin uygulanmasi, bu tekniklerin her modelin bir “kara kutu” olmas1 gereken
temel siirecini ortaya c¢ikarabilecegini gostermektedir. Sonuc¢ olarak, ML modelleri
dogruluk ve yorumlanabilirlikte 6nemli bir gelisme gostermektedir.

Bulgular, bireylerin yolculuk kararlarini ve tercihlerini giivenilir bir modelle anlamanin
ve tahmin etmenin, politika yapicilarin diisiik gelirli insanlara fayda saglayan ve
toplumdaki toplu tasima esitsizligini azaltan uygun bir toplu tasima cercevesi
olusturmasina olanak tanidigina isaret etmektedir. Bu caligma, bireylerin yolculuk
davraniglarin1 gelir ve ara¢ sahibi olma diizeyleri agisindan degerlendirmenin biiyiik
sehirlerde ulagim planlamasina yeni ve farkli bir bakis agis1 kazandirabilecegini
disiindiirmektedir. Genel olarak, cevresel, ekonomik ve sosyal hedefleri karsilayan
adil bir ulasim yatirimi, farkli sosyoekonomik gruplarin seyahat gereksinimlerinin ve
davraniglarinin kapsamli bir sekilde anlasilmasini gerektirir. Bulgularin, plancilara
yol gostererek, bireylerin aktivitelere katilimi artiran ve cevresel etkileri azaltan
ulagim politikalarin1 ve stratejilerini yeniden diislinmelerine yardimci olacagi iimit
edilmektedir.
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1. INTRODUCTION

1.1 Chapter Overview

This chapter provides an overview of the equity-based transportation planning and travel
behaviour models. Section 1.2 discusses the background of the study, and Section 1.3
lists the research objectives and focus. Section 1.4 provides the main research questions

of the thesis. Lastly, the structure of the thesis is summarized in Section 1.5.

1.2 Background

Travellers aim to reach their desired destinations or engage in activities at different
locations. To forecast this travel demand, planners and researchers often require a
comprehensive understanding of the travellers’ trip decisions and activity patterns.
Despite several definitions, a trip chain in this study is considered as a composition
of consecutive activities scheduled over a period of time, started and terminated at
home (Primerano, Taylor, Pitaksringkarn, & Tisato, 2008). The analysis of these trip
chains (also known as tours (Bowman & Ben-Akiva, 2001; Krizek, 2003)) allows travel
demand planners and policymakers to examine how individuals plan their daily trips
and which factors may influence their travel decisions (Strathman, Dueker, & Davis,
1994; Currie & Delbosc, 2011a). It also uncovers its consequent impacts on the number

of stops, trip sequences, distance traveled, time allocation, and travel mode use.

Identifying the individual daily activity patterns regarding their socioeconomic
characteristics and land use variables is a key dimension in transport planning.
In recent years, growing attempts have been made about the mobility needs of
low-income communities, who are at the risk of transport disadvantage (Lucas,
2012; Martens, 2016). These groups usually experience disproportionate accessibility
barriers (Tiznado-Aitken, Lucas, Mufioz, & Hurtubia, 2020) and have experienced an
extensive relocation into the suburbs in many cities due to increasing decentralization or

suburbanization (Hulchanski, 2010; Hochstenbach & Musterd, 2018; Allen & Farber,



2021). In Canada, several studies show that the lack of transportation services in
inner suburbs hinders low-income individuals’ ability to participate in activities (Foth,
Manaugh, & El-Geneidy, 2013; Allen & Farber, 2020b). Accordingly, a broader
understanding of the daily trip chains and travel patterns of low-income populations
would give a better overview of their travel behaviour, decisions, and needs. Stratifying
low-income people with homogeneous travel decisions can help develop inclusive and
targeted transport projects. Furthermore, improving mobility equity and unlocking
suppressed activity of low-income groups have the potential to help them overcome

social exclusion difficulty and benefit from transport policy decisions.

By the same token, transportation equity advocates recommend improving public transit
in low-income neighbourhoods to alleviate socio-spatial inequalities and increase the
quality of life. However, transit infrastructure investments historically have largely
focussed on attracting choice riders in an effort to take cars off the road, and reap
congestion and environmental benefits (Bhattacharjee & Goetz, 2012; Carey, 2002;
Pucher, 2002). As a result, many socioeconomically disadvantaged communities,
home to transit-dependent populations, were largely overlooked during the transit
planning processes of the post-war era. The rationale is that investing in low-income
neighbourhoods, where transit ridership is already very high, would be less likely to
result in mode-shifting, congestion relief, and environmental benefits. More recently,
justice and equity objectives for transportation investments are receiving growing
attention in both research and planning practice. The focus is shifting towards the
alleviation of transport disadvantages to encourage fairness in the opportunity for

people to reach daily activity destinations.

With the justice turn in transportation planning, much more information is now available
about the social benefits of achieving more equity in the distribution of transit benefits
among population groups, including rationales grounded in theoretic (Lucas, 2012;
Martens, 2016) and empirical work (Allen & Farber, 2020b; Stanley et al., 2011). But
in striving for equity, must planners put aside their desires to similarly achieve the
conventional benefits of congestion relief and environmental benefits? How true is the
received wisdom that investments in “transit-dependent” communities will not result
in sizable benefits associated with growth in transit mode share? This study argues

that too little is known about the degree of transit demand in low-income communities,



and how sensitive low-income populations are to transit accessibility improvements.
More research is needed to better understand whether the social goals associated with
low-income transit investments can align with the congestion and environmental goals

associated with growing transit mode shares.

A transport planning model plays a key role in evaluating, estimating, and managing
changes in behavioural patterns. Accurate modeling of travel behaviour is an important
component in transportation planning and travel demand management. For decades,
extensive efforts have been devoted to identifying and improving methods in travel
behaviour research, including such watershed moments as the derivation of discrete
choice models, the shift from trip-based to activity-based models, and, more recently,
experimentation with “big data” and Machine Learning (ML) methodologies. These
technical and theoretical advancements go hand in hand with developing more nuanced
understandings of the travel needs and revealed travel outcomes of different members
of the population. From a social justice perspective, improving model accuracy is
therefore vitally important to understand how different people respond to different types
of changes in their transportation and land use environment and, accordingly, how to
better plan for the needs of historically marginalized communities. Within justice-based
transportation planning, travel behaviour models help researchers predict activity and
travel behaviour outcomes associated with transit investments, which help planners
evaluate the equity implications of different planning scenarios. Moving beyond the
typical buffering exercises involved in US-based Title VI and Environmental Justice
analyses, travel behaviour-based assessments examine how transit investments unlock
potential for higher life quality. It can be done by forecasting, by population segment,
behavioural responses such as changes in auto-ownership, transit mode share, and

out-of-home activity participation rates.

1.3 Research Objectives

Building on the discussion provided in Section 1.2, this thesis follows three main

objectives in association with the transportation and equity concept.

e First, this study investigates the travel pattern of different households within the

Greater Toronto Area and Hamilton and examines how income and car-ownership



levels affect their travel decisions and behaviour. Particularly, it explores whether
there are travel pattern differences between carless and car-owners of low- and
high-income households. To do this, a new approach for detecting and clustering
travel patterns of people is used. The aggregation of activity types and transport
mode used as the unit of analysis is considered. This analysis of trip sequences as
a whole gives precise insights into individuals’ travel preferences and constraints.
Moreover, it offers a more comprehensive framework to evaluate which transport

policies can yield benefits or impose burdens on different population groups.

Second, the importance of considering traditional goals in conjunction with those
of social equity through travel behaviour change in low-income neighbourhoods
is discussed. Accordingly, this thesis investigates how different income and
car-ownership groups respond to transit accessibility improvements. Further, it
explores the extent to which transit investments in low-income neighbourhoods are
likely to increase transit use, therefore reducing vehicle kilometers traveled (VKT),
traffic congestion, air pollution, and other externalities. Consequently, the findings
can guide planners and policy-makers to take account of transit investments in
low-income neighbourhoods for alleviating both transport and financial burdens
while reaping the societal benefits of positive environmental and congestion

outcomes.

Finally, this thesis aims at making a methodological contribution to transportation
planning and policy-making. The study assesses the potential for using ML-based
travel behaviour models to accurately predict travel behaviour responses to transit
investments among marginalized populations.  Moreover, it investigates the
interpretability of ML models compared to the traditional approaches. Since the
1980s, most mode-choice problems have been addressed and modeled by traditional
discrete choice models — e.g., multinomial logit. However, ML’s flexibility in
dealing with non-linearity and capturing complex and previously undiscovered
relationships between input and output variables makes them promising for modeling
heterogeneous travel behaviour patterns. To the best of our knowledge, there have
been few efforts that examine the pros and cons of using ML models within

equity-focused research and planning. The end of this study is to discover how



the potential forecasting accuracy benefits of ML approaches stack up against their
potential drawbacks, namely, that they are not derived from behavioural theory, and

do not provide easily interpretable relationships between input and output variables.

1.4 Research Questions

The research questions are classified into three main parts to expand the discussion
with respect to each research objective. This thesis answers each research question in

its dedicated chapter as follows.

(1) Investigating how income and car-ownership levels determine activity patterns

and mode choice decisions (see Chapter 5)
(RQI1-1) How does car-ownership affect the trip chaining behaviours of low-income
communities?

(RQ1-2) How do the trip chaining decisions of low-income households differ from

those of high-income households?

(2) Exploring how transit investments affect mode choice decisions of households

with different income and car-ownership levels (see Chapter 6)
(RQ2-1) To what extent can transit investments in lower socio-economic
neighbourhoods enhance transit mode share?

(RQ2-2) To what extent are low-income car-owners sensitive to transit improvements

and shift their travel mode use?

(3) Analyzing how the model selection (e.g., statistical and ML algorithms) in-
fluences travel behaviour prediction, transportation planning, and policy-making

(see Chapter 7)

(RQ3-1) How accurate are MLL models compared to traditional models in predicting

travel behaviour in response to transit investments?

(RQ3-2) To what extent are ML models interpretable?



1.5 Thesis Structure

This first chapter provides an introduction to the thesis. The contents of the following

chapters are summarized below.

e Chapter 2 discusses the transportation and equity concept, reviews travel behaviour
literature, debates transit investments and mode shift decisions, and provides an
overview of several models used for travel behaviour analysis in transportation

planning.

e Chapter 3 introduces the study area for undertaking the analysis. It also provides a

description of the data source used and a descriptive summary of the dataset.

e Chapter 4 describes the algorithms used for the analyses within the scope of this
thesis. The chapter sheds light on the structure of the models estimated in the next

chapters of the thesis.

e Chapter 5 explores how travel patterns of households in the Greater Toronto
and Hamilton Area differ by different income and car ownership levels using a

cluster-based framework.

e Chapter 6 extends the scope of the study undertaken in Chapter 5 and investigates
whether transit investments can affect transit trip generations of residents,
particularly low-income car-owners. This work is covered in a paper titled
“Can transit investments in low-income neighbourhoods increase transit use?
Exploring the nexus of income, car-ownership, and transit accessibility in Toronto”,
published in the journal of Transportation Research Part D: Transport and

Environment (Yousefzadeh Barri et al., 2021).

e Chapter 7 builds on Chapter 6 and analyzes how the model selection affects travel
behaviour estimations, taking transit trips, while comparing statistical and ML

models.

e Chapter 8 concludes the thesis and summarizes the findings of the studies. It provides
policy recommendations according to the results obtained from the experiments,
discusses the limitations on conducting the study, and suggests directions for future

works.



2. LITERATURE REVIEW

2.1 Chapter Overview

This chapter provides an overview of the main research areas related to the studies
undertaken within the scope of this thesis. Section 2.2 opens a brief discussion on
the transportation network and its social impacts, Section 2.3 reviews studies about
the travel behaviour and patterns of travellers. Section 2.4 debates whether transit
investments in low-income communities may shift travel modes, and Section 2.5 focuses
on methods used in travel behaviour analysis. Section 2.6 points out the gaps in the

literature and the contribution of this thesis in filling these gaps.

2.2 Transportation Planning and Equity

Mobility and the ability to travel are the essential requirements of individuals in their
everyday lives. The primary advantage of transportation infrastructure is (should
be) to enhance this ability and allow all people to travel without any difficulties. In
this way, any difficulties, defects, or deprivation in transport systems will create an
improper situation for mobility that leads to the transport inequality. Therefore, one
of the main objectives of transportation planning is to increase activity participation
by empowering people to fulfill their mobility needs (Martens, 2016). It is achievable
only by understanding how various socioeconomic strata schedule their daily trips and
what factors influence their choices. In recent years, improving the available transport
resources of low-income communities, enhancing their access to opportunities, and
reducing the risk of social exclusion have been the subject of considerable academic
debates (Lucas, 2012; Manaugh, Badami, & EIl-Geneidy, 2015; Martens, 2016).
Several studies in Canadian cities show that a large number of low-income households
are living in neighbourhoods with inadequate levels of transit services, moving from
the city center to suburbs (Manaugh et al., 2015; Allen & Farber, 2020b). Due

to several transport barriers, their activity participation is lower, and they encounter



more suppressed trips. Some low-income households may prefer to own a private
vehicle due to the lack of transport alternatives, generating forced car ownership and
car-dependence (Mattioli, Anable, & Vrotsou, 2016; Mattioli, 2017), which usually
translates into considerable car ownership costs and risk of indebtedness (Currie &

Delbosc, 2011b; Walks, 2018).

From a political economy perspective, transportation projects and investments are
theorized to be formed by the interest of powerful actors or power associations. These
influential groups intervene in policy-making decisions to support their values and
interests (Glaeser & Ponzetto, 2018). There may be evidence of this in the Toronto case,
with much of the transit expansion in the region occurring in the form of commuter rail
lines that mainly link middle- and upper-income suburban areas to the Central Business
District. By focussing investments in suburban rail expansion for long-distance
commuters, the needs of inner-suburban residents risk going unmet (Giuliano, 2005;
Brown & Thompson, 2009). Indeed, the City of Toronto has the majority of North
America’s highest ridership bus routes, almost all operating in mixed traffic, and under
crowded or crushed conditions during both peaks. These riders remain disempowered
due to systemic marginalization along with income, race, and immigration lines (Hertel,
Keil, & Collens, 2016; Lo, Shalaby, & Alshalalfah, 2011; Palm, Shalaby, & Farber,
2020). Moreover, they have largely been unsuccessful in attracting transit improvements
for their daily, local travel needs. As a result, transportation planners and policymakers
need to gain a more comprehensive insight into the differences between the travel
behaviour of low-income and high-income individuals if they want to address the daily

travel needs of disadvantaged groups.

2.3 Travel Behaviour Analysis

Over recent decades, researchers have focused on traveller’s trip chains as an indicator
of travel behaviour to investigate people’s travel patterns and predict future travel
demand (Ma, Mitchell, & Heppenstall, 2014; Y. Huang, Gao, Ni, & Liu, 2021).
Although there is no unanimous definition of a trip chain in travel behaviour literature, it
is primarily defined as a sequence of activities with single or multiple stops that begins
from and ends at home (McGuckin & Murakami, 1995; Shiftan, 1998; Primerano

et al., 2008). Under this definition, a movement between a pair of activities or



stops is called a trip segment or trip leg. The number of activities, travel mode
choice, duration of travel, the complexity of the trip chain, and distance traveled are
examined to understand trip chain mechanisms and users’ activity patterns (Currie &
Delbosc, 2011a; Goulet-Langlois, Koutsopoulos, & Zhao, 2016; Schneider etal., 2021).
Researchers usually emphasize socioeconomic and spatial factors such as individual
characteristics, household structure and built environment attributes that may affect
traveller’s decisions and behaviour (Cervero & Kockelman, 1997; Currie & Delbosc,
2011a; Maet al., 2014). Hence, individuals’ travel schedule preferences and decisions,
along with other socioeconomic and spatial factors, may result in heterogeneous travel
behaviour outcomes. Studying the travel behaviour of travellers may allow us to
evaluate where and to what extent transport investments alleviate travel barriers and

improve individuals’ activity participation.

Several travel surveys and studies have demonstrated that economically and socially
disadvantaged groups, particularly low-income households, use public transit more
frequently than other socioeconomic categories (Giuliano, 2005; Pucher & Renne,
2003; Rosenbloom, 1998). Furthermore, due to structural racism and sexism,
racialized people, women, and non-binary people are more likely to have lower
incomes and are more likely to face safety issues when traveling from harassment
and threat of violence (Oswin, 2014; Scholten & Joelsson, 2019). This transit
dependency becomes more evident while exploring the relationship between gender
and mobility (Ravensbergen, Fournier, & A, 2022). Often, low-income women have
less access to a private car and drive fewer times than men (Naess, 2008; Madariaga,
2016). Given the lack of transit services, active transport infrastructure, and access
to a personal vehicle, they face numerous mobility challenges. Furthermore, most
women make most non-work lengthy trips due to carrying a disproportionate burden
of household responsibilities and caring tasks (Madariaga, 2016; J. Lee, Vojnovic, &
Grady, 2018; Craig & van Tienoven, 2019). Therefore, although women undertake
more non-work trips due to uneven division of household tasks, they also have less
propensity to get a car as a driver and rely on other modes (Vance & lovanna, 2007;

Scheiner & Holz-Rau, 2012).

Travel behaviour analysis in some car-dependent cities shows that low-income

households make fewer and shorter trips. They are more likely to walk than high-income



households since they are living in neighbourhoods with proper access to destinations,
greater street connectivity, and a better land-use mix (Turrell, Haynes, Wilson, &
Giles-Corti, 2013; Foth et al., 2013; Sagaris & Tiznado-Aitken, 2020; Allen &
Farber, 2020b). In contrast, wealthier families have more tendency to chain trips and
have complex tours compared to low-income populations (Ye, Pendyala, & Gottardi,
2007; Cheng, Bi, Chen, & Li, 2013). Most of these multi-stop tours are taken
by car in that a flexible travel mode is required to chain multiple trip legs in a
single journey. This difference could be due to the high costs of trips and activity
participation — whether in time or money, or due to other time-geographical or
accessibility limitations. This suppressed demand offers an opportunity to improve
mobility equity by removing barriers and equalizing the number of trips regardless
of income, ceteris paribus. Achieving this goal is made difficult by the relatively
recent reversal of the income-distance gradient observed across many global cities,
including the GTHA (Kneebone & Garr, 2010; Glaeser, Kahn, & Rappaport, 2008).
Poverty is increasing in the suburbs partly due to inner-city gentrification and the
changing geography of affordable housing (Ding, Hwang, & Divringi, 2016; Ellen &
O’Regan, 2011; Pucher & Renne, 2003). The combination of the auto centric design
of cities with the suburbanization of poverty has resulted in a large group of financially
constrained drivers who are driving because of a lack of alternatives, as well as transit
users living in poorly served neighbourhoods far from social and economic activities.
Consequently, these conditions serve to suppress activity participation, or shift travel
burdens unduly on already structurally marginalized groups, further worsening the risks

of social exclusion (Allen & Farber, 2021; Lucas, 2012; Martens, 2016).

2.4 Transit Investments and Mode Shift

Planners have traditionally focused on the value of transit investments and their
efficiency in terms of environmental sustainability and value-of-time savings. This
measurement regime ultimately supports the goal of reducing car-based trips via
attracting choice riders to transit (Richmond, 2001). From this perspective, numerous
transport agencies and planners are evaluating the performance of rail projects with a
congestion-relief target or conducting air quality analyses. For instance, Bhattacharjee

and Goetz (2012) have analysed how successful the newly opened light rail system in
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Denver was in increasing transit ridership, taking cars off the road, and thus relieving
congestion. They measured the temporal and spatial changes in the levels of highway
traffic in terms of VMT changes. Their main purpose was investigating the spatial
distribution of riders who switch from car to transit reflected in average VMT changes
over 16 years. Research by Baum-Snow, Kahn, and Voith (2005) explored the effects
of new or extended transit rail between 1970 and 2000 on the transit mode share
in sixteen major U.S. cities. Their study illustrated that rail transit projects do not
necessarily lead to an overall increase in transit ridership; instead, increases in rail
transit ridership stemmed from those switching from bus to rail. Nevertheless, these
conventional approaches overlooked socioeconomically disadvantaged communities,

their needs, and behaviour during the transit investment process.

Blumenberg and Thomas (2014) indicated that car-dominant countries have witnessed
the rapid increase in car ownership among low-income households. Focusing on the
impact of private vehicles on trips, Blumenberg and Pierce (2012) have identified the
profound impact of car ownership on the increase in travelled miles of low-income
adults. Furthermore, some researchers have found that auto ownership plays a
crucial role in accessing employment opportunities and higher earnings for vulnerable
groups (Gurley & Bruce, 2005; Raphael & Rice, 2002). Baum (2009), for instance,
measured the effect of car ownership on the probability of employment using a
longitudinal survey, concluding that owning a car significantly produces positive
employment outcomes and promotes welfare receipt exits. Curl, Clark, and Kearns
(2018) voiced a similar concern when evaluating the trend of car ownership regarding
financial difficulties for households living in disadvantaged communities between 2006
and 2011 in Glasgow. They found that a large number of car owners keep their
cars despite experiencing economic stresses because they consider it as a necessity
for reaching their life opportunities. Their findings showed that having children
and searching for a job deter the majority of low-income households in deprived
neighbourhoods to relinquish their private vehicles. Moreover, the necessity of having
a private vehicle to meet mobility needs forces them to buy a car, even if they are
unwilling or cannot afford it (Curl et al., 2018; Potoglou & Kanaroglou, 2008; Pucher
& Renne, 2003). Therefore, it may be true that transit investments in those low-income

neighbourhoods will not help with mode shift because car-ownership brings a variety of
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opportunities for the poor, and they are committed to car-use after the heavy investment

made in the car.

Other studies have shown unstable car ownership trends in low-income communities.
This population segment more frequently changes its car ownership rate across time
compared to other groups in society (Klein & Smart, 2017). Using a mobility biography
approach, Klein and Smart (2019) have examined how a variety of life events affects
the car ownership decisions of households over ten years. Their findings revealed that
losing a job or worsening health has the most significant effect on giving up a car for
the poor. Besides, looking at the financial burden of having a car, Currie and Senbergs
(2007) explored the relationship between car-related expenditures (e.g., car purchase,
insurance, and charges) and its financial difficulties for low-income car owners living
on the fringe of Melbourne. They found that low-income, car-owning households
living in outer Melbourne make fewer and shorter distance trips compared to other car
owners in the same region. Interestingly, these fewer trips are highly reliant on their
private vehicles and less frequently done by transit. They prefer car trips to transit trips,
probably because using their vehicles provides a reduced cost of travel. Therefore, they
do not opt to pay for transit when they can drive comfortably and less costly to their
destinations. Consequently, they suggest transit investments could address transport
disadvantage and mitigate financial burdens on vulnerable households as they believe

that people in poverty will give up their private vehicles.
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2.5 Travel Behaviour Analysis Models

Travel behaviour analysis often aims to forecast travel demand in a city based on
future transportation investments. When individual travel information is available, a
disaggregated model easily captures traveller’s behavioural patterns and predicts their
decisions following changes in the transportation system. For transit equity analysis,
the impacts of changes in transportation plans on different communities and equity
outcomes of those policies can be evaluated by predicting travellers’ participation
in activities (Hodgson & Turner, 2003; Martens, 2016; Fransen, Farber, Deruyter,
& De Maeyer, 2018; Allen & Farber, 2020b). Accordingly, planners understand
to what extent the outcome of policy options might be inequitable across different
segments of the population. For instance, evaluating transit mode share or accessibility
among people who have been historically marginalized enables transport planners and
decision-makers to explore whether inequities are being redressed by proposed transit
projects. Reviewing studies reveals that spatial attributes of the built environment
(Cervero & Kockelman, 1997; Ewing & Cervero, 2010), socioeconomic characteristics
of travellers (Turner & Niemeier, 1997; Dieleman, Dijst, & Burghouwt, 2002), and the
level of transit service (Taylor, Miller, Iseki, & Fink, 2003; Moniruzzaman & Péez,
2012) affect an individual’s travel mode choice and behavioural pattern. Thus, it is
desirable to have a disaggregated, comprehensive and accurate travel behaviour model
that deals with complex behavioural attributes and predicts travellers’ responses to the

variations in the transportation system.

2.5.1 Trip chain analysis

Transportation planners and policy-makers gain greater information for travel demand
management by predicting residents’ travel behaviour and clustering daily activity
patterns through trip chain analysis. A considerable body of trip chain analyses have
focused on understanding the activity types and travel mode decisions as researchers
believe that the order of these decisions dramatically shapes travel patterns (Ye et al.,
2007; Yang, Shen, & Li, 2016). Some studies have also explored the relationship
between trip chaining complexity and individuals’ travel mode choices (Currie &

Delbosc, 2011a; Schneider et al., 2021). In trip chain assessments according to trip
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purposes, researchers usually divide trip destinations into work or non-work trips
under different assumptions. Afterward, they explore the pattern of these predefined
sub-divisions (Frank, Bradley, Kavage, Chapman, & Lawton, 2008; Ma et al., 2014;
Chowdhury & Scott, 2020). For example, Ye et al. (2007) classify tours into work trips,
if a trip chain has at least one working stop, or into non-work trips if no working stop
exists. Frank et al. (2008) develop a hierarchy of the trip purposes and travel modes to
determine if a trip sequence belongs to work trips or non-work ones. On the other hand,
Ma et al. (2014) define work and non-work trips in multipurpose tours according to
the order of work and non-work stops. Thus, there is no unanimous guideline even for
dividing the trip activities into two simple categories. While some researchers group
trip chains into work and non-work trips based on their predefined rules, others classify

them into car or transit trips and then explore pattern differences of each sub-division.

Besides trip purpose evaluation in trip chain analyses, travel mode decisions are
also considered a primary predictor of travel behaviour patterns. Researchers rely
on smart-card data (e.g., transit or bike-sharing data) or mode-based travel surveys
to investigate the travel patterns of residents and their specific journeys in terms
of their mode decisions (Chu & Chapleau, 2010; J. Zhao, Wang, & Deng, 2015;
Goulet-Langlois et al., 2016; Y. Zhang, Brussel, Thomas, & van Maarseveen, 2018).
Other studies search for bidirectional causality of mode choice decision and trip chain
characteristics using several choice models such as the multinomial logit model (Wan
et al., 2019), probit model (Ye et al., 2007), and nested logit model (Y. Huang et al.,
2021). Using the national household travel survey, Rafiq and McNally (2021) explore
the activity patterns of transit users and cluster them according to their similar travel
behaviour. They set an arbitrary rule and identify individuals who have at least one
transit trip segment in their trip chain as transit users. In another study, Ho and Mulley
(2013) group trip chains with multiple modes into a travel mode class based on the
longest distance traveled by the given travel mode. To explore the causality of bicycle
choice and activity pattern, Z. Li, Wang, Yang, and Jiang (2013) conduct a study to
capture the order of decision. They define a tour as a bicycle tour if a bicycle is the
dominant trip mode. These studies provide insights into individuals’ activity patterns
based on their mode decisions, although they do not reflect the interconnection of trip

purposes and the transition from one mode to another in the daily tours.
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Another thread of activity pattern analysis in travel behaviour literature is comparing
an episodic sequence of states. The spatio-temporal structure of activities in trip chain
schedules is explored and compared to understand how individuals allocate their time
to specific activities. Using GPS-based data stream or space-time activity surveys,
researchers track and capture the location and time duration of activities and trips of
each individual (Songetal., 2021; Hafezi, Liu, & Millward, 2019). Then, they generate
sequences of activities according to the visited locations and time spent. Accordingly,
the unit of analysis is a trip sequence representing the status of an individual with
temporally equal intervals (e.g., 5 min intervals). For instance, a 2-hour stop in
a workplace from an individual’s trip chain is transformed into a sequence of 24
workplace stops at 5-min intervals (Song et al., 2021; Saneinejad & Roorda, 2009).
As a result, each trip segment of a trip chain would be a converted trip sequence with

several adding dummy characters to reflect the duration of the activity.

Most of these activity sequence studies use developed sequence alignment methods,
applied first by Wilson (1998) in social science and derived from DNA sequence studies.
They compare the activity episodes of individuals to measure the distance of states and
then cluster them based on their similar activity patterns (Saneinejad & Roorda, 2009;
Kwan, Xiao, & Ding, 2014; F. Liu, Janssens, Cui, Wets, & Cools, 2015; Hafezi et al.,
2019). Using smart card data, Goulet-Langlois et al. (2016) analyze the heterogeneity
among transit users through clustering their activity sequences in 4 weeks. This
study represents the structure of activity sequences using transit and their variability
over a month. A similar analysis by Song et al. (2021) investigates individuals’ activity
patterns using GPS-based tracking data. They applied the sequence alignment approach
to sequences of users’ daily travel diaries to cluster their activity patterns. This activity
sequence analysis focuses on individuals’ duration of the activity and cannot determine
traveller’s transition decisions thoroughly. It also requires a detailed and large amount
of data. Although such analyses enrich travel behaviour studies, they are unable to

show the transition between destinations and individuals’ travel decisions.

2.5.2 Travel mode use analysis

Among travel behaviour studies, mode choice modelling and different ML algorithms

have received particular attention for exploring and predicting individuals’ travel mode
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decisions (Koushik, Manoj, & Nezamuddin, 2020). Several ML algorithms including
Decision Tree (DT), Random Forest (RF) (Cheng, Chen, Yang, Wu, & Yang, 2019;
Yan, Liu, & Zhao, 2020), Extreme Gradient Boosting (XGB) (Wang & Ross, 2018;
Shao, Zhang, Cao, Yang, & Yin, 2020), Neural Networks (NN) (Xie, Lu, & Parkany,
2003), and Support Vector Machine (SVM) (Y. Zhang & Xie, 2008; Zhou, Wang, & Li,
2019) for travel demand and mode choice predictions. Traditional discrete choice or
statistical models have been adopted to explore travel mode decisions of marginalized
groups (e.g., (Mercado, Paez, Farber, Roorda, & Morency, 2012; Jiao & Wang, 2021)).
Socially disadvantaged and low-income individuals, who are unable to afford a car,
are often marginalized and are greatly faced with transportation barriers (Lucas, 2012;
Lucas, Philips, Mulley, & Ma, 2018). However, there are still limited studies of the travel
behaviour of marginalized populations, most at risk of transportation disadvantage,

using ML models.

In evaluating transportation policies, both classification and regression algorithms are
used to predict future behavioural outcomes. The next section first summarizes how
conventional and ML models have been applied to two main types of transportation
questions: classification and count predictions. Then, it explores studies comparing
statistical and ML models in travel behaviour. Afterward, it discusses the trade-off
between predictive performance and interpretability of ML models and our contribution

to the literature.

2.5.2.1 Classification models

Classification models are commonly used in different areas of transportation research,
including examining the crash injury severity (F. Hu, Lv, Zhu, & Fang, 2014; Rezapour,
Moomen, & Ksaibati, 2019), predicting household car ownership (Curl etal., 2018), and
uncovering activity participation probability (Allen & Farber, 2018). More specifically,
discrete choice models are extensively applied in mode-choice analysis for predicting a
commuter’s travel mode use (Mercado et al., 2012; Jun, Kim, Kwon, & Jeong, 2013),
exploring gender equity in bicycle mode choice (Abasahl, Kelarestaghi, & Ermagun,
2018), or investigating the role of shared mobility in serving the transit-dependent
populations (Jiao & Wang, 2021). Notably, all these studies focus on conventional

statistical models such as Binary and Multinomial Logistic Regression, Multinomial
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Logit model (MNL), Nested Logit model (NL), and Mixed logit model. Although these
models facilitate straightforward interpretation, they come with their own limitations.
They require predefined assumptions about the data for modelling (Cheng, Chen,
De Vos, Lai, & Witlox, 2019), and any violation of these assumptions gives rise
to a biased and unreliable prediction (J. Lee et al., 2018; Wang & Ross, 2018).
For instance, one of the restrictions of MNL is the IIA assumption that implies the
choice probability of each pair of options does not change if the other alternatives
are absent (McFadden, 1973). However, NL and Mixed logit, other variants of the
standard logit, have addressed this shortcoming by having more sophisticated model
specifications, thus improving modeling performance compared to MNL. In contrast
to statistical models, ML algorithms with their data-driven nature have become a
promising alternative for predicting individual’s behavioural responses (Koushik et
al., 2020). Unlike statistical models, they are assumption-free algorithms that detect
and learn patterns from the existing (observed) data and then apply them to predict
unobserved data (Murphy, 2012). Furthermore, discrete choice models rely on the
principle of utility maximization theory -i.e., individuals’ preferences and behaviour
are explained in terms of gaining the most benefit and highest satisfaction from their
decisions. Moreover, in a discrete choice model, a modeler requires to manually
input the relationship between features and labels, whereas ML models can learn
those complex relationships from the dataset (Hillel, Bierlaire, Elshafie, & Jin, 2021),
and they become a suitable alternative for traditional approaches. Nonetheless, the
interpretability of ML models, considered to be black-box models, is still a big concern
in the domain (Rudin, 2019). There are also heated debates regarding the bias and
ethics in ML algorithms, especially against females, underrepresented groups, and
low-income people (Mehrabi, Morstatter, Saxena, Lerman, & Galstyan, 2021; I. Y. Chen
et al., 2021; N. T. Lee, 2018). Therefore, while using them, a researcher needs to

consider different aspects to have a fair and interpretable ML model.

2.5.2.2 Count models

Travel behaviour researchers use statistical count models for predictive modeling.
A wide range of regression models, including Ordinary Least Square regression,
Zero-Inflated count models, Hurdle, Negative Binomial, and Poisson, are popular

in travel behaviour studies. These methods are utilized for estimating commuters’
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transit trip frequency (Yousefzadeh Barri et al., 2021; Bocker, van Amen, &
Helbich, 2017; Legrain, Buliung, & El-Geneidy, 2016), variations in bicycle ridership
counts (Roy, Nelson, Fotheringham, & Winters, 2019), the relationship between
residential self-selection and non-work trips (Chatman, 2009), built environment and
trip generation association (Q. Zhang, Clifton, Moeckel, & Orrego-Onate, 2019),
bus fare evasion rates (Guarda, Galilea, Paget-Seekins, & de Dios Ortizar, 2016),
and peak-car phenomenon (leveling off car travel) (Kamruzzaman, Shatu, & Habib,
2020) as they are easy to apply and interpret. The implementation and interpretation
of statistical models are straightforward, although they fail to handle the nonlinear

relationship between variables.

Typically, the advantage of ML models is to learn and model the intricate interactions
between a dependent and a set of independent features (Xie et al., 2003; Cheng, Chen,
Yang, et al., 2019), making them suitable for modelling travel behaviour. Accordingly,
many studies have recently used ML algorithms in transportation studies. For instance,
Shao et al. (2020) investigate the nonlinear relationship between land use and metro
ridership at the station level using the XGB model. In modelling travel demand for
ride-sourcing, Yan et al. (2020) estimate the number of ride-sourcing trips using the RF
algorithm and the traditional multiplicative model and then compare their predictive

performance in forecasting the future number of ride-sourcing trips.

Several studies have compared the predictive performance of ML models with that of
statistical models, and most of them have indicated that ML models are promising tools
compared to statistical models (e.g., (Xie et al., 2003; Hagenauer & Helbich, 2017;
Cheng, Chen, Yang, et al., 2019; Zhou et al., 2019; Yan et al., 2020; E. Chen, Ye,
& Wu, 2021)). Focusing on travel mode choice modelling, Hagenauer and Helbich
(2017), Cheng, Chen, Yang, et al. (2019), Zhou et al. (2019), and X. Zhao, Yan, Yu,
and Van Hentenryck (2020) use multiple ML and statistical classifiers to compare
their predictive capability and behavioural analysis. Most of these studies focus on
the classification problem rather than regression. However, there are a few studies
constructing a regression problem using both statistical and ML models. For instance,
T. Kim, Sharda, Zhou, and Pendyala (2020) have adopted mixed models to achieve
more accurate travel demand prediction models. They consider the travel demand

for on-demand ride-hailing services and develop a new framework integrating the
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Linear Regression model (LinR) and Long-term Short Memory model to predict the
potential travel demand. In a similar approach, E. Chen et al. (2021) propose a hybrid
model incorporating Geographically Weighted Regression (GWR) in the structure of
RF to consider spatial heterogeneity and explore the complex association between built
environment variables and bus-metro transfers (trip generations from bus to metro).
Then, they compare the predictive performance of Multiple Linear Regression, SVM,
RF, GWR, and their hybrid model to examine their suggested model’s advantages over
other models. Therefore, ML models allow us to capture complex and nonlinear variable

relationships and overcome the limitations of statistical modelling methodologies.

2.5.2.3 Machine learning applications in transit equity studies

Over the decades, investigating transit services with an equity lens has become a crucial
concern. Recently, some researchers have begun to adopt different ML techniques to
address regression, classification, or clustering problems for their transportation equity
studies. For instance, Tran, Draeger, Wang, and Nikbakht (2022) explore the travel
experience and behavioural responses of transit riders before and during the COVID-19
pandemic. They utilize Twitter data for sentiment analysis as an ML algorithm to
understand how a significant transit disruption may aggravate the vulnerabilities of
transit-dependent users. Jiao, Degen, and Azimian (2022) use the RF model to
analyze e-scooter ridership in poorly transit-served neighbourhoods and address the
inequality in transportation supply. In measuring the vulnerability of households to
transport energy burdens, S. Liu and Kontou (2022) propose a new framework to
quantify transport-related energy poverty. They apply linear regression and several
non-linear methods (e.g., DT, XGB, RF, and NN) to estimate households’ average
fuel consumption. They find that low-income households are more at risk of higher
transport fuel costs compared to their counterparts. Among transportation studies,
substantial studies in travel demand prediction (e.g.,(Yan et al., 2020; T. Kim et al.,
2020)), mode choice modelling (e.g.,(Hagenauer & Helbich, 2017; X. Zhao et al.,,
2020)), and traffic predictions (e.g.,(Cai et al., 2016; Y. Liu, Liu, & Jia, 2019; Cui, Ke,
Pu, & Wang, 2020)) have adopted different ML algorithms. However, the potential of
ML regressors in formulating the travel behaviour and transit use of low-income people
and comparing their predictive performance with that of statistical models are not yet

fully explored. Therefore, there is still a need to better investigate ML applications
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in the transit equity context in the literature. Moreover, interpretation of models is
likely more important within an equity context, compared to more basic travel demand
forecasting, as researchers and planners are interested in the specific policy levers they

can use to improve the well-being of marginalized populations.

2.5.2.4 Interpretable machine learning models

With advances in ML techniques, their applications were applied in the transportation
field. Despite their high predictive power, there is still a lack of research using ML
techniques due to interpretability concerns (Rudin, 2019; Koushik et al., 2020). Even
more important than the model performance is the interpretability of algorithms. After
knowing the probability of an event’s occurrence, it is required to discover how the
prediction is made. Although an accurate predictive model can enhance the final
decision, understanding the rationale behind the suggestions leads to a better insight
into the problem. Researchers generally use inherently interpretable models rather
than ML models that are assumed to be black boxes. Notably, the output of most ML
models is not directly interpretable (X. Zhao et al., 2020). However, to decipher the
way an ML model arrives at its conclusion, several interpretation techniques have been
recently introduced. Unlike intrinsic interpretability, model-agnostic interpretability
tools are employed following estimation of an ML model in a post hoc analysis. The
flexibility of these post hoc interpretation methods lets researchers use any ML model in
different fields. Applying interpretation tools to an algorithm is a way to understand the
rationale behind the decision and justify the predicted outcome. Post hoc interpretability
approaches uncover the effects of independent features on the response variable and
interpret their influence to propose appropriate policy implications. Therefore, they
summarize the behaviour of a model and explain how important a predictor is for the
final decision enabling planners to identify key variables for effective decision making.
More specifically, such explanations can provide enough evidence to implement policies

for a given scenario.

When it comes to the granularity level of interpretability, global and local interpretation
techniques describe the aggregated behaviour of the model and each individual or group,
respectively (Du, Liu, & Hu, 2019; Molnar, 2020). Feature importance (Breiman,
2001; Hagenauer & Helbich, 2017), Partial Dependence Plot (PDP) (Friedman,
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2001), and Accumulated Local Effects (ALE) (Molnar, 2020) are examples of global
interpretability tools. They explain the effect of each feature on the average prediction of
a model. Conversely, Individual Conditional Expectation (ICE) (Goldstein, Kapelner,
Bleich, & Pitkin, 2015), Shapley value (SHAP) (Lundberg & Lee, 2017), and Local
Interpretable Model-agnostic Explanations (LIME) (Ribeiro, Singh, & Guestrin, 2016)
explain how a model predicts an output for an individual (Molnar, 2020). Hence,
contrary to the popular belief of black-box ML models, there are a plethora of post hoc

tools that have the potential to address this limitation.

2.6 Summary and Research Gaps

Building on the above literature review, this thesis forms on the travel behaviour analysis
and transit equity themes with the focus on activity patterns and mode choice decisions.
According to the relevant studies from the literature provided in the previous sections,
some research gaps, the key aspects of this thesis in terms of travel behaviour studies,

and its methodological novelty are listed below.

As discussed in Section 2.3, travel behaviour of travellers have been investigated
extensively using individual trip chains analysis. Previous studies mainly examined
the travel pattern of travellers in terms of different socioeconomic factors, built
environment variables, and trip characteristics. However, few studies have focused
on clustering travel patterns of residents based on their income and car-ownership
concerning their trip sequences. Given the importance of trip analysis, it is essential to
study the association between trip purpose and its relevant mode for various income and
car-ownership levels. This discussion is listed as the first research gap. Furthermore,
as discussed in Section 2.5.1, trip chain studies mostly investigate activity patterns
using predefined rules and assumptions. They also observe the activity types and mode
choices separately which can not reflect their interconnections. This identifies as the

second research gap which is filled by this thesis.

Moreover, if transportation planners and policymakers want to address the daily
travel needs of disadvantaged groups in the context of transport equity, they need
to understand the travel behaviour of low-income households. Therefore, this thesis
further evaluate how different transport investments may alleviate travel barriers and

improve individuals’ activity participation, particularly those with higher constraints
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and needs. The studies on travel behaviour and travel mode choice of disadvantaged
groups, particularly low-income households, show that their greater reliance on transit
as debated in Section 2.4, partly implies why policymakers overlook them in the
traditional transit planning process. On the other hand, several studies show that
the rate of car ownership has increased among low-income households despite the
huge financial burdens on their living expenses. Therefore, the need for evaluating
transit projects and investments in low-income communities to reduce transit inequity
and increase activity participation is highlighted. Exploring how much sensitive are

low-income households to transit investments is the main concern of this discussion.

As emphasized in Section 2.5.2, there is still limited travel behaviour and mode choice
studies exploring the application of ML models in predicting transit use and addressing
low-income households travel needs. Table 2.1 lists travel behaviour studies that use
ML algorithms and conduct a comparative analysis with statistical models. Most of the
studies focus on mode choice modelling as a classification task. In comparing various
ML algorithms, different predictive performance metrics are calculated, including
accuracy, precision, recall, F1-Score, and AUC-ROC (Murphy, 2012). However, most
of these studies have compared the predictive performance of models through accuracy
alone. These metrics are thoroughly explained in Section 4.4 and the difference between
these metrics and their reliance on the predefined threshold is discussed in Section 4.4.1.
Therefore, a lack of understanding about other performance measures is remarkable
in the literature. Moreover, only one of them uses statistical tests to compare the

significance of the differences among models (Hagenauer & Helbich, 2017).

Table 2.1 : Contribution of the current study compared to the literature.

Unit of analysis Supervised Learning Statistical Interpretability
classification regression Test global  local
Xie et al. (2003) Mode choice analysis v v
Y. Zhang and Xie (2008) Mode choice analysis v
Hagenauer and Helbich (2017) * Mode choice analysis v v v v
Wang and Ross (2018) Mode choice analysis v v v
Cheng, Chen, Yang, et al. (2019) “ | Mode choice analysis v v
Zhou et al. (2019) * Mode choice analysis v v
X. Zhao et al. (2020)" Mode choice analysis v v v
Yan et al. (2020) Ride-sourcing trips v v v
E. Chen et al. (2021) Bus-metro transfers v v v
Our study ~ Transit trip generation v v v v v v

" These studies have compared more than two different ML algorithms with statistical models.

Not all travel behaviour studies have used a validation technique for the unbiased

train-test split — e.g., cross-validation (CV) — to compare the algorithms’ performances.
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More importantly, the local interpretability of ML models is mainly disregarded. These
works mostly applied global interpretability tools and ignored the importance of local
interpretation. This study leverages statistical tests and interpretability tools to shed
light on the differences among models and their possible explanations. The novelty and
difference of this study compared to the existing literature are summarized in Table 2.1.
Besides the technical difference, this study takes into account the transit ridership of
vulnerable groups, making it a different unexplored domain for ML vs. statistical model

comparison. Therefore, this study aims to fill these gaps methodologically.
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3. STUDY AREA AND DATA

3.1 Chapter Overview

This chapter provides an overview of the study context and the data used for our
analyses. Section 3.2 provides a brief introduction to the study area in which our
research undertake. Section 3.3 describes the dataset used for this study. Finally,

Section 3.4 describes the statistic summary of the subsample used for this study.

3.2 Study Context

This study takes place in a contemporary Canadian context, the Greater Toronto and
Hamilton Area (GTHA). It is the largest urban agglomeration in Canada, with a
population of more than 7 million people based on 2021 population estimates (Statistics
Canada, 2021a) and one of the fastest-growing regions in North America. The GTHA
contains the cities of Toronto and Hamilton and four regional municipalities including,
Durham, York, Peel, and Halton. The city of Toronto, with approximately 3 million
residents is the most populated urban region. Both York and Peel regions include more
than 1 million people, while the remaining municipal regions have less than 1 million
residents. Metrolinx, the Greater Toronto Transportation Authority, is responsible
for developing Regional Transportation Plans (RTP), operating commuter rail, and
more recently, planning for all new heavy rail development (e.g., LRT, BRT, and
subways) in the GTHA (see Figure 3.1). The overall public transportation system
in the GTHA comprises nine local transit agencies, operating subway lines, surface
buses, and streetcar routes, together with regional bus and rail lines. Toronto’s transit
system operated by the Toronto Transit Commission (TTC) includes four subway lines,
surface bus, and streetcar routes. A regional rail and commuter bus system, GO
Transit (operated by Metrolinx), connects suburban regions to themselves and the city

center, and is used primarily for long-distance commutes. Other municipalities in the
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region primarily offer local bus services, with some lite BRT functionality along select

corridors.
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Figure 3.1 : Study Area (The Greater Toronto and Hamilton Area).
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3.2.1 The population density

Despite overall economic growth in Canada, its major cities have encountered growing
socio-spatial inequalities, with increasing polarization as neighbourhoods change over
time (Ades, Apparicio, & Séguin, 2012; Hulchanski, 2010). Toronto is now the
most unevenly distributed metro area in Canada, according to the Gini coeflicient
for income !, and within the Toronto area, inequalities between neighbourhoods are
very high (Dinca-Panaitescu et al., 2017). Figure 3.2 displays the population density
patterns of our study area for different income and car-ownership levels together with
the population of each stratum. In the bottom row of Figure 3.2, the ‘U’ shape pattern
illustrates the higher concentrations of low-income households (<$40k) in downtown
Toronto and its inner suburbs. Regarding households with zero vehicles per adult
(VA=0), as income increases, they become more concentrated in downtown Toronto,

whereas the low-income carless cohort is more dispersed in the region.

1Gini coefficient or Gini index is a measure of inequality to illustrate the wealth distribution within
society. It ranges from O to 1. The high Gini coefficient for a country means that the gap between the
income levels of the poor and the affluent is high.
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Previous studies in the GTHA have shown that vulnerable groups have, on average,
shorter transit travel times for their work commutes, and higher levels of accessibility
than their counterparts (El-Geneidy et al., 2016; Foth et al., 2013). This can largely
be explained by a) the vestiges of a sizable inner-city low-income population, and
b) the proliferation of middle and upper-income households throughout the vast and
poorly served outer suburbs of the region. Despite this overall distribution, recent
work shows that there are hundreds of thousands of low-income households located in

low-accessibility parts of the GTHA (Allen & Farber, 2019).

3.2.2 Transit ridership

Given the concentration of rapid transit within the City of Toronto, Figure 3.3 illustrates
that most transit riders are living within the Toronto municipal boundaries, with
concentrations closely mirroring both transit levels of service as well as the “U” shaped
pattern of low-income brackets. In between the dense urban core and the poorly served
outer suburbs, lies a transition zone characterized by people still having access to
moderate levels of public transit, largely aligned with the service area of the TTC
within the City of Toronto; consequently, 20-40% of residents keep transit in their daily
trip basket in this zone. Furthermore, there is a decline in transit use in the city centre,
mainly due to the availability of biking and walking options for reaching destinations

despite the high level of transit accessibility.
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Figure 3.3 : Percentage of individuals taking at least one transit trip in their daily trip
chain in the GTHA.

3.2.3 Housing price

Figure 3.4 displays the whole region and the average house price of all properties in
2016 using the data from RPS Real Property Solutions Inc. According to this data,
the Toronto central regions along the transit network have the highest average home
price. Following the north-south line of the transit network, several parts of the York
Region, including Richmond Hill and Vaughan, observe a higher mean of home prices.
Therefore, homes adjacent to the main transit networks are not affordable in GTHA. It
forces low-income households to relocate to the neighbourhoods with affordable houses

but less transit accessibility.

3.3 Transportation Tomorrow Survey (TTS)

The data source used for this study comes from the 2016 Transportation Tomorrow
Survey (TTS). This travel survey is an ongoing data collection program started in 1986
and conducted every five years?. It is a large-sample, one-day household travel diary
of people in the Greater Toronto Area and Hamilton (GTHA) plus adjacent regional

municipalities. One available household member reports all trips taken by the entire

2Due to the pandemic, the survey in 2021 is postponed to 2023. By the time the dissertation is submitted,
2016 TTS data is the latest available survey in the region.
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Figure 3.4 : Average house price for all types of dwellings in the GTHA.

household. This survey collects the personal (e.g., age, gender, having driving license,
employment status, etc.), household (e.g., location, income level, number of vehicles,
etc.), and trip (e.g., trip origin, trip destination, prime mode, etc.) information of
each person 11 years and older in the household. For the 2016 survey cycle, the
targeted sampling rate was 5 percent of households, except Hamilton, with only a 3
percent sampling rate target due to insufficient local funding. Notably, there might be
sampling bias in the survey itself, which is partially addressed by weighting adjustments.
By correcting for representation by dwelling type, family size, age, and gender, the
data expansion procedure may better reflect additional variables (car ownership or
employment status). The data is utilized with the caveat that there might still be
additional aspects that cannot be found or corrected using the expansion factor. Further
information on the households’ total incomes was first recorded in this survey in 2016.

All the survey data currently is under the supervision of the Data Management Group.

To provide a reliable population estimation, a set of expansion factors is included in
the TTS 2016 data. In the 2016 survey, the data expansion process consists of data
weighting method, considering dwelling type, household size, and the distribution of
the population by age and gender matching the population distributions of the 2016
Canadian Census (Data Management Group, 2017). The anonymized, individual, and

trip-level data is used for this study. In this research, only a subset of individual trips,
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those starting from and terminating in GTHA regions considers. Furthermore, the
dataset is limited to adults aged 18 years or older —i.e., working-aged people assumed
to be making autonomous residential location, vehicle ownership, and daily travel

decisions.

3.4 Descriptive Summary

To undertake this study, the dataset is prepared by removing incomplete data and
filtering out adults living outside the GTHA. According to the 2016 TTS data, there are
six categories for household’s total income level: “$0 to $14,999, $15,000 to $39,999,
$40,000 to $59,999, $60,000 to $99,999, $100,000 to $124,999, $125,000 and above”.
This detailed information allows having an equity and poverty-related study. The
low-income cut-off (LICO) is the income-related measure defined by Statistic Canada.
It is calculated based on family size and community size and represents the poverty line
for households that spend more than 20% of their income on basic needs such as food,
shelter, etc. If the household’s income level is below the LICO measure, the household
considers a low-income household. According to this measure, a household in urban
regions with more than 500k residents is a low-income household if its income level
is less than 40k in 2016 (Statistics Canada, 2021b). Therefore, the two first income
categories merge in this study to define low-income households with income levels
less than $39,999. Moreover, high-income households are determined as those with
income levels greater than $125k. Notably, this amount is the highest category in the
TTS, although it may not represent the high-income level for the whole GTHA. The

remaining categories are identified as middle-income families.

3.4.1 General overview

Table 3.1provides a descriptive summary of the dataset, including a total of 122,724
households (249,632 individuals) aged 18 years and older and a total of 538,364
trips. These figures are expandable to 5,387,081 people, 2,532,632 households, and
11,610,043 trips, respectively. A uniform age and gender distribution in the study
area are observed. More than 50 percent of responders indicated a household salary
of greater than $60k. In this work, families with a household income below $40k

are considered the low-income group. Moreover, it can be seen that the region
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is car-dominant since more than 40% of households own their private vehicles.
Interestingly, Table 3.1 shows that one-person households include only 11.5% of
the dataset,different from other developed countries showing a high trend toward
one-person households3. Even compared to the report made by the United Nations
Economic Commission for Europe for Canada#, which shows 28.2% of people are living
alone, the GTHA has less than half of the country’s average. Regarding employment,
a low rate of people working from home is observed; however, this employment status
should have changed after the pandemic and increasing teleworking. As the driver’s
licence is mainly considered the formal ID, 82% of people own one. Finally, all the
aforementioned independent attributes are checked for possible multicollinearity, and

no significant correlation among them is observed.

3.4.2 Transit accessibility measurement

Researchers and policymakers use various accessibility assessment approach for
evaluating equity in the transportation domain. The well-known definition of
accessibility is ““a measurement of the spatial distribution of an activity” (Hansen, 1959,
p- 04). The widely used accessibility measurement is location-based accessibility that
demonstrates the level of access to spatially distributed activities by different travel
modes (car, public transport, etc.). It defines the number of reachable activities such
as jobs, schools, shopping centers, and health services for different groups of people
within a certain travel time threshold. Access to jobs is a commonly used measure
of transit benefits and can be a crucial predictor of travel behaviour (Allen & Farber,
2020b; Foth et al., 2013; Sanchez, Shen, & Peng, 2004; Tyndall, 2017). In this study,
job accessibility is used as a proxy for overall transit benefits, which is defendable given
the high degree of correlation between access to jobs via transit, and access to other

daily destination types.

Gravity-based accessibility to jobs by transit, calculated in a recent analysis in the
GTHA (Allen & Farber, 2019), is used in this study. This measure estimates the total
number of reachable jobs from each Dissemination Area (origin), a census geographical

unit with a population of 400 to 700 persons. The gravity-based accessibility is

3https://ourworldindata.org/grapher/one-person-households
“https://w3.unece.org/PXWeb/en/Table?IndicatorCode=318
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computed as

J
Ai=3_0;f(tiy)
j=1

3.1

where A; is the accessibility measure in zone i, O; is the count of jobs found in

census tract j, f(;;) is the impedance function used to operationalize the diminishing

Table 3.1 : Descriptive statistics of explanatory variables for respondents

(n = 249,632 ; expandable to N' = 5,387,081).

. Individuals in the GTHA
Variables
Expanded frequency \ Expanded Proportion
Age group
18-25 702,598 13.04%
26-35 964,695 17.91%
36-45 955,252 17.73%
46-55 1,057,659 19.63%
56-65 841,574 15.62%
65+ 853,731 15.86%
Missing 11,572 0.21%
Gender
Female 2,806,404 52.10%
Male 2,580,677 47.90%
Household’s total income per year
$0 to $39,999 838,021 15.56%
$40,000 to $59,999 713,772 13.25%
$60,000 to $99,999 1,148,963 21.33%
$100,000 to $124,999 598,691 11.11%
$125,000 and above 1,089,156 20.22%
Missing 998,478 18.53%
Vehicles per adult
(VA=0) 597,833 11.10%
(0<VA<0.5) 610,964 11.34%
(VA=0.5) 1,243,951 23.10%
(0.5<VA<I) 835,877 15.51%
(VA=1+) 2,097,184 38.93%
Missing 1,272 0.02%
Household size
One-person 622,417 11.55%
Two-people 1,419,702 26.35%
Three-people 1,088,185 20.20%
Four-people 1,199,803 22.27%
Five or more people 1,056,974 19.62%
Employment status
Full time employment 2,694,603 50.02%
Part time employment 545,006 10.12%
Work at home (full time or part time) 255,900 4.75%
Not employed (including students) 1,888,816 35.06%
Missing 2,756 0.05%
Possession of a driver’s license
Having driver’s license 4,423,009 82.10%
Not having driver’s license 858,401 15.93%
Missing 105,671 1.96%
Mean SD
Population Density (per person) 6,864 7,924
Business Density (per person) 700 1,422
Intersection Density (per person) 54 36
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attraction of jobs with travel time, and ?;; is the travel time between ¢ and j estimated
with OpenTripPlanner using GTFS and OpenStreetMap data as inputs. This travel time
includes walking time to and from stops, waiting time for the transit vehicle, in-vehicle
travel time by transit, and transferring time. The impedance function is defined as

180(90 + ;)1 =1 ;<90

] (3.2)
0 otherwise

f(tij) =
giving a weight of 0.5 to a 30-minute trip, roughly equal to the median duration
commute trip in the GTHA across all modes. In this function, the maximum travel time
value is limited to 90 minutes since very few people travel to jobs more than 90-minutes

away (Allen & Farber, 2020a).

Figure 3.5 shows average gravity-based accessibility to jobs by transit in the GTHA
at the Census Tract (CT) level. For this map, the measure is normalized by 100k
reachable jobs and it illustrates the number of reachable jobs in the region. High levels
of transit accessibility belong to places downtown Toronto and around transit lines,
while suburban neighbourhoods have poor transit networks and low levels of transit

accessibility.
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Figure 3.5 : Average of gravity-based accessibility to jobs by transit in the GTHA.
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3.4.3 Low-income vs. high-income

3.4.3.1 Socioeconomic and built environment variables

A subset of the whole dataset is used to explore the differences in the travel behaviour of
low-income and high-income households. Table 3.2 provides summary statistics for the
socioeconomic characteristics of low-income and high-income carless and car-owners
as well as their built environment information. Notably, all figures provided in the
table are expanded. This dataset includes 65,458 individuals, expandable to 1,419,640
people. People with missing income or vehicle data, no trips, or an extraordinary
number of trips (i.e., greater than 25 trips) are excluded. Among all subsamples, the
high-income carless dataset is the smallest group having 23,161 individuals, whereas
high-income car-owners are the most populated subgroup. The table shows that
high-income carless households are, on average, younger than high-income car-owners.
Expectedly, this younger stratum has the lowest unemployment rate (i.e., 93% of them

are full-time or part-time employees) since they are of working age.

Most poor carless individuals are female, whereas there is a relative balance between
males and females in other subsamples. Moreover, the larger share of low-income
carless families includes women in one-person households. Comparing low-income
and high-income carless households, the results show that 68.8% of high-income
households have transit passes, the highest rate among all strata. In contrast, low-income
carless households that are more transit-dependent less likely to possess transit pass.
The findings reveal that high-income carless families live in neighbourhoods with
higher transit accessibility and business density (e.g., downtown and around transit
lines) than their counterparts. Therefore, their public transit use is justifiable as it
is easily accessible in these regions. Notably, houses located in more accessible
areas are not affordable for disadvantaged households (see Figure 3.4). The descriptive
analysis shows that low-income and high-income car-owners mainly live in more remote
neighbourhoods where population and business density are low, and transit accessibility
is not appropriate (e.g., suburbs). In other words, low-income households prefer or are
forced to locate in remote areas, which have lower housing prices, at the cost of owning

private cars to compensate for reduced transit accessibility (see Figure 3.5).
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Table 3.2 : The descriptive summary of explanatory variables for carless and
car-owner households with income less than $40k and greater than $125k
(n = 65,458, N = 1,419,640).

Samples Low-income High-income
Carless  Car-owner Carless Car-owner
Normal (n) 5,354 16,859 1,267 41,978
Expanded (N) 155,103 376,303 23,161 865,073
Variables Proportion Proportion
Individual attributes
Age group
18-25 21.4% 14.3% 5.8% 10.6%
26-35 17.0% 12.8% 43.0% 16.9%
36-45 12.1% 16.8% 28.1% 24.1%
46-55 13.6% 17.3% 11.1% 26.2%
56-65 13.9% 14.9% 7.9% 16.3%
65+ 21.9% 24.0% 4.2% 5.8%
Gender
Female 60.5% 52.1% 44.6% 47.9%
Male 39.5% 47.9% 55.4% 52.1%
Household size
One-person 44.1% 19.6% 19.6% 2.4%
Two-people 29.1% 26.8% 54.5% 22.5%
Three-people 14.1% 18.1% 17.7% 23.2%
Four-people 8.0% 17.6% 5.6% 31.7%
Five or more people 4.6% 17.9% 2.7% 20.3%
Employment status
Full-time & part-time employee  48.6% 53.3% 93.0% 86.8%
Unemployment 51.4% 46.7% 7.0% 13.2%
Having transit pass
Yes 57.1% 18.5% 68.8% 23.8%
No 42.9% 81.5% 31.2% 76.2%
Having driving license
Yes 44.7% 87.5% 79.4% 96.0%
No 55.3% 12.5% 20.6% 4.0%
Sample y+o Sample y+o
Built environment attributes
Measure of accessibility to jobs 3.0£1.5 1.8+1.3 45409  18+16
using a gravity function
Population density (per person) 1.9£1.8 1.0+1.1 2.6+1.8 0.8£1.0
Business density (per person)* 1.6+2.6 0.7+1.2 43144 0.9£2.0
Intersection density (per person)* 1.2+0.8 0.9£0.6 1.8+£0.9 1.0£0.7

§ Gravity-based accessibility to jobs by transit estimates the total number of reachable jobs found in census tract
from each dissemination area.
¥ Local built environment characteristics of travelers come from the weighted sum of values normalized by area in

each dissemination area. These values are further divided by the mean density of all individuals.

3.4.3.2 Trip information

All trips of individuals are composed of various destinations and relevant travel modes.
Table 3.3 presents trip purpose frequencies of low-income and high-income households.
High-income carless households, mostly of work age, have work trips as the most
frequent destination (53%) and shopping and school trips as the least frequent trips (10%

and 1%, respectively) among all other subsamples. Thus, their higher employment rate
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confirms that they generally commute to work and are probably inclined to online

shopping.

Table 3.3 : The expanded frequency of trip purposes for low- and high-income
households in their daily trips.*

Symbol Description Low-income High-income
Carless Car-owner Carless Car-owner
H  Home 17,797  (8%) | 80,813 (12%) | 3,249 (8%) | 248,324 (14%)
w Work 63,153 (28%) | 171,764 (25%) | 20,354 (53%) | 705,664 (40%)
M Marketing/Shopping 47,618 (21%) | 137,481 (20%) | 3,841 (10%) | 186,870 (11%)
S School 25,761 (11%) | 41,704  (6%) 463  (1%) | 38,383  (2%)
F Picking up or dropping off someone (Facilitator passenger) | 3,294  (1%) | 91,497 (13%) 475 (1%) | 212,879 (12%)
D Taking kids to daycare 3,435  (2%) 12,009  (2%) 1,464  (4%) | 62,426  (4%)
(0] Other discretionary activities 64,854 (29%) | 146,167 (21%) | 8,705 (23%) | 302,263 (17%)

§ Trip chains which are not started and ended at home are removed.
" Home is excluded if it is at the start or end of the trip chain.

Table 3.4 summarizes mode share of each trip segment in our dataset. It illustrates
that low-income carless more frequently use public transit for their daily trips
than other categories. The result is consistent with the literature that the most
socially disadvantaged households are more transit-dependent in their daily trips than
others (Pucher & Renne, 2003). Low-income car-owners extensively use a private car
as their prime travel mode compared to low-income carless households, probably to
justify their car-ownership costs. Interestingly, high-income carless households make
48% of their daily trips by public transit and 42% of those by walking or cycling
as they afford to live in regions with much higher transit accessibility (see Table 3.2
and Figure 3.5). This scenario confirms that the higher levels of walking and cycling
access provide more opportunities for local active trips. Considering both high- and
low-income car-owners, the results show that although driving a car and taking transit
are their most frequent travel mode, low-income households also use a car as a passenger
more often than their counterparts (13% vs. 8%). It may be an indication of more
car-sharing among low-income families. Other than this observation, car owners of
different income levels have almost identical travel mode decisions.

Table 3.4 : The expanded frequency of the travel modes for low- and high-income
households in their daily trips.*

Symbol Description Low-income High-income
Carless Car-owner Carless Car-owner
C Car as a driver 2,962  (1%) | 729,314 (70%) | 1,028  (2%) | 1,950,778 (75%)
K Car as a passenger 29,545  (8%) | 135,020 (13%) | 1,411 (2%) 196,364  (8%)
P Public transit and Go rail 241,054 (64%) | 119,938 (11%) | 28,933 (48%) 289,711 (11%)
A Cycling and Walking (active transport) | 86,729 (23%) | 50,372  (5%) | 25,652 (42%) 129,904  (5%)
T Taxi and paid rideshare 11,882  (3%) 4946  (0%) | 3,610 (6%) 15,565  (1%)

8 Trip chains which are not started and ended at home are removed.
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3.4.4 Transit use, income, car ownership, and accessibility levels

Figure 3.6 demonstrates a cross-tabulation of income, vehicle ownership, and the
percentage of individuals with at least one transit trip per day. While carless households
overall have very high rates of transit use, the rates are highest among low-income
households (<$40k) at 73.3% vs. 60.9% for the wealthier households ($125k).
Moreover, while there are more than 155,000 people living in carless low-income
households, there are only 23,000 in carless wealthier households>. Notwithstanding
the potential for wealthier carless households to travel by taxi and ridehailing more
easily than low-income carless counterparts, the transit-use gap between incomes is
also informed by the maps in Figure 3.2, showing that high-income carless households
are extremely concentrated in the core of the city, with added ability to either walk or
bike. Conversely, low-income carless households are dispersed into the inner suburbs,

where there are more barriers to active travel.

1+

X 5.9% 5.9% 7.3% 7.8% 9.1% o8
139,617 172,564 357,253 227,593 500,916 o
é 14.3% 14.7% 15.1% 17.3% 18.0% 0.3
° 33,873 62,337 129,788 85,748 158,993 o
ﬁ 18.1% 20.5% 27.0% 32.9% 36.5%
137,591 139,254 211,279 98,512 159,709

38.8% 38.4%

0<VA <0.5

62,223 73,813

73.3% 75.4% 69.0% 64.6% 60.9%

VA=0

<40k 40k-60k 60k-100k 100k-125k >125k
Figure 3.6 : The percentage of individuals using transit in each class (people with
missing income data and no trips are excluded).
Interestingly, for car-owners, Figure 3.6 shows that the percentage of people that use

transit tends to increase with income. Conversely, among carless households, transit

use tends to decline with income, likely related to residential concentration of the

5[t is important to note that the TTS income categories are designed to give granularity at the lower-end
of the income scale, with nearly a full quarter of households earning higher than $125,000.
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carless wealthy, and the relative affordability of taxis. Moreover, it shows a much
steeper drop-off in transit use when moving from O cars to 0.5 cars per adult among the
low-income households compared to the wealthy. At face value, these statistics support
the hypothesis that when low-income households purchase a car, given its large expense
relative to income, they do so with intentions to use it fully. A study by Giuliano (2005)
declares that the poor own a car since it is their only solution for household maintenance
and income earning. Also, for many trips in the GTHA, the marginal costs by car are
far cheaper than for transit, making the use of a car a cost-saving decision, except for

trips heading to downtown Toronto along rapid transit corridor.

Figure 3.7 shows the relationship between accessibility, income, and car ownership
levels in the study area. It illustrates that carless households, regardless of income
level, tend to reside in neighbourhoods with higher levels of accessibility. Moreover,
increasing income corresponds with an increase in transit accessibility for zero-car
households. It suggests that high-income carless (and car-deficit, i.e., households with

less than a car per driver) residents afford to locate in places with higher levels of transit

accessibility.
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Figure 3.7 : Distribution of accessibility, income and car ownership for all
households.

Furthermore, it indicates that as the number of private vehicles increases, households
tend to locate further from the core, in car-dependent neighbourhoods where transit
accessibility levels are far lower, and the differences in accessibility are far less
pronounced across income groups. The findings are consistent with the maps shown in

Figure 3.2.
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4. METHODS

4.1 Chapter Overview

This chapter describes the method and algorithms used for the analysis in detail.
Section 4.2 introduces generating the sequential trip segments for exploring the
behavioural differences amongst residents according to their trip purpose and mode
used in GTHA. Afterward, it discusses the hierarchical clustering method and distance
matrix. Section 4.3 provides an overview of statistical and ML algorithms to
compare them, and their predictive performance and interpretability are investigated in

Section 4.4.

4.2 Trip Chain Analysis

This section explains the preparing process of the dataset and the structure of the model

to cluster people based on their daily trip chain.

4.2.1 Trip sequence generation

To evaluate residents’ daily activity patterns, first, a set of sequential trip segments,
including trip destination and travel mode is created. The raw dataset has a series
of end-to-end trips with their prime travel mode for each individual in a household.
Therefore, all trip segments of an individual with their relevant travel mode is combined
to create their complete daily trip chain. The notation used for each trip purpose and
transport mode is based on the symbols shown in Table 3.3 and Table 3.4. Figure 4.1
shows an example of trip chains of individuals, where the travel mode is in red, and
the origin/destination is in black. The trip chains of the first and the third individuals
include two travel modes; however, the trip chains of the second and fourth individuals
have a single mode in their daily trips. For instance, the trip chain of the first person

includes two travel modes, i.e., car as a passenger (K) and public transit (P).
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1) HKOPWPH
2) HKWKH
3) HTWAMAWPH
4) HCDCWCH
Figure 4.1 : Sample trip chains with their prime mode.

After constructing individuals’ trip chains based on their travel diary, the trip chains are
broken into three particular subchains, namely, mode chains, destination chains, and
destination-mode chains. First, each individual’s travel modes are broken into unigrams
(i.e., a contiguous set of modes). For instance, for the first person in Figure 4.1, the
set of modes is M = {K,P,P}. Second, the trip legs of an individual based on their
activity chains are broken into bigrams (e.g., S; = {HO,OW,WH} for the first person).
This way, the users’ transition among different destinations is captured. Finally, the trip
chains split into trigram of the origin, travel mode, and destination. With a gap of 2 and
the window size of 3, the complete trip chain of 7; = {HKO,OPW, WPH} is obtained for
the first individual. A gap of 2 for the moving trigram is required since the origin and
destination should be on both sides while the travel mode remains in the middle (see

Figure 4.2).

HKOPWPH

s O PW
WP H

Figure 4.2 : An example of a trigram with a gap of 2 to generate a set of the complete
trip chain.

How is the similarity of individuals determined using trip purposes, transport modes,
and sequences of activities-modes? The three sets of sequences is generated for the

first two individuals as follows.

S1 = {HO,0W,WH} Sy = {HW,WH}
Mlz{KaPaP} MQ:{K>K}
T1 = {HKO,OPW,WPH} T2 = {HKW, WKH}

The first one starts the trip from home (H), makes a discretionary trip (O) using a

car as a passenger (K), then goes to a workplace (W) by public transit (P), and finally
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returns home by transit (P). On the other hand, the second individual leaves home (H)
to work (W) as a car passenger (K) and then returns home (H) with the same travel
mode. Afterward, these textual representations are converted to a numeric vector of
term frequencies. Counting the number of behaviour repetitions for each individual
displays their travel characteristic compared to others. Table 4.1 shows the frequency
table for the trip legs of each individual in Figure 4.3. The frequency tables is used
to specify the similarity of individuals. Similarly, the frequency tables are generated
for the travel modes (M) and the complete trip chains (7) of individuals. These three
tabular frequency datasets are employed to determine the similarity of individuals’

travel behaviours.

Table 4.1 : Frequency table of trip legs for each individual (S).

Individual ID | Trip chain HO OW WH HW

1 HOWH 1 1 1 0
2 HWH 0 0 1 1

Measuring the similarity/distance is fundamental in pattern recognition and clustering
task. To cluster people according to their travel behaviour, the pairwise dissimilarity
between individuals’ trip sequences is computed. Previous studies emphasized the
particular use of the cosine similarity in the case of frequency-based matrices or sparse
matrices mostly comprised of zero values (B. Li & Han, 2013; Sidorov, Gelbukh,
Go6mez-Adorno, & Pinto, 2014; M. Li, 2019; Jahanshahi & Baydogan, 2022). Cosine
similarity, a popular metric in sequence mining, is the cosine of the angle of two
vectors in n dimensions. It is a recommended method for normalizing the length of
vectors (A. Huang, 2008; Murthy, 2012). The cosine distance of two numeric vectors

a and b associated with individuals Z; and Z is computed as

b n o aib;
DiScos(a,b) — I_Lb —1— Ez—l a;b; _ 4.1
ol = e o
where a - b is the dot product of vectors a and b, ||.|| is the magnitude of a vector, and

n is the length of each vector. The output of the cosine similarity metric is within the
range of 0 and 1, where O indicates a considerable dissimilarity, and 1 represents the
highest similarity between two vectors. The cosine similarity values is subtracted from

1 to generate the cosine distance for clustering purposes. Accordingly, the pairwise
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distance matrix is constructed for all individuals, then input this distance matrix into

any clustering algorithm to generate distinct clusters.

The cosine similarity between two individuals should consider all sets of sequences
shown in Figure 4.3. For instance, if only their complete trip chain consider, the
similarity becomes zero. However, if the mode choice considers, their similarity
becomes 0.45, and if activities/purposes consider, their similarity becomes 0.41 (see

Figure 4.3).

Individual 1

e One-day trip chain HOWH stor A
W HKOPWPH
T AA KPP Mode y. %o :
::.:_Slmllarlty: 0.41:

Similarity: 0 ﬁm ;
Individual 2 \A/ Similarity: 0.45

° One-day trip cha;in HWH Stop 4 ;
R HKWKH

KK Mode }

Figure 4.3 : Motivating example.
Therefore, in order to avoid simplistic rules in such a multifaceted problem, the average
cosine similarity of all three vectors is used to decide the overall trip similarity of two

individuals (s;;) as follows.

Sim(S,S2) + Sim(My, Ms) + Sim(77, T2)

3 4.2)

Sij =

Equation 4.2 is a multilevel similarity of individuals and is assumption-free (i.e., no
presumption is required to determine the prime mode or cluster). If the individuals’
travel behaviour is clustered based on a simplified rule (e.g., transit vs. non-transit
users), the importance of their destinations (i.e., trip purposes) probably is overlooked.
In such rule-based approaches, the frequency of taking each travel mode or even the
transition between modes, especially if a person is multi-modal is also disregarded.
This study uses the cosine similarity accounting for the number of, diversity of, and

transition between each trip leg/mode, better representing a person’s travel behaviour.
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4.2.2 Hierarchical clustering method

The clustering method is an unsupervised learning technique that investigates the
dataset’s structure by discovering and extracting its inherent patterns. Through
clustering, the pairwise distances between a set of observations are measured, and then
the dataset is partitioned into various subgroups (Sasirekha & Baby, 2013; Saxena et
al., 2017). Observations with the highest similarities are assigned to a subgroup called
a “cluster”. As a result, each cluster will be composed of homogeneous observations
but dissimilar from others. In other words, clusters seek to have the lowest intra-cluster
distances and the highest inter-cluster distances (Sasirekha & Baby, 2013; Murtagh &
Legendre, 2014).

In this study, an agglomerative hierarchical clustering algorithm, one of the most
widely used methods in data analytics is utilized. It divides our high-dimensional
dataset into homogenous clusters with similar travel patterns. The agglomerative
hierarchical clustering approach is a bottom-up method in which cluster hierarchies are
built by partitioning the individual data points into subclusters from the bottom and
then merging subclusters with similar patterns into a high-level cluster at the top. Since
the individuals’ behaviour rather than global behaviour considers, the agglomerative
approach is preferable to the divisive one. As recommended by Murtagh and Legendre
(2014), the Ward’s method is utilized in this study to minimize the total within-group
variance. The cosine distance of individuals’ trip chains, explained in Section 4.2.1,
is used as an input for the agglomerative hierarchical clustering. After applying the
clustering algorithm, the dataset is partitioned into four distinct clusters based on
average silhouette width metric. Average Silhouette Width (ASW) is a metric to
estimate the optimal number of clusters by computing the inter and intra clusters’ sum

of squares.

Although the agglomerative hierarchical clustering algorithm is employed to cluster
people, any other unsupervised algorithm (e.g., k-means) could have being used
for the same purpose. However, k-means is not recommended for this task as it
suffers from random initialization and requires preknowledge of the parameter k (Pena,
Lozano, & Larranaga, 1999; Celebi & Kingravi, 2012). When the estimation of cluster

numbers is not logical at the beginning of the procedure, the hierarchical algorithm is
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recommended (Ledn, Mkrtchyan, Depaire, Ruan, & Vanhoof, 2014; Pizzol, Strambi,
Giannotti, Arbex, & Alves, 2021).

4.3 Statistical and Machine Learning Methods

First, a brief discussion about the specifications of statistical and ML models is provided
in this section. Then, various performance metrics used to compare these models are

discussed.

4.3.1 Statistical models

Regression analysis, one of the widely used statistical modeling approaches, explores
the dependency of a predictor and responses. It helps to understand a causality
relationship between two or more continuous variables. LinR is one of the simplest
regression models with a linearity assumption. It is applied when the dependent
variable is continuous. In contrast, the Logistic Regression (LogR) applies for binary
outcomes, and it investigates the association between a categorical dependent variable

and other independent covariates.

One of the well-known count regression models is negative binomial regression, in
which the dependent variable follows the negative binomial distribution. It can be
utilized if the dataset has overdispersed count outcome — that is, the variance of the
data is equal to or greater than its mean. Zero-Inflated Negative Binomial Regression
(ZINB) and Hurdle model are examples of zero-inflated count models, particularly used
in dealing with excessive zeros in the data. In the zero-inflated model, excessive zeros
are divided into “‘structural” and ‘“sampling” zeros. Sampling zeros come from the
unusual Poisson or negative binomial distribution, assumed to be generated by chance.
On the other hand, structural zeros are observed by non-risk groups who structurally
are a source of zero (M.-C. Hu, Pavlicova, & Nunes, 2011; Hua, Wan, Wenjuan, & Paul,
2014). Either a mixture or a two-part modelling type, both ZINB and Hurdle models
consist of two processes and deal with two types of distributions: zeros and counts. In
the first process, a binomial model is utilized to estimate the probability of zeros versus
non-zeros (Zuur, Ieno, Walker, Saveliev, & Smith, 2009; Cameron, Trivedi, Jackson, &
Chesher, 1998). In this step, the zero-inflated model assumes zeros both as structural

and sampling zeros, while the hurdle model assumes all zeros as structural ones then
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formulate a pure mixture of zero and positive (non-zero) models (M.-C. Huetal., 2011;
Hua et al., 2014). Therefore, their difference lies in the way they treat different types

of zeros.

Another distinction between ZINB and the Hurdle model is in the second step, the
count model portion. A truncated-at-zero count model is implemented for the count
portion of the Hurdle model, while a negative binomial is used for the count portion
of the zero-inflated model (Zuur et al., 2009). Naive Bayes (NB) one of the simplest
learning algorithm uses Bayes’ rules. All of the statistical models are derived based on
assumptions about the data. Violation of these assumptions leads to ineflicient and/or
biased estimations. Conversely, there are no hypotheses or restrictive considerations in

ML methods.

4.3.2 Supervised learning models

An ML algorithm as a computational process adjusts and improves its architecture
through learning from the environment. This learning process stemmed from using
and experiencing input data to achieve a required output. Since this training process
constructs a fundamental part of this technique, most ML methods are classified based
on their learning into two broad categories, supervised and unsupervised learning
(El Naqa, Li, & Murphy, 2015). In supervised learning methods, the dataset labels are
known, helping the learning process to predict the outcome of new, unseen data. Both
classification and regression problems are classified under supervised learning as their

labels are known and are categories or numeric values, respectively.

A DT consisting of branches, decision nodes, and terminal leaves comes from the
recursively partitioned feature space of the training set. The purpose of these tree-like
structures, such as CART (Breiman, Friedman, Stone, & Olshen, 1984), is to construct
disjoint subnodes through a set of decision rules according to features. In a fully
developed tree, this splitting process of the dataset iterates until all possible decision
boundaries are tested and finally arrive at a terminal leaf, i.e., a homogeneous subnode.
The impurity level of each decision node and the expected entropy reduction is computed
to quantify the best split (Wang & Suen, 1984; El Naqga et al., 2015). The terminal
node in DT classifiers is the probability of a class, whereas the numeric estimated value

for the dependent feature is the terminal leaf of DT regressors. To avoid overfitting
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problems and improve the predictive performance of models, ensemble techniques such

as bagging (Breiman, 1996) and boosting have been proposed.

RF is an ensemble ML algorithm that aggregates a collection of DTs with a random
selection of features independent of previous attributes in each split (Breiman, 2001).
Similar to all bagging models, the ultimate prediction result of RF is taken based on
a majority vote of successive trees. Another tree-based ensemble model is Extreme
Gradient Boosting (XGB), a scalable gradient tree boosting system (T. Chen & Guestrin,
2016). It constructs consecutive weak trees by incrementally adding anew DT to prevent
overfitting issues and improve predictive performance for hard-to-predict instances. In
a set of sequential trees, each tree is fitted on the residuals of the previous tree to

minimize the loss of the last iteration (Friedman, 2001).

While tree-based algorithms are formed of branches and leaves, NN, considered a
“black box” algorithm, consist of layers and neurons (nodes). NN models are triggered
by feeding input data and going through the activation functions to estimate the output
values (nodes) using the sum of weighted connections in hidden layers. The most
widely used way of optimizing weights is the backpropagation method, in which the

weights are iteratively updated to minimize the total loss.

SVM is a supervised learning model which can be divided into linear and non-linear
models. To classify a linear dataset, a hyperplane (straight line) is determined to
define a boundary with a maximum margin between two classes and separate the data
points (Suthaharan, 2016). In a case that the training dataset cannot be separated into
two-dimension, the SVM transforms the given data into a high-dimension feature space
and searches for an optimal hyperplane using kernel functions. This hyperplane in
the transformed space is the line close to support vectors —i.e., data points on the
margin— with a maximum margin between those vectors (Cortes & Vapnik, 1995;

Vapnik, 2013).

One of the simplest supervised learning classifiers is the Naive Bayes (NB) model
that has a naive assumption about the training data. They assume that there is
conditional independence between all features given the class. However, NB algorithm

is implemented based on Bayes’ rule and computes the probability estimations of each
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class with an acceptable accuracy (Lewis, 1998; McCallum & Nigam, 1998). This

probabilistic approach can also be categorized in statistical models.

4.3.3 Cross-validation

An unbiased model evaluation process has two folds: training the model on a training
set and evaluating it on an unseen dataset, called a test set. Accordingly, the dataset
is split arbitrarily into two parts, namely the training and test sets. It mitigates the
overfitting problem. Nevertheless, this random split can produce bias (El Naqa et al.,
2015). The stratified k-fold cross-validation (CV) technique is used in the study to
alleviate the bias issue. It is the most common approach in which the entire available
dataset is divided into exclusive k subsets of almost equal size. The “stratified” CV is
adopted in case imbalanced classes exist. Hence, the same ratio between non-transit
and transit riders are maintained in the folds of our study; otherwise, the majority class,
i.e., non-transit users, might be overrepresented in some folds. In this technique, the
model iterates the training and validation sets k& times where a subset is selected as a
test set and the remaining ones as the training set. Each algorithm’s performance is
estimated using 10-fold cross-validation. In each iteration, a model is fitted on nine
folds and test it on the remaining one. After ten iterations, ten independent performance
scores for each model are recorded. Then, the average performance estimation during

the CV is reported.

4.4 Performance Metrics

One of the major steps in model selection is evaluating the algorithm’s performance.
In predictive models, the estimation of predictive performance reflects how well the
algorithm performs on unseen data. Therefore, selecting the best-performing model
requires an approach to compare and rank the model’s performance. In this study,
multiple performance metrics are adopted to evaluate each technique. For classification
problems, accuracy, precision, recall, F1-score, and the area under ROC (Receiver
Operating Characteristics) curve are used. On the other hand, the performance of
regressors is evaluated through R-Squared, Root Mean Squared Error (RMSE), Median
Absolute Error (MedAE), and Root Relative Squared Error (RRSE) metrics.
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4.4.1 Classifier’s performance metrics

The most commonly used performance measure of classification models is accuracy.
However, there are other performance metrics for classifiers such as precision, recall,
Fl-score, and the area under the ROC curve. In a binary classification task, labels
are divided into two classes, ¢ € {0,1}. The prediction outcome is represented as true
prediction of class ¢ (1) and its false prediction (F..). Accordingly, accuracy, precision,

recall, and F1-score are computed as follows.

1. Accuracy of a classifier is the ratio of correctly classified observations of each class
to the total observations as follows. It ranges from O to 1, where 1 is the highest

accuracy.

206{071} T,

4.3
206{0,1} Te+ Fe (*+3)

2. Precision of class c is defined as the number of instances predicted as class ¢ that
belong to the same class, i.e., it measures how accurate the model is in predicting

class c as follows. It ranges from O to 1, where 1 is the highest precision.

4.4
T+ F 4.4)

3. Recall of the class ¢ represents how many data points that belong to class ¢ are
retrieved correctly, i.e., how much the model recalls the instances of the class c. It
ranges from O to 1, where 1 indicates the highest recall.

1e

/
4.
TC+FC/’C7£C (4.5)

4. F1-Score is the harmonic mean of precision and recall.

2 x Precision x Recall

4.6
Precision + Recall (4.6)

5. AUC-ROC is a threshold-independent performance metric, whereas the previous
ones assume that 7. or F. is defined based on a threshold, typically 0.5. For
instance, if the probability of belonging to class c is greater than 0.5, it is predicted
as class c. However, the ROC curve is formed by the 7, rate against the F.

rate for all possible thresholds. Hence, the area under the ROC curve shows the
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predictive model’s performance comprehensively, thus alleviating the problem with
the threshold settings (Hernandez-Orallo, Flach, & Ferri, 2012). It ranges from O to

1, where 0.5 is the random guess and 1 shows the best performance.

4.4.2 Regressor’s performance metrics

For evaluating the predictive quality of different regression models, the goodness-of-fit
of each regressor is compared by measuring R-squared. Other performance metrics
are calculated based on the loss functions of the predicted errors, such as root mean
squared error, median absolute error, and root relative squared error. Unlike R-squared,

the lower values for them are desirable.

1. R-Squared (R?), a widely used measure of goodness-of-fit for count-data models, is
defined based on the proportion of variance in the dependent variable (y) predicted
by independent variables (X). It ranges from 0 to 1, where R? = 1 associates with

the best goodness-of-fit. It is computed as
Sica(yi—9:)* _, RSS
i1 (yi — )2 rss

where RSS is the residual sum of squares which means the sum of the squared

R2=1- 4.7)

difference between the observed and predicted values, while 7SS is the total sum

of squares.

2. Root Mean Squared Error (RMSE) is a frequently used metric for measuring the
performance of regression models. This measure that shows the standard deviation

of residuals is defined as
N 50)2
RMSE = |3 Wi B (4.8)
=1 "
3. Median Absolute Error (MedAE) is the median of the absolute error of the predicted

values. It is defined as

MedAFE = mediany; (|y; — 7i])- 4.9)

4. Root Relative Squared Error (RRSE) is the total squared error normalized by the

total squared error of the predictor, shown as
Yici(yi—9:)* _ |RSS
RRSE = : . . (4.10)
J i=1(yi —9)? rSss
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4.5 Non-parametric Statistical Tests for Comparing Multiple Groups

After estimating the predictive performance of statistical and ML algorithms using
various evaluation measures, the Friedman Aligned ranks test is used to statistically
examine the significant difference in each performance among all algorithms. On
top of that, Bergmann-Hommel post hoc analysis is employed to make a pairwise
comparison between models (Derrac, Garcia, Molina, & Herrera, 2011). The Friedman
test is a non-parametric statistical analysis with the block design that uses the ranked
values to perform a comparison between more than two models. This test is used
to determine if there is a statistically significant difference between the prediction
performance of at least two algorithms. In this study, the Friedman Aligned Ranks
test, including the advanced ranking approach is employed. The method of aligned
ranks is suggested when the size of our dataset is small (i.e., the data does not follow
the normal distribution) (Garcia, Fernandez, Luengo, & Herrera, 2010; Derrac et al.,
2011). Since for comparison study 10-fold cross-validation is used and only 10 values
are compared, then a non-parametric test can be used. On the other hand, as the folds
(datasets) remain the same for all iterations on different algorithms, a block design (i.e.
a paired test) is used to compare the performance of the algorithms. The Friedman test

facilitates such a pairwise comparison of the algorithms given each fold.

In this calculation, the average performance obtained from all algorithms in each fold
for each metric is computed. Then, the difference between the performance score
of each algorithm in each fold and the mean value of the same fold is calculated.
Finally, these aligned scores, obtained through repeating this step for all folds and
algorithms, are ranked from 1 to kn, associated with the best result and the worst one,
respectively (Garcia et al., 2010). These new ranks are called “aligned ranks”. The
Friedman Aligned Ranks test statistic can be defined as
(k—1)| Thoy B — (kn?/4)(kn+ 1)

T= . 4.11)
{[En(kn+1)(2kn+1)]/6} — (1/k) X7, R?

where R, ; is the aligned rank total of the jth algorithms, k is the number of algorithms,

}A%i, is the aligned rank total of the ith fold, and n is the number of folds.

If the null hypothesis is rejected (i.e., the algorithms do not behave similarly and there

is a significant difference between their performance), applying a post hoc analysis is
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neede to make a pairwise comparison. This pairwise comparison procedure detects
which model performs better/worse than the others (Garcia & Herrera, 2008; Garcia et
al., 2010; Derrac et al., 2011). Accordingly, the Bergmann-Hommel post hoc applies as
it is the best-performing procedure recommended by Derrac et al. (2011). In this study,
the scmamp package is utilized for performing both the Friedman Aligned Ranks test

and Bergmann-Hommel post hoc analysis in the R environment.

4.6 Spatial Efficiency Measure (SPAEF)

After sensitivity analysis of all algorithms in response to the transit improvement
policy, the spatial distribution of newly generated transit trips estimated are mapped
by all regressors. This study aims to compare the spatial patterns obtained from the
estimated transit trips by each algorithm. Hence, a multi-component metric suggested

by Demirel et al. (2018) is utilized

SPAEF =1—\/(a =12+ (8- 12+ (y —1)2 (4.12)

where « is the Pearson correlation coefficient between map A and B (i.e., « = p(A4, B)),
[ is the ratio of coefficient of variations illustrating spatial variability (i.e., 8 =

(Zi) / (Zg)), v is the percentage of histogram intersection, and n is the number
>y min(Kj, L

Z?:l K

L of map B are computed. For this study, the Python implementation of the SPAEF

of bins (i.e., v = )). For ~, the histogram K of map A and the histogram
by the authors (github.com/cuneyd/spaef) is followed to implement it (Koch, Demirel,
& Stisen, 2018).

4.7 Model Interpretability Tools

In addition to maximizing the prediction performance of a model, exploring which
features affect the prediction outcome is essential for creating new knowledge about
travel behaviour. Statistical models are categorized as intrinsically interpretable
algorithms in which the coefficients of models readily reveal the significance and
direction of each feature’s impact on output. Conversely, it is generally assumed that
ML models are “black-box” since their prediction results cannot be interpreted directly
by the model. Interpretability is one of the main concerns when it comes to adopting

ML algorithms (T. Kim et al., 2020; E.-J. Kim, 2021; Koushik et al., 2020). However,
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several post hoc interpretability techniques have been recently developed but seldom
used in ML applications within travel behaviour research. To understand how a model
predicts and which variables and to what extent contribute to its prediction, global and
local interpretability tools are applied. It is necessary to mention that employing an
intrinsically interpretable model is always preferred if the difference in its performance

and that of black-box models is insignificant.

4.7.1 Global interpretability

Global interpretability clarifies how a model predicts in general and what is the entire
behaviour of the model (Molnar, 2020). This approach quantifies the relationship and
contribution of each feature to the model’s prediction. Below are the descriptions for

some of the interpretability tools.

Feature importance is a widely used global interpretation technique calculated as the
total effect of each feature on the final prediction. It reflects how important a feature is
for the predicted outcome of a model. The most used approach is permutation-based
feature importance, in which the mean decrease in the performance of the out-of-bag
sample is computed after permuting the values of a feature (Casalicchio, Molnar, &
Bischl, 2018; Breiman, 2001). If the model’s prediction error is increased after such
permutation, it shows the feature is important, and the model’s performance is sensitive
to the change. On the other hand, shuffling the values of an unimportant feature does
not significantly affect the model’s performance. Ultimately, each feature is ranked
by its variation in the model’s prediction error after shuffling its values. Refer to

Appendix A.1 for more details.

Partial Dependence Plot (PDP) is a popular method to compute the partial relationship
between one or a set of features and the targeted response (Friedman, 2001). This plot
represents how changes in the distribution of one or two features affect the average
expected outcome of the model while fixing the values of the remaining features. When
there is no correlation between a feature and other predictors, the PDP accurately shows
how the features of interest affect the average prediction. The computation of a PDP
is straightforward to interpret; however, its main disadvantage is the independence
assumption between attributes (Molnar, 2020). The algorithmic way to obtain PDP is

explained in Appendix A.2.
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4.7.2 Local interpretability

Another category of model-agnostic interpretation tools is the local interpretability
technique emphasizing individual instances and examining the features’ effects on the
outcome per instance (Molnar, 2020). ICE, SHAP, and LIME are examples of local

interpretability tools.

Individual Conditional Expectation (ICE) plot is an extension of PDP that displays
the effect of each attribute on the final prediction for individual observations (Goldstein
etal., 2015). Instead of calculating the average partial relationship, ICE plots represent
how much a change in the value of a set of features affects the prediction of a single
instance (See Appendix A.3 for more details). To generate both PDP and ICE plots,

scikit-learn package (in Python) is used.

Shapley value (SHAP) is a recently developed model-agnostic technique whose values
are defined as the unified measure of feature importance. SHAP values, computed
based on cooperative game theory, represent the contribution of each feature to the
final prediction of a specific instance (Lundberg & Lee, 2017; Molnar, 2020). This
local contribution is measured by the difference between the prediction value of a
specific observation per feature (independent variable) and the average prediction of a
model according to various possible coalitions. When the feature 7 joins a coalition S,

its marginal contribution to the prediction f, is computed as

Ai(x) = fo(S) = fo(S\9). (4.13)

Therefore, the SHAP value evaluates the model’s prediction and features” impact within
every combination of features for each observation. The SHAP value (¢) for feature ¢

at an observation z using model f can be calculated as

Sl (p—1S|—1
sifmy= y  BEeolSiZD
SC({1,pP\{i}) P

|

where p is the number of features, S is a subset of features, f,(.S) is the prediction
value including all features in a subset of S and f(S\ ) is the prediction value of a
subset S without feature 7. For this study, the shap package in Python is used to

compute SHAP values.
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Local Interpretable Model-agnostic Explanations (LIME). Like SHAP values, this
method also provides local explanations of any model and shows the heterogeneity
of individual observations (Ribeiro et al., 2016). These explanations are given by
approximating the underlying black-box model to a simple interpretable model, e.g.,
linear models or decision trees, around a single input point (Molnar, 2020). LIME
perturbs numeric data features using standard normal distribution and categorical
features according to the training distribution. It then learns locally weighted
linear models on the attribute-space neighbor data points of a specific observation.
Accordingly, it locally interprets the predicted values of an observation through an
interpretable model. Thus, LIME models with the interpretability constraint explain

the instance z using the following notation

L(z)=argmin L(f,g,7)+2(g) (4.15)
geG

where ¢ is an interpretable model (e.g., the linear regression model), which minimizes
the loss L (e.g., RMSE), and 2 is the model complexity (e.g., the number of features).
Hence, the aim is to minimize the difference error between the original model f and
the explanation. On the other hand, 7, determines the proximity range around instance
x, which is considered for its explanation (Please refer to Appendix A.4). The 1ime

package in Python is used to implement the LIME interpretation.

4.8 Conclusion

The first aim of this study is to investigate the variations in travelers’ trip chaining
decisions and travel behaviour to understand how their activity-travel patterns differ.
To this end, a clustering-based framework is employed to group individuals’ trip
preferences and travel patterns according to their similarities. For this analysis, a
hierarchical clustering technique using an agglomerative algorithm is preferable to
other clustering methods since it does not require defining the number of clusters in
advance, unlike other algorithms such as k-means. The number of activity pattern
clusters in this study is also initially undetermined. The agglomerative hierarchical
clustering algorithm merges clusters to build homogeneous classes. This widely used
bottom-up approach is appropriate for this study since it begins by grouping individuals’

trip decisions as a single object, builds sub-clusters by merging similar clusters, and
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stops when it reaches homogeneous subsets. Accordingly, this clustering approach is

proposed to reveal hidden information about activity patterns.

To examine the dependency of transit use on other variables, regression models are
utilized. A ZINB regression model is used to explore the impact of the socio-economic,
built environment, and trip factors on the number of transit trips. The ZINB method is
a suitable model due to the high number of zero transit trips reported by individuals in
their daily travel diaries. With extra zeros in the dataset, the zero-inflated regression

model performs better in handling numerous zeros.

Since statistical and econometric models are easy to understand and have
straightforward interpretations, they are commonly used to estimate changes in travel
behaviour or traveler’s mode choice decisions. However, they fail to represent the
complex and non-linear relationship in the input. They also require a predefined
assumption about the data on the decision process. ML algorithms, in contrast to
statistical models, make no assumptions and identify the underlying pattern of the
data by experiencing and learning from the dataset. The advanced computational
power of ML algorithms to predict a traveller’s complex behavioural responses with
high prediction performance makes them a promising alternative in transportation
planning modelling and travel demand management. Nevertheless, there is still limited
research exploring the application of ML models in predicting transit trips. Selecting
a predictive model with high predictive performance can affect transportation policies
and travel demand management. In this study, the predicted performance of statistical
models and ML algorithms is compared based on various performance metrics. The
comparisons are made for classification and regression tasks to determine which model
in travel behaviour analysis performs the best. Additionally, the interpretability of ML
algorithms and features’ contributions to the prediction is evaluated since identifying
the factors that influence the outcome of the prediction is crucial for creating new

insight into travel behaviour analysis.
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S. TRAVEL BEHAVIOUR CLUSTERING

5.1 Chapter Overview

This chapter builds on the analyses conducted in Section 4.2 to identify residents’
activity-travel patterns in the GTHA, and investigate how income and car ownership
levels affect their travel decisions and behaviour according to their trip destinations
and travel mode choices. Further, the heterogeneity in travel patterns of low- and
high-income carless and car-owning households, and the effect that sociodemographic
and built environment factors may have on this heterogeneity are investigated.
Section 5.2 discusses the clustering result of low-income households. Then, the travel
patterns of low-income clusters are compared with high-income ones in Section 5.3 to
have a clear picture of the mobility decisions of different income levels. Particularly,

this chapter answers the following research questions:

(RQI1-1) How does car-ownership affect the trip chaining behaviours of low-income

communities?

(RQ1-2) How do the trip chaining decisions of low-income households differ from

those of high-income households?

As explained in Section 3.4.3 (see Table 3.2), only individuals aged 18 years or older
who are living in GTHA with either income levels less than $40k or more than $125k are
examined. Two extreme income levels consider and they are categorized as low-income
and high-income households. It helps explore the differences in travel behaviour
according to income levels. The dataset is also limited to adults as they are assumed
to be independent in their residential location, daily trips, and travel decisions. The
subset includes trips that start from and end in GTHA and excludes people with
an extraordinary number of trips (25 or more) or missing trip, income, and vehicle
ownership information. Since car ownership affects the travel behaviour of a person,

the dataset is divided into carless and car-owner people (Scheiner & Holz-Rau, 2012).
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Notably, carless people do not use the car as their travel mode unless they rent a car
or become a passenger in someone else’s car. On the other hand, car-owners have the

liberty to choose their travel mode.

5.2 Cluster Analysis of Low-income Travellers

To answer the first research question, the characteristics of low-income clusters in terms
of activity patterns, socioeconomic, and built environment features is studied. To this
end, car-owner and carless individuals are separately clustered into four clusters. Then,
the descriptive attributes of each cluster are explored, and finally, the logistic regression
(LogR) model is used to investigate the impact of socioeconomic and built environment

features on assigning an individual to a particular cluster.

5.2.1 Activity patterns of low-income clusters

The activity pattern section of Table 5.1 shows the descriptive analysis of each cluster
for low-income carless and car-owner households. Two clusters with their prime
destination as work in the carless category are defined: Clusters O and 3. Cluster 0,
including 46% of the low-income carless subsample, almost corresponds to work tour
transit riders having nearly half of their trip chains as simple work tours and 39% of
them as school and shopping trips. However, individuals of cluster 3, who commute
by foot or bicycle, incorporate 17% of the poor carless subsample. One-fourth of their
trip chains belong to simple tours with work destinations, and 35% of them are part
of simple tours for school and shopping purposes. It illustrates that work and school
trips have more similarities in individuals’ daily activity patterns. The remaining two
clusters (clusters 1 and 2), containing 37% of the low-income carless subsample, mainly
consist of non-essential trips. Figure 5.1a represents the trip legs observed in the daily
trip chain of at least 10 percent of the low-income carless strata. The majority in cluster
1 go to discretionary destinations by car as a passenger, whereas individuals in cluster

2 take public transit for similar trip purposes.

60



19

T0>d.°600>d 4 T0°0 > d 4 T00°0 > d 5 :S9POI 20ULOYIUSIS “10IsN[O USAIS © ur Futaq jo Ajiqeqoid oy 9ouap sanfea (oner sppo) YO

areysapta pred pue Ixe):y, ‘Lodsuen aanoe:y Nsuen orqnd:g Iosuossed 1ed:y JOALIP IBIID) o

san1Anoe KIRUonaIdsIp 191o:Q ‘reakep:( ‘(103ei[ioe)) yo-doip/dn-yoid: g ‘jooyos:s ‘Surddoys/Sunodeur: |y “YIom:a ‘OWOY:H ,

9z0'1T (0D wx S160  (6°0) wxx V080 (6°0) wxx €980 (I'T) wxx OSP'L (91 wxx 90TT (€T) vIoT (I'n y10T (TD) (17) Aysuap uoydasIAUL =4
wxx 16L°0 (9°0) . eor (90 8860 (9°0) « 960 (I'D « Ol (0°€) wxx 6£6'0 (ST . 9901 (6°0) wxx 0P80 (BT (17) Aysuap ssoutsngg m.ﬂ
ovo'T (01 #0560 (01 w60 (01 wxx CE60 (ST 9101 (90 920’1 (61 ovo'T (TD) s EITT (6 (17) Apsuap uonendog m
() uoyouny Kyaead | S
0001 (LD s 6SL°0 (9°1) s 1LLO (L) s 9501 (ST s ISP (8°€) s 6P T (0°C) s 9€8°0 (00 s LSP'T (0°€) © Sursn sqof 0} JNIQISSIE Jo AISEIPY W
€181 (9%99) s €0ET (BT wsexe T8Y'T  (°b8L) s 0S80 (ObLS) | wwsx ¥L9O (°b89)  was 6TST  (9%EY) s CELT (Ob16) s 98L°0  (%%SS) (%) VN z
PP8T  (B0E)  wwx 0S9T  (%b¥E) STTT  (BST) s 6LF0  (b0T) | s 890 (BTI)  sesexe S65°0  (°bL) $08°0  (°%9) w8780 (€D (%) sox Mq
(0N ::fou) 3derdyrom ayy je Sunpred day | &
s 60T (€L1)  ssxe 9860 (78) s 010T (101 s LV6O (0°E) wee S8L°0 (T wre €€0'T (8°6) s 10T (8°8) wee €660 (LD (1) (uny) sdiny Areuonaosi( Jo sue)siq
s L86°0 (L'LT) s PIOT  (TOD) s 1660 (LTD s ¥00'T  (1'TT) w1180 (F€) s 9L6'0 (€01) L66'0  (0'6) 0001 (9°LD) (1) (uny) sdixy A1ojepuejy jo dueysyqy | L
226 (%b001) 8960 T  (HO0D) s 6SE0  (%609)  ssexe 8L9°0 (%099) | sesx 16V0 (b¥S)  swwx OIE0 (bOY) s 8S1°0 (%8T)  wsse L8TO  (bTh) [CHEDN w
(ON :fo4) 3suddN| SurALIp SulAey m
w8060 (%8) s VO1'0 (%L) s COP'0 (BED) s SOLT  (bIS) | wsxe 61L°0 (%BTE)  swse SYE'E  (%b¥S) wx SPL'O (Ob61)  wwx €TS'9 (%OL) (%) S3K m
(0N :Jou) ssed ysuery Suiaey >
= 9ITT (ObIS)  wwxe €8S'T  (HES)  sax YOVO (IT)  wssx 6780 (%0F) x S6I'T (bTh) LYO'T  (ObSE)  wwx LTLO  (bFT) 1660 (%8€) (appuaz] :o1) (% d[ew) IIPUID m
wxx €86°0 (TS wex 8TOT (8S) wx L6670 (6S) s 996'0  (OF) wix VL6'O  (ED) wix STOT (LS) s STO'T (89) 2001 (Lp) (hedy | §
0000 0000 x 0IL0 sk OEP] % LLSO s €10°0 #xx €00 sk 08070 1daouapuy
R (0) (sonea) MO (sanfea) b (6) (sanea) R (6) (soneA) b (6) (sonea) b (6) (san[eA) b (6) (sanea) 40 (sanea) sa[qerieA juapuadapuy uoissaaday snsigor|
9 87T 9T TT 9T 6T T €T (1) sdray jo xdpquinN
%6 %S %TI %6 %9 %b¥E %8 %0T (%) Ayrepowr-nnp >
HOMOADH (%9) HDODH (%ST) HYMH (b11) HdOdH (°%01) HVSVH (bLT) HdOdOdH (%¢€) HLOLH (%01) HASdH Cbt1) m.”
HOUDHDHADH (%6) HOWDH (bLT) HMIADH (%€2) HdSdH (°%607) HVIAVH (%81) HAWJOdJH (%) HMINH b1T) HdNH (°%ST) (o)) s9duanbas dixy yuanbaay ysour ¢-dog, ,M
HOADH (°691) HOMOH (%87) HMOMH (%ST) HdMdJH (°L2) HVMVH (%92) HdOdH (%b¥t) HMOMH (%82 HdMdJH (b1) W
o] o) | d v d A od spowrowyg | %
A M O M M O O M suogeunsap yuanbauy ysow oy,
Cp11) L8S Ty (°h9) 9€L°T0T (©b¥1) SSL'6Y (b61) 9L9°89 (bL1) S€9'ST (bL2) T2r'or (b01) TOE'Y1 (°h9¥) 898°89 (2 321S 13)SNIY) S[ENPIAIPUL JO JoqUINU Y],
€ 4 1# 0# € (43 1# 0# sppsn)
JUMO-TeD) SSapIR))

“191SnJ0 uaAI3 oy 03 Surduoaq Jo Aiqeqoid ay) pue SPIOYSNOY WOIUT-MO] Jo uondridsap 1asn) : I°S d[qeL



Notably, cluster 2 has the highest multi-modality rate, i.e., using different modes to
reach their destination. They mainly chain their public transit trips with other travel

modes.

H: home, W: work, M: marketing/shopping, S: school, F: pick-up/drop-off (facilitator), D: daycare, O: other discretionary activities

C:car driver, K:car passenger, P: public transit, A: active transport, T:taxi and paid rideshare

Cluster 0 Cluster 1 Cluster 0 Cluster 1
HPWPH HKOKH HPWPH HKOKH

(N
@ W

Cluster 2 Cluster 3 Cluster 2 Cluster 3
HPOPH HAVAH HCWCH HCFCHCFC

oo

Q)

(a) (b)

Figure 5.1 : The travel pattern of four clusters for low-income carless and car-owners

(The transparency shows the frequency of each trip segment, destination/travel mode:

the lighter it is, the less frequent it will be). (a) Low-income, carless individuals. (b)
Low-income, car-owner individuals.

Regarding car-owner households, cluster O represents people taking public transit for
work trips. Despite having a car, they still rely upon public transportation to reach
their destination, probably due to car deficiency in their family. Individuals of clusters
1 and 2 frequently go to work, shopping, or other discretionary destinations as car
passengers or car drivers, respectively. On the other hand, individuals in cluster 3
have pick-up/drop-off trips, accounting for the smallest category (11% of low-income
car-owners). Expectedly, they have more trip segments, more trip numbers, and the
longest trip chains compared to other clusters (see Figure 5.1b). This may indicate that
using a car offers them more flexibility to visit different destinations while picking up
other people. Interestingly, all low-income clusters have a relatively low multi-modality
rate. It was expected that they use frequently multiple travel modes to complete their
travel needs because they live in less accessible neighbourhoods. Comparing carless
and car owners illustrates that low-income carless households are more likely to be

multi-modal travellers because they live in high-accessible and high-density areas
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compared to car-owners. They use multiple modes to reach their destination even if
they are poor and have no access to a private car. Therefore, the descriptive analysis
suggests a relatively low multi-modality rate for low-income households, i.e., mainly

relying on a single mode to complete their trip chain.

5.2.2 Socioeconomic characteristics of low-income clusters

The socioeconomic attributes section of Table 5.1 includes the independent variables
of each activity pattern, their odds ratios, and the significance levels of coeflicients
obtained from the LogR models. A LogR model is fitted on each cluster to estimate the

effects of independent variables on the membership of individuals in a specific cluster.

Regarding low-income carless households, the results show two distinct age groups:
middle-aged individuals often taking work trips (cluster O, 3) and elderly ones
often making non-work trips (cluster 1, 2). Although cluster O of this group is a
female-dominated category with the lengthiest mandatory trips, the odds ratios (ORs)
of these factors are insignificant in determining the cluster. However, the ORs of
having transit pass, accessibility, and population density of the same cluster positively
contribute to the membership. 70% of individuals in this cluster have transit passes
and use public transit as their prime mode, meaning that in the lack of private vehicles,
middle-aged low-income women are forced to take lengthy work trips by transit. Cluster
3 of the poor zero-car group is the youngest among other clusters. They use active
transportation for their short-distance mandatory and discretionary trips. The odds
ratio of gender in this cluster indicates that being male leads to an increase of 19.5%
in the likelihood of having this type of activity pattern. Clusters 1 and 2, mainly older
females, are more responsible for making non-work trips. The mobility patterns of
these groups underlines the traditional role of women in carrying more household labor
than men (Madariaga, 2016; J. Lee et al., 2018; Craig & van Tienoven, 2019). They
frequently make these trips, known as mobility of care trips, by public transit and by

car as a passenger.

Regarding car-owners, although the car use is more often than public transit (see
Table 3.4), cluster O reveals that females are the ones who mostly take public transit
while sharing a private vehicle in their household. On the other hand, within cluster

2, the probability of driving a car for daily activities increases by 58.3% for men
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compared to women. Also, cluster 3 is a male-dominated class, using the car for
pick-up/drop-off, with the highest number of trips (4.6). This is consistent with previous
studies denoting males have the first right of using a car in a household due to gender
inequality in access to the private vehicle between household members (Rosenbloom,
2004; Vance & lovanna, 2007; Anggraini, Arentze, & Timmermans, 2008; Scheiner &
Holz-Rau, 2012). Females of cluster 1 in the low-income car-owner group often
make their non-work trips by car as a passenger. The finding aligns with the
literature suggesting low-income women are more responsible for non-work trips,
noting there is a considerable disparity in access to a car among men and women in

their household (Simma & Axhausen, 2001; Blumenberg, 2016).

5.2.3 Built environment characteristics of low-income clusters

In the low-income carless groups, accessibility to transit is a significant predictor of
having different travel mode decisions and activity patterns. Although accessibility
has a positive relationship with clusters not taking a car, cluster 1 with people mainly
using a car as a passenger and living in low accessible neighbourhoods demonstrates
the opposite pattern. Cluster 3 has more variety in trip purposes (see Figure 5.1a) as
they live in the most accessible regions, i.e., downtown Toronto and Hamilton, where
walking and cycling are feasible. Unsurprisingly, an increase in the intersection density,
i.e., more walkable streets, increases the probability of walking or cycling behaviour.
It highlights the influence of built form and grid-like street networks on increasing the

number of pedestrians and cyclists.

Regarding car-owner households, females of cluster O are probably car-deficit
individuals living in inner suburbs or around transit stops. The positive and significant
coeflicient of transit accessibility for this cluster shows that an increase in accessibility
enhances the likelihood of having this activity pattern by 5.7%. They choose or are
forced to use public transit even with moderate transit accessibility (acc. score =
2.5). Comparing the transit accessibility of all low-income clusters demonstrates that
accessibility is a more significant factor for low-income zero-cars than car-owners. The
principal factor in driving a car for commuting among low-income car-owners is the

free-parking availability at the workplace.
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5.3 Comparing Low-income and High-income Household’s Travel Behaviour

To better understand the effect of income levels on travel behaviour, a cross-group
comparison between low- and high-income clusters is made. Also, car ownership
leads to different travel patterns among clusters. Accordingly, in the second research
question, the disparity in travellers’ trip decisions considering their income and car
ownership is explored. Table 5.2 describes the characteristics of high-income clusters

in terms of activity patterns, socioeconomic attributes, and built environment features.

5.3.1 Carless clusters

Comparing low- and high-income carless households reveals low-income households
have fewer and shorter distance trips compared to their high-income counterparts. Also,
it is consistent with the literature (Blumenberg & Thomas, 2014) that the low-income
clusters have a lower multi-modality rate than high-income ones. Among all wealthy
carless strata, cluster 2 has the highest multi-modality rate, and its population mostly
relies on public transport and active transportation in their daily trip sequences. For
instance, they use public transport to commute to work and walk back to their home (see
Figure 5.2a). The positive relationship between accessibility and intersection density
for such an activity pattern underscores the importance of accessibility and connected
street networks factors in encouraging multi-modal travel patterns. Such a multi-modal
cluster cannot be captured by a simple rule-based approach, defined only based on the
prime mode. It emphasizes the importance of using clustering algorithms in finding

behavioural patterns in people’s trip chains.
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H: home, W: work, M: marketing/shopping, S: school, F: pick-up/drop-off (facilitator), D: daycare, O: other discretionary activities

C:car driver, K:car passenger, P: public transit, A: active transport, T:taxi and paid rideshare
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Figure 5.2 : The travel pattern of four clusters for high-income carless and car-owners
(The transparency shows the frequency of each trip segment, destination/travel mode:
the lighter it is, the less frequent it will be). (a)High-income, carless individuals.
(b)High-income, car-owner individuals.

Expectedly, transit accessibility is a significant predictor for all carless clusters.
Comparing the odds ratio of transit accessibility exhibits a significantly positive
relationship for all high-income carless clusters compared to low-income zero-car ones.
Cluster 0 of low-income carless households live in poorer accessible neighbourhoods
compared to their counterparts (3.0 vs. 4.3). This may be due to higher home
prices around the main transit stops and network. The lack of affordable houses
near major transit hubs (see Figure 3.4) makes lower incomes more isolated in society,
leading to shorter trip chains and distance traveled. They are forced to settle down
in neighbourhoods with affordable houses but poor transit services while minimizing

their number of trips due to time or money costs (Allen & Farber, 2020b; Paez, Ruben,

Faber, Morency, & Roorda, 2009).

Cluster 0 of both income levels shares several identical characteristics. They mainly go
to work by public transit and take the longest traveled distance mandatory trips. The
main difference comes from the ratio of females to males in low-income households.
The intersectionality among low-income, living in lower accessible regions, not having

a private car, and being female makes them a vulnerable group in society.
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The travel pattern of low- and high-income households seems different when they take
other discretionary trips. Clusters 1 and 2 of the low-income carless group, who often
have non-work trips, live in relatively low accessible, population, and business density
neighbourhoods (see Figure 3.5). Accordingly, they mostly rely on others (car as a
passenger) to take their trips or on public transit. On the other hand, if high-income
carless households want to take discretionary trips, they mainly chain them with their
work trips. They also take long traveled distance mandatory and discretionary trips by

taxi or paid rideshare (15.3 km & 5.8 km, respectively).

Cluster 3 of both carless subcategories make their work trips mostly with active
transportation. Among all other clusters of their subsample, they live in neighbourhoods
with the highest levels of accessibility and density (e.g., downtown) and are the youngest
cluster. They also have the shortest traveled distance mandatory trips compared to
other groups of their subsamples as they mainly walk or cycle to their destination.
On the other hand, high-income households of cluster 3 live in more accessible areas
compared to their low-income counterparts (4.8 vs. 3.8). It indicates that the rich
can afford to live in neighbourhoods with higher accessibility scores (e.g., downtown)
in which walking and cycling are readily available. Surprisingly, despite the better
accessibility of high-income households in this cluster, they still have lengthier trips
than their counterparts in low-income groups. Besides active transport and transit,
wealthy families take taxis or paid rideshare (e.g., Uber and Lyft) for their daily trips.
Such a prime mode among low-income carless households is not observed since the

cost can hinder their freedom of choice.

5.3.2 Car-owning clusters

Unlike zero-car families, low- and high-income car-owning households have
significantly lengthier trips while living in more distant areas (e.g., remote areas in
the suburbs). This indicates that driving a car gives more flexibility to residents to
visit remote regions. In general, low-income car-owners are older and travel to closer
destinations than high-income ones. Furthermore, males are the main drivers of the car
in both car-owning families, and females choose or are forced to be transit riders or car
passengers in completing their daily trip chains. It aligns with the literature that women

have limited access to cars in car-owning households (Rosenbloom, 2004; Vance &
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Iovanna, 2007; Anggraini et al., 2008; Scheiner & Holz-Rau, 2012). For car-owners,
the free-parking availability at the workplace is an important factor. It has a positive

association with using a car as a daily travel mode among car-owner households.

Both income levels still have a cluster of public transit users, whereas the poor take
a car as a passenger as their prime mode, which is not the case in the high-income
category. These transit riders have the least number of trips and the least complexity
in their trip sequences. It may indicate that growing a variety of visited stops in a day
requires a flexible mode. This finding aligns with the literature that more complex trip
chains usually require a private car (Hensher & Reyes, 2000). The much better transit
accessibility is among transit users of both income levels (i.e., cluster 0) compared to
other groups of their subsample. Public transit does not provide the best alternative
for a car when it comes to the convenience of multiple trips with different purposes.
Therefore, people in car-deficit households (where they do not have one car per adult)

are constrained to take transit for their daily trips, leading to less flexible trip decisions.

On the other hand, cluster 2 of car-owners have the same most frequent trip destination
as work, whereas they often drive a car rather than taking public transit. Although
their destinations are the same, car drivers may chain their trips to shopping or other
activities. Hence, their discretionary traveled distance is slightly higher than transit
users. Their low rate of accessibility score, population, and business density values
may be the reason why they often use the car for their trips. While cluster 2 of low-
and high-income subsamples make lengthy mandatory trips, high-income households
take longer mandatory traveled distances than their counterparts (40.8km vs. 19.2km).
In contrast, the poor make lengthier discretionary trips (8.4 vs. 4.8) since their cluster

is more mixed between working destinations and discretionary trips.

Considering the discretionary trips, cluster 1 of high-income car-owners use their own
car, whereas low-income ones take a car as a passenger for shopping and visiting
discretionary destinations. It may be due to the lack of vehicles per adult in low-income
households. Similarly, the same cluster of the high-income category has a much higher
total distance traveled than low-income ones (51.7 vs. 22.8 km). It indicates that
driving a car increases the flexibility of going to different destinations. However, when
you are a passenger and depend on other drivers, you may visit limited destinations.

Besides, non-work trips in low-income car-owner households are made mainly by
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females (see the significant OR of smaller than 1 on Table 5.1). These women also are
more dependent on others by using the car as a passenger to make those trips. This
observation indicates the traditional role of females in carrying out household tasks
and the difficulty of depending on others to make their trips (J. Lee et al., 2018; Craig
& van Tienoven, 2019).

The pick-up/drop-off cluster is observed only for car-owners since having a car allows
them to pick up or drop off someone during their daily trip (cluster 3). Expectedly, their
trip sequence and traveled distance are higher than those of any other cluster. It confirms
that having a car allows travellers to have flexible and complex trip chains (Hensher
& Reyes, 2000). After they pick up or drop off someone, they continue their trips
to other destinations — e.g., commuting to work with their colleague who lives in
their neighbourhood. They are mainly located in suburbs where transit accessibility is

relatively low.

5.4 Conclusion

This chapter presents a thorough evaluation of the travel behaviour of low- and
high-income carless and car-owner individuals in the Greater Toronto and Hamilton
Area (GTHA). Further, it investigates the role of socioeconomic characteristics and

built-environment attributes in shaping the different patterns.

The whole dataset is divided into four subsamples according to income and
car-ownership levels. Then, each subsample is clustered into four homogeneous clusters
using hierarchical clustering on individuals’ daily activity patterns through their trip
destinations and the mode used. Several conclusions can be drawn by investigating the

results. The key findings relevant to research questions are summarized as follows.

(RQ1-1) How does car-ownership affect the trip chaining behaviours of

low-income communities

The mobility pattern of two clusters of low-income carless households underlines
the traditional role of women in carrying more household labor than men.
The findings show a cluster of young, carless households who walk or cycle
in the neighbourhoods where accessibility, land use density, and street design

prioritize active transportation over motorized cars. Furthermore, two key
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female-dominated low-income car-owner clusters are observed: one for those
forced to take transit with moderate accessibility and one relying on others for
their non-work trips though having a shared car in their family. It is consistent
with previous studies emphasizing inequity in access to a shared private vehicle
among men and women in their households. Moreover, low-income car-owners
are less likely to use multiple travel modes than carless households for their daily

trips because they live in low-density and low-accessible neighbourhoods.

(RQ1-2) How do the trip chaining decisions of low-income households differ from

those of high-income households?

The findings show that the higher housing prices around main transit lines lead
to the isolation of low-income households in less accessible regions, resulting in
their fewer trips, less multi-modality, shorter trip chains and distance traveled.
It highlights that low-income carless households face mobility and activity
participation barriers in the lack of multiple modes in low accessible and density
areas. Low-income carless families live in lower accessible regions, do not have
a private car, and are mostly female, making them a vulnerable group in society.
The wealthier carless households afford taxis or paid ridesharing (e.g., Uber and
Lyft) for their daily trips, whereas the cost hinders such freedom of choice for
lower incomes. Despite the higher accessibility of wealthy carless households,
they still have lengthier trips compared to low-income ones. The results show
that both low- and high-income carless groups, mainly including younger males,

use active transportation as their prime mode.

Low-income car-owning households are older and drive to nearby destinations
compared to those with higher incomes. Low-income car-owning households
have a cluster of car-deficit families relying on others for their discretionary trips
(cluster 1), whereas such a cluster does not exist for high-income car-owners. This
cluster of low-income car-owning families mainly includes females fulfilling the
traditional role of carrying out household tasks. Moreover, a cluster of transit
users is seen in both income levels who have the lowest flexibility in their trips,
indicating the critical role of cars for households living in lower accessible
regions. The pick-up/drop-off cluster of both income levels demonstrates

relatively identical characteristics.
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6. IMPACTS OF TRANSIT INVESTMENTS ON SHIFTING MODE

6.1 Chapter Overview

This chapter extends the aim of Chapter 5 in understanding the trip decisions and
preferences of residents in GTHA. According to the arguments started in Section 2.4,
this study empirically explores how transit investments, leading to accessibility
improvements, may change travel mode and transit use of different income and car
ownership strata. Overall, this chapter answers the questions below regarding the
consequence of increasing transit accessibility on changing mode decisions among

different income and car-ownership groups.

(RQ2-1) To what extent can transit investments in lower socio-economic

neighbourhoods enhance transit mode share?

(RQ2-2) To what extent are low-income car-owners sensitive to transit improvements

and shift their travel mode use?

A zero-inflated negative binomial model is employed to predict the number of transit
trips that a person has per day. Section 6.2 investigates the first research question
by exploring the models’ estimations in two phases: 1) using the whole sample to
fit a comprehensive model on the population and 2) exploring 25 stratified models
for different income and car-ownership levels (5 car ownership levels x 5 income
levels). This work allows us to explore the variability in response to accessibility. A
sensitivity analysis is performed in Section 6.3 to explore how changes to accessibility
will differentially affect transit trip generation throughout the region, particularly for
low-income car-owners. It provides answers for the second research question and
forms an additional layer of policy-relevant analysis, enabling us to directly evaluate
the potential for transit investments in low-income communities to unlock suppressed

demand for transit travel.
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6.2 ZINB Model Results

The dataset used for this analysis is limited to all adults who are aged 18 years or
older and living in GTHA (see Table 3.1). A zero-inflated negative binomial (ZINB)
model is estimated to investigate the influence and significance of socio-demographic
characteristics, local environments, and trip factors on the number of transit trips per
individual. In the analysis, the dependant variable is the count of daily transit trips of an
individual. A pool of candidate attributes that may affect taking transit are defined after
removing highly correlated covariates. The ZINB was selected because a large number

of individuals in the data were without any transit trips in their travel day (n=116,451).

ZINB models, unlike negative binomial, can deal with excess zeros and over-dispersion
of the data (Sultana, Mishra, Cherry, Golias, & Tabrizizadeh Jeffers, 2018). In
particular, the model comprises two distinct processes: one for generating zero values
with the probability p;, and the other for generating counts from negative binomial with
the probability 1 — p;. The zero-inflation portion of the model consists of a binary logit
model predicting non-occurrence, i.e., not taking transit, whereas the count portion of
the model predicts the frequency of occurrence, i.e., the number of public transit trips.
The results of the zero-inflation portion and count portion of ZINB are presented in
the form of odds ratios and incidence rate ratios, respectively. They are obtained by
exponentiating the coefficients of each of the model portions. Therefore, the expected

number of transit trips is computed as

E(yi) =pi x 0+ (1 —p;) X n; 6.1)

where n; is the expected transit trip count given it is not zero.

For this study, the weighted ZINB in which the weights are normalized TTS expansion
factors of each individual are utilized. Instead of using the direct expansion factors as
the weight, the weights are rescaled in a way that it sums to the stratum sample size.
They are normalized by the mean of expansion factors per stratum. These weights

correct biases that may occur due to non-representative sampling in the study region.

Table 6.1 contains the odds ratios (ORs), incidence rate ratios (IRRs), and significance
levels of model coefficients. OR values, obtained from the zero-inflation portion,

demonstrate the probability of having zero transit trips. In other words, the values
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greater than one shows the increase in the probability of not taking transit, and vice
versa. For instance, the coefficient for transit accessibility shows a negative relationship
for the zero-inflation portion and a positive relationship for the count portion of the
model, indicating an increase in accessibility leads to an increase in the probability of
taking transit trips!. For car ownership, owning more vehicles per adult in a household
reduces the likelihood of using transit. Unsurprisingly, households with one or more
cars per adult have a significantly negative coeflicient, indicating a lower probability
of taking transit than the other car owners. This interpretation may also represent the
association between poor transit service and a resident’s propensity to own a car. This
assumption is explored in Section 6.3. Contrasting the effect size of car-ownership
and income levels, the findings show that the number of vehicles per adult has a much
higher coefficient than income in the zero-inflation portion. Moreover, individuals with
a driver’s licence, after controlling for car ownership, are more reluctant to take transit
for their daily trips than those without a license. Likewise, free parking spots at the
workplace reduce the likelihood of using transit. On the other hand, the coefficient
of holding a transit pass is a significant predictor for taking transit. Males show 37.6
percent less inclination to take transit compared to females. Younger individuals have
more propensity to take transit (becoming one-year older reduces the probability of

taking transit by 2.8 percent).

Since travel mode choice is a function of the built environment (Cervero & Kockelman,
1997), the residential neighbourhood characteristics for each individual is appended to
the dataset. Accordingly, intersection density as a design metric comes from the total
number of 3-way or more intersections per square kilometer. The population density
in each Dissemination Area is from the 2016 Canadian Census, and business density
comes from the Canadian business registry. These variables are measured as the sum
of individuals and businesses per square kilometer, respectively. After controlling
for transit accessibility, the coefficients for population and business density show a
negative association with using transit. Similarly, the intersection density is negatively

associated with using transit. These results are somewhat puzzling, but assume that

1The alternative definitions of the transit accessibility variable to account for nonlinearities (quadratic,
cubic and sigmoid transformations was examined), but they do not result in improved model fits or any
changes in interpretation. Therefore, only the linear effect of accessibility in the models is considered to
reduce their complexity.
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Table 6.1 : ZINB model results (N= 3,279,979; n = 149,177).
Dep Var.= The number of Transit Trips

Description of Independent Variables ‘ ZINB Model

Probability of no Incidence rate ratio
transit trip (OR)>? (IRR) for transit use®?

(intercept) 0.007 *** 1.070 *

Distance of mandatory trips (km) 0.989 *#* 1.004 #**
Distance of discretionary trips (km) 1.017 *** 1.005 ***
Age 1.029 *** 1.002 ***

Household’s total income per year
(ref. category: <$40k)

$40k-$60k 1.112* 0.987

$60k-$100k 1.027 0.932 #*#%*
$100k-$125k 1.036 0.920 *#*
$125k+ 1.138 ** 0.919 #*#*

Number of vehicles per adult
(ref. category: VA=0)

0 <VA <0.5 11.414 *** 0.948 **:*
VA=0.5 24.7769 *** 0.921] ***
0.5 <VA <1 31.107 *** 0.901 ***
VA=1+ 78.198 *sk* 0.877 ***
Gender
(ref. category: Female) 1.371 #%* 0.986

Free parking at workplace
(ref. category: No)

Yes 11.691 *** 0.980
NA 4.839 *** 1.014
Having driving license
(ref. category: No) TATT ** 0.970 **
Having transit pass
(ref. category: No) 0.058 *** 1.414 ***
Measure of accessibility to jobs using a gravity
function (transit commute) 0.572 *** 1.069 ***
Population density 1.057 ** 1.004
Business density 1.056 *** 0.953 #*#%*
Intersection density 1.002 *** 0.999 ***

2 Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05

b People with no trips or an extraordinary number of trips greater than 25 are removed.

¢ Local built environment characteristics of travelers come from the weighted sum of values normalized by area
in each Dissemination Area.

they indicate that higher densities are associated with high levels of active travel,
something that is not discernable within a single-mode model like the ZINB. Having
long discretionary trips is a deterrent to using transit; however, longer mandatory trips

have a positive association with the probability of taking transit.

On the other hand, the count-model IRR values greater than one show a positive impact

on taking more transit trips, and those less than one have a negative impact on the
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number of transit trips. Considering the count model’s IRR, free parking spot at
workplace, population density and gender are not a significant predictor of the overall
number of transit trips. Moving from the reference low-income group to households
with total income greater than $125k per year corresponds to a %12.3 decline in having
more transit trips. Moreover, having more vehicles per adult in a household decreases
the number of transit trips. Similarly, individuals with a driver’s license have a 2.3%
lower transit trip rate. Conversely, holding a transit pass increase the number of transit
trips by 41.4%. Both the longer discretionary and mandatory trips have a positive

association with using more transit trips in their daily trips.

6.3 Sensitivity Analysis

In this section, 25 stratified logistic regression (LogR) models are generated, one for
each combination of income and car-ownership strata (5 x 5). The objective of these
models is to contrast the effect size of accessibility across different groups. To see the
probability of taking transit, the LogR model is utilized only for this section. According
to previous studies, the coeflicient of the zero portion of the ZINB may be difficult to
interpret by having structural and sampling zeros (Staub & Winkelmann, 2013; Hua et
al., 2014). Therefore, the LogR model is selected for this task. To compare the effect
size, an elasticity metric is used. Elasticity, as a unit-free measurement, is the ratio
of the percentage change in an independent variable associated with the percentage
change in a dependent variable. The elasticity of accessibility for each observation is

defined as

By, = B x z;(1— P) Vr; € R (6.2)

where F,, is the elasticity of individual ¢, 3; is the LogR coefficient of transit
accessibility, z; is the transit accessibility value of individual ¢, and F; is the estimated
probability of taking transit (Train, 2009). Then, these elasticities are averaged over

the population in each stratum (Ewing & Cervero, 2010).

n
— i=1 w; B

E, = 6.3

E, is the weighted elasticity where w; is the expansion value of individual :.
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In Figure 6.1, each grid defines the elasticity of accessibility for the corresponding
stratified LogR model. The weights of the model are the expansion factor of each
stratum normalized by the mean expansion factor of the same group. Interpretation of
elasticities are straightforward. For instance, the elasticity of 0.87 for the low-income
households with one or more vehicles per adult indicates that a 1 percent increase
in accessibility will result in a 0.87 percent increase in the probability of taking
transit. Incidentally, low-income and high car-owning households appear to have
the highest overall sensitivities to transit accessibility, indicating a latent demand for
mode-switching if only transit were better provided to them. There are about 140,000
individuals in this strata, representing a large proportion (26%) of the low-income
population. Overall, the top row shows that all households with one or more vehicles
per adult, take transit as transit accessibility improves. On the other hand, carless
households in the high and medium-income category prove to be insensitive to the
change in their accessibility, having a p-value less than 0.05. It can be the upshot
of the fact that most carless wealthy households are already transit users, or live
in places that allow for active travel lifestyles. Therefore, their transit accessibility
cannot be further improved to increase the probability that they will use transit. Of
course, improving accessibility may have other personal benefits for those carless
households, such as less travel and waiting times, greater reliability, and less crowding.
Interestingly, the effect of accessibility on transit ridership increases as households own
more personal vehicles. People owning cars are optional transit riders, thus, enhancing
their accessibility probably provides impetus to use public transport. The elasticities
tell us which individuals are more or less sensitive to accessibility improvements.
Next, these elasticities are applied to the GTHA’s population to ascertain how much
opportunity there is to generate additional transit trips by focussing investments at

different strata.

To estimate the number of new transit trips induced by a hypothetical transit investment,
1.e., accessibility increase, the stratified ZINB models are utilized to determine the
current number of transit trips (y§) for individual i in class ¢ as a baseline. Then,
while all other independent variables remain constant, the level of accessibility is
incrementally increased from O to 200k new jobs and estimated the new number of
transit trips (§§) for each person. The smaller gains in accessibility (less than 50k jobs)

would roughly be achievable by moderate investments in the existing transit system (e.g.,
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VA=1+

0.5<VA<1

VA=0.5

0<VA <0.5

=0
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<40k 40k-60Kk 60k-100k 100k-125Kk >125k
Figure 6.1 : Elasticity estimates of transit accessibility for 25 LogR models (income

and car ownership levels).8 Elasticity estimates were insignificant at the 0.05 level.,

more frequent service), whereas the largest accessibility gain (i.e., 200k jobs) requires
significant improvements in transit infrastructure (e.g., new rapid transit) (Allen &
Farber, 2020b; Farber & Marino, 2017). Having the baseline values, the change in the

number of transit trips per individual is computed in the weighted sample as follows:

C C
O U =y
— -

AY©

Vee {1...25} (6.4)

where n¢ is the total number of individuals in class ¢, and Ag€ is the predicted change
in the number of transit trips due to a change in accessibility within population class c.
The result of this analysis is demonstrated in Figure 6.2. The y-axis shows the expanded
number of newly generated daily transit trips per person in the GTHA by increasing
transit accessibility across the GTHA. These numbers include both transit trips shifted

from other modes and entirely new transit trips, and don’t differentiate between the two.

Noting a large number of carless households reside in places with a high level of
accessibility, a significant discrepancy in sensitivities of various income groups to
accessibility improvements is still observed. Figure 6.2 shows that among zero-car

groups, more transit trips are induced among low-income groups. Notably, these
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Figure 6.2 : The expanded changes in transit trips per person by accessibility
improvements. (The expanded population of each stratum is shown on the graphs).

low-income carless households already take more transit trips than other income and
car-ownership brackets (Figure 3.6). Moreover, Figure 6.1 showed the elasticity of
non-transit riders of each class given accessibility improvement (converting from 0 to
1), while Figure 6.2 depicts the total number of newly generated transit trips per person
—i.e., both new transit riders and increased transit trips among existing transit riders—
after accessibility improvement. Overall, households with one or more cars per person,
regardless of their income level, are less responsive to accessibility increase than other
car-ownership brackets. The results show that when households own more cars, they
are more willing to use them even if transit accessibility was improved. Notably, the
accessibility coeflicients of high and medium-income groups were insignificant for the
carless strata in the models, meaning that these curves should only be used illustratively.
Unsurprisingly, car-deficit households show more tendency toward taking transit after
accessibility improvements because it opens a new door for them to select another travel
mode. Notably, these households with less than a car per adult are strongly inclined to

choose public transit since they have to share a car in a household.

Figure 6.3 shows how much transit ridership growth is associated with each source.

It shows what percentage of new transit trips in each stratum originates from existing
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transit users and what percentage from new transit riders. It indicates improving
transit accessibility has a significant impact on non-riders of households owning one
or more cars per adult — i.e., VA=1+. These individuals have the highest sensitivity
to transit accessibility improvement. On the other hand, most zero-car families with
the least elasticity (Figure 6.1) are already transit riders. Therefore, accessibility
improvements entice more existing riders of carless households to take more transit

trips than non-riders.
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Figure 6.3 : The ratio of newly generated transit trips given existing and new users
after transit improvement (200k).

Among carless households, non-riders of wealthy families are easily absorbed after
transit accessibility improvement. However, the majority of low-income individuals
are already transit riders. Therefore, they tend to increase their existing transit trips
after accessibility gains. It illustrates that this stratum is still an unsaturated market,
and its individuals need to be provided with transit investment. Interestingly, three
car-deficit groups have almost equal potential for whether generating new transit trips

or expanding their current transit trip.
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Table 6.2 shows the response of each income and car-ownership level to a hypothetical
level of transit improvement. It indicates the estimated number of newly generated trips
after improving accessibility equally, by 50,000 or 200,000 jobs, or relatively, by 10
or 25 percent above existing levels for each respondent. The changes in accessibility
have the most disproportional impact on the three classes of households with less than
one car per adult (0<VA<1). The results illustrate that in total, 64% of new transit trips
belong to these three groups although they are only 47% of the whole population. They
are mostly living in inner-suburbs with a medium level of accessibility (Figure 3.7)
and sharing one car in a household. Therefore, accessibility improvements help these
family members to have another mode option for reaching their destinations. This
finding is consistent with a recent study by Blumenberg, Brown, and Schouten (2020).
They also found that car-deficit households (i.e., 0<VA<1) are more likely to use public
transit. On the contrary, transit riders with zero cars, on average, make only 13.2% of
the newly generated trips while comprising 10% of the population. As a result, transit
investments will contribute more to increasing transit trips of car-deficit households.
Moreover, families who own more than one vehicle per adult and live in suburban
car-dependent neighbourhoods are less likely to shift their travel mode. It is also
notable that there is no significant difference in the relative increase in new transit trips
for different income groups. The percentage of new transit trips for different income
strata has the same distribution as their population. It strongly suggests that increases
in transit ridership resulting from improvements in transit accessibility come from car

deficit households.

Table 6.2 : The expanded number of new transit trips generated for each class after
transit accessibility improvement.

. Accessibility Improvement

Strata Population 50k 200k 10% 25%

VA=0 340,902 (10%) 12,611 (10%) 70,417 (12%) 9,344 (15%) 25,855 (16%)
0<VA<0.5 324,050 (10%) 20,532 (16%) 91,225 (16%) 9,134 (15%) 24,154 (15%)
VA=0.5 746,345 (23%) 41,103 (33%) 163,889 (28%) 21,713 (35%) 54,365 (33%)
0.5<VA<1 470,739 (14%) 24,265 (19%) 110,860(19%) 8,452 (13%) 21,002 (13%)
VA=1+ 1,397,942 (43%) 26,633 (21%) 142,837(25%) 13,998 (22%) 36,963 (23%)
<$40k 531,406 (16%) 19,044 (15%) 104,732 (18%) 10,155 (16%) 28,538 (18%)
$40k-$60k 512,880 (16%) 21,229 (17%) 107,115 (18%) 10,490 (17%) 27,720 (17%)
$60k-$100k 873,514 (27%) 33,181 (27%) 144,396 (25%) 16,031 (26%) 39,979 (25%)
$100k-$125k | 473,945 (14%) 18,519 (15%) 82,548 (14%) 7,764 (12%) 20,128 (12%)
>$125k 888,233 (27%) 33,171 (27%) 140,437 (24%) 18,201 (29%) 45,974 (28%)
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6.4 Conclusion

In this chapter, the effects of accessibility improvement on transit use in the GTHA
are evaluated. The key assumption is if transit accessibility is improved in low-income
neighbourhoods, the low-income car-owning households will be more sensitive to these
improvements due to getting rid of the financial burden of car ownership. They might
be encouraged to use transit, leading to achieving simultaneously environmental and

social goals.

Therefore, ZINB model is employed to estimate the number of transit trips made by
individuals concerning their socio-demographic characteristics, local environments,
and trip factors. Further, sensitivity analysis is conducted to explore the effect size of
hypothetical transit improvements on individuals by different income and car ownership

levels. The key findings of the analyses are summarized below.

(RQ2-1) To what extent can transit investments in lower socio-economic

neighbourhoods enhance transit mode share?

Car-deficit households who have less than one car per adult (0O<VA<1) are more
inclined to use transit and generate newly transit trips if transit accessibility
improves. As they share a car in a household and live in inner-suburbs where the
level of transit accessibility is mediocre, transit investments provide them another
mode option to meet their mobility needs. On the other hand, households in all
income levels with more than one car per adult have less tendency to switch their
travel mode. When they own a car, they want to use it even if transit infrastructures
are improved. Among carless households, low-income individuals are still willing
to take more transit trips and increase their existing transit trips after accessibility
improvements, although they are already transit riders. On the contrary, a large
amount of transit trips among high-income belongs to non-riders. It indicates

that the low-income carless group still requires more transit improvements.
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(RQ2-2) To what extent are low-income car-owners sensitive to transit

improvements and shift their travel mode use?

Non-rides of households with one or more cars per adult are more sensitive to
transit accessibility improvements and transit trip generations. They are more
likely to use transit if transit services improve. However, in auto-centric areas
with poor transit, the transit use of low-income households drops off sharply as
car ownership increases. On the other hand, a sensitivity analysis suggests more
opportunities for increasing transit ridership among car-deficit households when
transit is improved. These findings indicate that improving transit in low-income
inner suburbs, where most low-income car-owning households are living, would

align social with environmental planning goals.
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7. COMPARING STATISTICAL AND MACHINE LEARNING MODELS

7.1 Chapter Overview

This chapter presents the comparative analysis of two travel behaviour modeling
approaches: statistical and ML models. It investigates how different ML techniques
can improve prediction performance in transportation analysis projects. To this end,
six of the most commonly used ML algorithms in travel behaviour studies, including
DT, RF, XGB, NB, SVM, NN, and statistical methods such as LogR, LinR, ZINB, and
Hurdle models as baselines are applied. Then, models are compared and the results of

the analyses are reported in the following sections.

The travel behaviour of low-income households with a total income of less than $40k
per year is evaluated in this study. As explained in Section 4.3.3, the dataset used for
this analysis is divided into 10-folds using a stratified k-fold cross-validation approach
to have an unbiased dataset. The performance of each model, fitted on nine folds and
tested on one fold, is estimated and then averaged after ten iterations. Afterward, the
recorded predictive performances of models are compared. This comparison is done
in two parts: classification and regression tasks. The questions explored in this chapter

are summarized below.

(RQ3-1) How accurate are ML models compared to traditional models in predicting

travel behaviour in response to transit investments?

(RQ3-2) To what extent are ML models interpretable?

This chapter is organized into four subsections to share the results. Section 7.2
reports the findings of evaluating and comparing algorithms’ performance on binary
classification, i.e., predicting the probability of taking transit by individuals. The results
of regression, i.e., estimating the number of transit trips taken per person are provided

in Section 7.3. Afterward, the sensitivity of the classical and ML models to transit
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improvements is explored, and findings are explained in Section 7.4. Finally, the upshot

of evaluating and comparing algorithms’ performance is discussed in Section 7.5.

Figure 7.1 illustrates a detailed diagram outlining the steps undertaken and the dataset
used in this section. A three-step approach is adopted. First, the predictive performance
of each algorithm using various evaluation measures is estimated. To statistically
examine the significant difference in each performance among all algorithms, a
Friedman Aligned ranks test is used. On top of that, Bergmann-Hommel post hoc
analysis is employed to make a pairwise comparison between models (Derrac et
al., 2011). In the second step, a sensitivity analysis is utilized to explore how a
model selection may influence different predictions, spatial distribution, and planning
policies. To check the difference in the spatial pattern of the predicted new trips, the
SPAtial EFficiency metric is applied for each map (Demirel et al., 2018). Finally, the
feasibility of the interpretability of ML models is measured by applying global and

local model-agnostic interpretation techniques.
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Figure 7.1 : The experimental design of the study.

7.2 Comparing Models on Predicting the Probability of Taking Transit

In this analysis, individuals having at least one transit trip in their trip chain are classified
in the C class, whereas Cj belongs to non-transit users. To predict the probability
of taking transit, six ML models as well as LogR as the baseline are employed. The
dataset used for this step consists of travel behaviour of low-income households. Each

model’s predictive performance is estimated using 10-fold cross-validation technique

86



discussed in subsection 4.3.3. Comparing the average performance of each algorithm,
Table 7.1 shows that RF achieves the highest predictive accuracy of 89.56%. The models
perform almost identically in forecasting the majority class, i.e., Cy (non-transit users),
by having an acceptable score for precision, recall, and F1-Score. However, there is
a significant difference in predicting the probability of taking transit, i.e., C; (transit
users). For instance, LogR performs poorly in recalling transit riders (70.57%) by
overfitting non-transit users. This underestimation also applies to NB, considering its
low performance in terms of the F1-score of the minority class. Overall, RF outperforms
others across various performance metrics. It has a balanced performance for both the
majority and minority classes. Moreover, it does not sacrifice the recall for having
high precision. In terms of the AUC-ROC curve, still, RF has the highest performance,
meaning that considering different thresholds for 7y and Fjp, it captures the behaviour

of non-transit users efficiently.

To investigate the significance of performance differences, statistical tests are employed.
Accordingly, multiple statistical comparison tests for the folds are selected (Garcia et
al., 2010). Friedman Aligned Ranks as a non-parametric test was chosen since the
sample size is small. The null hypothesis of the test is that there is no significant
difference in the algorithms’ performance. The p-value of the test for the obtained
accuracy measure is equal to 6.659e — 10 given ten folds. Hence, the results show that
differences in algorithms’ accuracies are statistically significant (for « = 0.05). The

same test is applied for all metrics, and similar findings are observed.

To explore the source of the difference, a post hoc analysis is applied. The post
hoc procedure assesses the difference between all algorithms in terms of the absolute
difference of the average ranking. It enables us to have a pairwise comparison among
models. Moreover, adjusted p-values are computed using the post hoc procedure.
Figure 7.2a is the matrix of corrected p-values for accuracy measure after applying
the Bergmann-Hommel post hoc analysis. Dark colors show higher adjusted p-values,
representing an insignificant difference between pairs of algorithms in terms of the
accuracy metric. Accordingly, RF is ranked 1.4 on average, and based on the p-values,
there is not enough evidence to confirm its outperformance compared to XGB and
NN (see. Figure 7.2b). However, they are statistically better than the remaining

algorithms, including the LogR, which ranked six on average. A detailed discussion
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Table 7.1 : Performance comparison of each classifier for predicting the probability
of taking transit in individuals’ daily trips based on 10-fold cross-validation.

[ DT RF XGB NN SVM NB LogR

Accuracy o, | X | 8812 89.56 89.33 8875 8802 83.93 8607
Y () 054 047 082 063 066 059 0.69
Precision X | 9127 9200 91.81 9216 9059 89.82 89.31
Casiong, G 1 o | 061 044 066 096 064 067 061
Recall. . X | 9254 93.82 9370 9244 9323 87.89 91.86
ccallcy o s | 08 076 093 168 060 060 084
FlScore.. | X |91:90 9290 9274 9228 91.89 88.84 90.56
Co | s 1 039 034 057 051 044 040 048
Precisionss | X | 7931 8258 8221 79.77 8037 69.36 76.54
Gl s 168 164 213 289 142 103 192
2 X | 7628 7815 77.61 7890 7406 7332 70.57
O (%) s | 195 140 199 311 198 201 195
FLScor X | 7775 8029 79.82 7924 77.07 7127 7337
WCOrec, GO ol 110 081 150 091 136 122 133
X | 90.68 9437 9423 9426 9349 8855 91.75

AUC-ROC @ |1 7020 042 055 046 049 058 059

*Cy is the class of non-transit users (majority class), and C'; is the class of transit users
(minority class).
of the differences between ML classifiers and the traditional algorithms is provided in

Appendix B.1.

7.3 Comparing Models on Estimating the Number of Transit Trips

To predict the number of transit trips, five ML regressors and three statistical models as
the baseline are utilized. In this step, Hurdle and ZINB as count models are employed
for the comparison. The reason for this decision is an excessive number of non-transit
users in the dataset. LinR, another statistical method, is used as the baseline. Table 7.2
illustrates the average performance of each regressor across ten folds. Tree-based
algorithms, i.e., RF, DT demonstrate a smaller error in predicting the number of transit
users. The results show that RF alongside NN and XGB has a higher R-squared value
on average. Considering RMSE and RRSE, the conclusion is the same; however, DT

is the one that outperforms all other algorithms in terms of Median Absolute Error.
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Corrected p-values using Bergmann and Hommel procedure
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Figure 7.2 : Friedman test result for classification “accuracy” after
Bergmann-Hommel post hoc procedure. (a) Corrected pairwise p-values using
Bergmann-Hommel post hoc procedure. (b) Average rank of classifiers (o = 0.05).
Edges between algorithms indicate an insignificant difference.

Table 7.2 : Performance comparison of each regressor for predicting the number of
transit trips in individuals’ daily trips based on 10-fold cross-validation.

[ DT RF XGB NN SVM LinR ZINB Hurdle

ReScuared o, | X | 5233 5822 5390 5537 5306 4674 4989  48.11
Ware€o s | 184 110 142 150 155 161 202 216
RMSE logs ) | X | 6946 65.04 6831 6722 68.93 7343 7121 7246
@ ls | 130 143 146 164 167 163 148 1.62

X | 682 1160 1214 986 809 2033 1097  14.68

MDAElosso || 056 090 068 146 021 084 072 055
RRSE losse, | X | 6903 6463 67.89 6680 68.50 7297 7077  72.02
@ sl 133 08 1.05 1.3 1.3 111 143 1.50

Figure 7.3 depicts the pairwise comparison of regressors. The values greater than 0.05

in Figure 7.3a indicate an insignificant difference between algorithms. For instance,

according to the Bergmann-Hommel post hoc test, there is no evidence for a statistical

difference between RF and XGB in terms of RMSE values.

On the other hand,

Figure 7.3b shows only the insignificant pairwise difference among algorithms. The

number on each node indicates the average rank of the algorithm given ten folds.

Accordingly, RF has the lowest average rank of 1 and is on a par with XGB and NN in

terms of RMSE. More details on the differences between ML models and the traditional

baseline for other metrics are provided in Appendix B.2.
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Corrected p-values using Bergmann and Hommel procedure
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Figure 7.3 : Friedman test result of regression “RMSE” values after
Bergmann-Hommel post hoc procedure. (a)Corrected pairwise p-values using
Bergmann-Hommel post hoc procedure. (b)Average rank of regressors (o = 0.05).
Edges between algorithms indicate an insignificant difference.

7.4 Sensitivity Analysis

To evaluate transit investment policy in low-income communities, the effect of transit
accessibility improvements on taking transit using sensitivity analysis of all regressors
is investigated. For this work, low-income carless households as a subset of the dataset
are selected to compare the predictive outcomes of all models for the disadvantaged
group. Figure 7.4 shows the average number of new transit trips after incrementally
increasing accessibility for low-income zero-car individuals. The ZINB model is
selected as the baseline model, coloured red in Figure 7.4. Since it is an interpretable,
less complex, and widely used model in the literature, it is considered a reference
model. Accordingly, the ZINB’s predictions with those of other models are compared.
Among all regressors, the ZINB model predicts the average number of new transit trips
after increasing accessibility to 200k jobs by more than 0.2 per person. Comparing
the variations in the predicted trip numbers using statistical models represents that
all ZINB, LinR, and Hurdle models follow a roughly identical trend. However, the
average number of predicted transit trips after increasing accessibility to 200k jobs
using LinR and Hurdle models is half of the ZINB ones. Comparing the results of

the SVM algorithm with those of the reference model, it can be seen that the curve of
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newly generated transit trips using the SVM model increases up to 100k jobs. Then, it
starts decreasing until it reaches 0 in 200k jobs. Such behaviour is also not observed
by other models. Moreover, the predictive behaviour of ensemble models like RF and
XGB is similar up until 60k jobs, but their prediction lines diverge beyond that. It
concludes that there is a difference among all models in the average number of new
transit trips after the largest accessibility gain (i.e., 200k jobs). Therefore, model
selection may impact policy evaluation. To choose the optimal model, a researcher
may consider the predictive performance and the interpretation of features contributing
to that prediction. Before discussing possible interpretations of the best-performing
model, this study explores how these prediction differences are spatially distributed in

the region.
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Figure 7.4 : The sensitivity of all models to the accessibility improvement for
low-income carless households (The baseline model is shown in red, the statistical
models in black, and the ML models in blue.

The spatial distribution of newly generated transit trips by low-income carless
households after increasing the transit accessibility level by 200,000 jobs is mapped (See
Figure 7.5). This accessibility gain explained by previous work (Farber & Marino, 2017)
can be achieved by investments in higher-order transit services. I created 1000x1000
m hexagonal maps to investigate whether there is a spatial similarity between models’
predictions of new transit ridership. The dark blue hexagons display the highest number
of individuals with increased transit trips, while the light orange ones define that no

individual inclines to increase their transit trips. The maps present a clear visual
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distinction in the spatial distribution of new transit trips predicted by each model. For
instance, the statistical models have small numbers of new transit trips in the Hamilton,
Brampton, and Newmarket regions, whereas ML models suggest new transit trips after
accessibility improvement in the same regions. In a special case of SVM, all the new
transit trips belong to the inner suburb of Toronto, and a negligible number of transit
trips in Downtown Toronto is observed. This observation is consistent with Figure 7.4
in which SVM shows a decline in the number of new transit trips if the accessibility is
significantly improved. Based on both Figures 7.4 and 7.5, only XGB have a similar

number of transit trips and spatial patterns to those of the statistical methods.

Besides the visual evaluation, the study aims to statistically compare whether there
is a significant difference between the spatial patterns of all maps. For this reason,
the SPAtial EFficiency metric (SPAEF) (Demirel et al., 2018) is applied. This
metric considers three statistical measures, including Pearson correlation, coefficient
of variation, and histogram overlap, and their outputs are integrated into one measure.
SPAEF values calculated for each map are reported in Figure 7.6. The high scores of
SPAEEF in the right bottom of this heatmap illustrate that all three statistical models have
high spatial similarities. On the other hand, they show a different spatial distribution
than that of to NN, DT, and SVM. Discarding the similarity of RF and XGB to traditional
approaches, you can see a dark 5 x 5 cluster of ML models at the top left and another
dark 3 x 3 cluster of traditional models at the bottom right. Thus, it concludes that
utilizing ML algorithms instead of traditional models may suggest different spatial
patterns of transit use after accessibility improvements (see Figure 7.4) and may result

in a different spatial policy recommendation at the end (see Figure 7.5).

In terms of the equity implications of selecting a proper model, the results show that
planners and policymakers may overlook some low-income carless households, living
in suburbans and having the tendency to take transit if it is improved. The spatial
distribution of transit trips predicted by traditional models shows a lower number of
transit trips in some regions. This may signify the least return on investments in transit
projects in those areas for planners. Accordingly, transportation planning authorities
will probably give less priority to expanding transit networks in those regions and
intervene in fulfilling the transit needs of groups at risk of transport disadvantage. Also,

the gap between the activity participation rate of car-owners and carless families will
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remain. Although some policymakers may suggest facilitating the access and ownership

of a private car for low-income carless households, it is neither an environmentally nor

financially efficient solution.

7.5 Model Interpretation

In selecting a predictive algorithm, the interpretability of a model can be as important
as the model’s predictive performance. The feasibility of the interpretability of ML

models is discussed to investigate whether there is indeed a trade-off between predictive
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Figure 7.6 : The heatmap of SPAEF scores.

performance and interpretability of models. Accordingly, the model-agnostic is used
as an interpretability approach; therefore, this process can be generalized to any other
ML or even traditional model. In this section, global and local interpretability tools
are applied for the best performing ML model, i.e., RF according to its predictive
performance to understand how a model predicts and which factors and to what degree
contribute to its prediction. Also, the number of transit trips is taken as an independent
feature. This experiment can be replicated for the classification task, i.e., predicting the

possibility of taking transit.

7.5.1 Feature importance

Given the Feature importance interpretation technique, the total effect of each variable
on the final outcome is computed. Accordingly, Figure 7.7 shows the influence of
each independent variable on having transit trips for the low-income carless stratum. It
denotes that the most significant variable in predicting the number of transit trips is the
mandatory trip length. Also, transit accessibility is among the most important variables
confirming that this measure is strongly associated with activity participation. However,
it does not show whether this feature affects the output positively or negatively. The

results show that driving licence possession, the free parking spot at the workplace,
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Feature importance
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Having driving licence 7] 0.0
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Gender{7 0.01

N
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Figure 7.7 : The importance of each feature for predicting the number of transit trips
using RF model.

and gender have the lowest score, i.e., the least importance in transit trip prediction. It

is aligned with our expectations of the variables.

7.5.2 Partial dependency plot (PDP)

To determine the partial link between each attribute and the targeted variable, PD
plot is generated. Furthermore, ICE plot are draw to understand the impact of each
feature on the final prediction for individual instance. PD plot (red lines) in Figure 7.8
illustrates how the variations of each independent variable affect the expected average
number of transit trips for vulnerable individuals. It also shows the direction of the
effect between independent features and the dependent variable. The disadvantage of
this technique is that it assumes there is no correlation between independent variables,
whereas this assumption is often inaccurate in the real world. For instance, there might
be some correlation between the number of people living in a region and its business
density. However, PDP fails to show the mutual impact of these two variables. This plot
indicates that the number of transit trips increases as either mandatory or discretionary
trip lengths increase. However, it shows that gender, free parking at the destination,

and driving licence do not influence one’s number of transit trips.

7.5.3 Individual conditional expectation (ICE)

The ICE as a local interpretation technique is also applied to see the effect of each
variable on the outcome of each observation. Each ICE line (blue lines) in Figure 7.8
represents how the dependent variable changes when an independent feature changes for
observation, while the PDP line defines the average of the line of an ICE plot (Molnar,
2020). This change in the dependent variable, e.g., the number of trips, is estimated

by keeping other attributes intact and incrementally increasing the specific feature for
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Figure 7.8 : ICE plot and PDP for predicting the number of transit trips after
increasing transit accessibility by 200k jobs (Blue lines indicate ICE plots).

a single observation, e.g., a single person. The plot shows 200 random individual
observations within the dataset and depicts how the prediction of the number of transit
trips changes as the independent variables change (blue lines). Unlike the PD plot
showing the average effect of an independent variable on the output, the possible
anomalies in the ICE plot are seen. For instance, although the longer mandatory
trips are, the more transit trips are taken, the results show some individuals for whom
increasing the length of trips decreases their transit use. It is expected for suburbs with
lower access to transit to use their own vehicle when their trip length is high. These
individual-level findings cannot be obtained by merely checking the coefficients of a
statistical model. Notably, these local interpretation tools are generalizable to any other
statistical or ML algorithm, facilitating the interpretability of any model with higher

granularity.

7.5.4 Shapley value (SHAP)

SHAP is applied to see how each feature affects the prediction of a single observation
in different coalitions (see Figure 7.9). In this study, Shapley values show the average
contribution of each feature to the predicted number of transit trips across all possible
coalitions of features, including and excluding this feature value. Therefore, it is useful
when the contributions of features are unequal, but they may affect each other. The sum
of Shapley values for all attributes of an individual is equal to the predicted number of

trips for oneself subtracted from the mean predicted number of trips for everyone.

Figure 7.9 illustrates that the length of the trips, whether mandatory or discretionary,

together with having a transit pass contribute the most to the number of transit trips
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Figure 7.9 : SHAP values’ distribution and mean. Features are sorted by their mean

SHAP values.

for low-income carless people — i.e., they have the highest mean SHAP value. The
density of the length of the mandatory and discretionary trips shows how common
different trip lengths are in the dataset, and the coloring indicates a smooth increase
in the log odds ratio of the transit use as the trip length increases. For the transit pass
possession, unsurprisingly, two clear clusters are observed: people owning a transit
pass have a higher number of trips and vice versa. A longer tail to the left for transit
accessibility means that living in low transit-accessible regions, e.g., suburban, can
significantly reduce the number of transit use, but high accessibility does not necessarily
significantly raise the number of transit trips either. For instance, in downtown, where
biking and walking to destinations are convenient and at the same time transit is

accessible, low-income individuals may prefer active transportation.

7.5.5 Local interpretable model-agnostic explanations (LIME)

To better understand the predicted values of a specific individual, the LIME tool is
utilized. Figure 7.10 shows two randomly selected individuals, one who does not use
transit and one who has five transit trips a day. LIME can be used to explore the
notion behind the predicted values for a specific user. As the author of the original
paper mentioned, it is also a way to check a model’s trustability (Ribeiro et al., 2016).
In this study, two extreme cases considers to see how each feature contributes to the
final prediction. The y-axis shows the condition that holds for the feature value, and

the x-axis shows the feature effect, i.e., its weight times its actual value. Figure 7.10a
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for the non-transit user shows that not having a transit pass, having short trips, being
middle age, and having low transit access lead to his preference for other travel modes.
Figure 7.10b for the frequent transit user indicates that her high number of discretionary
trips, better transit accessibility, having a transit pass, and being older have an impact on
her frequent transit trips. These detailed observations per individual are only possible
when local interpretability was used. Therefore, besides the global interpretability of
the models, a higher granularity of the interpretation sheds light on the model decisions

and the soundness of its predictions.

Local explanation
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Figure 7.10 : Two sampled individuals, one not using transit and one a frequent
transit user. (a) A non-transit user. (b) A transit user.

7.6 Conclusion

The model selection which can accurately predict the travel behaviour responses
to transport infrastructure changes is studied in this chapter. Since accurate travel
behaviour models can affect travel demand management and transport policy-making,
the potential of using ML algorithms to understand complex relationships between

variables is examined.
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Six of the most commonly used ML methods in travel behaviour studies and
five statistical algorithms are selected to explore the differences in their predictive
performances. The performance of each algorithm in estimating the number of transit
trips after accessibility improvements for marginalized populations are analyzed. The
main results and conclusion in response to the research question discussed before are

summarized as follows.

(RQ3-1) How accurate are ML models compared to traditional models in

predicting travel behaviour in response to transit investments?

The performance of different traditional and ML models in predicting the number
of transit trips and the possibility of being a transit user is explored. These two
tasks can be called regression and classification problems, respectively. Using
Friedman’s test with the Bergmann-Hommel post hoc procedure, the results show
that Random Forest, XGBoost, and Neural Networks significantly outperform
others in both regression and classification tasks. Random Forest as an ensemble
method, with its ability to capture non-linear rules in the datasets, achieves the
best rank among all other algorithms. Statistical models, mainly used in the

literature, have lower performance in predicting the behaviour of transit users.

On the other hand, the sensitivity of the individuals to transit improvements
may be interpreted differently if an inaccurate model is used. Therefore, the
model choice has a significant impact on the suggested policy. Even the spatial
distribution of the newly generated transit trips is different when traditional
models are employed. Accordingly, utilizing the best-fitted model based on

different performance metrics is recommended when proposing a policy.

(RQ3-2) To what extent are ML models interpretable?

Comparing the predictive performance of models through learning from data is of
importance. On top of that, interpretability provides insights helping researchers
realize how a model arrives at its accurate conclusion. Given the growing
importance of ML interpretability, several model-agnostic interpretation methods
are discussed in the study. These tools are flexible and can be generalized to any
model type. Using both local and global interpretability of the ML models,

this study shows that, despite the fallacy of calling them a black box, the model’s
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predictive decisions can be demonstrated using numbers and figures. The features
rank according to their importance, the direction and the significance of each
feature in predicting transit use are shown, and the numeric detailed analyses
per individual are provided. Thus, these model-agnostic interpretation tools can
capture the notion behind each model’s decision and have a balance between their

performance and interpretability.
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8. CONCLUSIONS

8.1 Chapter Overview

This chapter concludes the thesis and draws together arguments and results developed
through the analyses. Section 8.2 provides a summary of the thesis and the main
implications of the findings. The contribution of the dissertation to travel behaviour
and mode choice decision domain are discussed in Section 8.3. Section 8.4 discusses
policies to develop an equitable transportation system and reduce transport poverty.
Finally, Section 8.5 highlights several limitations in conducting this study and suggests

some directions for future works.

8.2 Thesis Summary

The primary role of transportation planning is to enhance individuals’ activity
participation to meet their mobility needs and reach their destinations. Consequently,
understanding how different socioeconomic groups plan their daily trips and what
variables impact their choices and preference are useful for travel demand management

and transportation planning.

Accordingly, this thesis investigates the activity patterns, trip schedules, and travel
mode decisions of individuals in the Greater Toronto and Hamilton Area (GTHA) using
multiple models and tools for obtaining a robust and reliable estimation. The research
aims of the study, background information on the research, and research questions
formulated into three main parts are discussed in Chapter 1. Chapter 2 presents an
overview of the literature with a focus on main research themes: transport equity,
travel behaviour of travellers, trip chain analysis, traditional and equity-based transit
investments approaches, the use of statistical and ML models in travel behaviour and
mode choice studies. In Chapter 3, the study area and dataset used for the analyses are
introduced. Chapter 4 explains the structure of models, algorithms, and tools utilized

for conducting the research in the next three chapters.
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In Chapter 5, travel patterns of low- and high-income carless and car owner households
are investigated using a clustering framework for their trip sequences. Given their
activity type and mode used, four distinct clusters are extracted for each group.
Further, the impact of socioeconomic characteristics and built-environment attributes
in structuring different travel patterns are comprehensively examined. In response to
transit use rate, the results show that females, regardless of income and car-ownership
levels, are the main transit riders whenever transit accessibility is appropriate. Among
carless households, low-income women more often take public transit than their
counterparts, although they live in neighbourhoods with low density and poor transit
accessibility. Notably, low-income senior women are at risk of transport poverty
because they largely depend on others to make their daily trips. Their activity patterns
illustrate that they are a passenger of either their relatives or taxis/paid rideshare travel
modes for their daily trips. Unlike the low-income people, wealthier carless individuals
locate in high-density regions with acceptable accessibility to transit services, and land
uses. Their mode frequency shows that they make 48% of their daily trips by transit
and 42% of them by walking and cycling (see Table 3.4). Accordingly, low-income
neighbourhoods of inner suburbs require to get the highest priority in transit planning or
investments. The integration of transportation and land use planning in low-accessible
places allows more trips to be made and increases activity participation rates. Density
and mixes of land uses can minimize the number of car trips and support transit
and active transportation use. Also, the housing affordability crisis can be addressed
through planning or introducing changes in zoning regulations to force developers to

build more affordable houses.

Car-owners who are populated households with four or more people tend to live in
remote neighbourhoods with low levels of accessibility (e.g., suburbs) and drive a car
to complete their daily trips. In low-income households, women are still passengers
rather than drivers even after owning a private vehicle. They commute to work or school
by transit when they are middle-aged and are located in places with appropriate transit
accessibility. It supports the previous findings that females less benefit from accessing
a car in households with a shared private vehicle (car-deficit households) (Naess, 2008;
Madariaga, 2016). Furthermore, most women make most non-work lengthy trips

due to carrying a disproportionate burden of household responsibilities and caring
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tasks (Madariaga, 2016; J. Lee et al., 2018; Craig & van Tienoven, 2019). Contrary to
previous studies, the longest trip chains are, on average, related to car-based trips, and
the least number of trips are made by public transit. A private vehicle or taxi user may
chain more destinations per their daily tour. It suggests that using a car provides higher
flexibility in trip-making behaviour. Interestingly, the most multi-modal travel pattern
has a high number of trips and a lengthy trip chain. This pattern is particularly observed
when public transit and active transportation are combined in places where transit
accessibility levels are high. This is evidence of the successful integration of transit
infrastructure and land use planning in downtown regions. On average, high-income
households use multiple modes and more trips compared to their counterparts when
they are zero-car families. This finding implies that in the lack of access to a private

car, providing multi-modal mobility options may improve the mobility of low-income

households.

Chapter 6 focuses on understanding how transit investments in low-income
neighbourhoods might affect transit use of households and change their mode use
behaviour. The hypothesis was low-income carless households may be largely
insensitive to transit improvements, the so-called “captive transit” users for whom
transit investments may not result in large environment or congestion co-benefits.
The case for low-income car-owning households is less predictable, with competing

arguments suggesting either:

(a) these households will be more sensitive to accessibility improvements since the
costs of car ownership and use are high, and many could benefit from using transit

rather than car if service levels were improved; or

(b) these households will be insensitive to accessibility improvements since once
owning a car, it usually provides a reduced marginal cost of travel, and households with
limited financial resources will not opt to pay for transit if they can drive places for

“free” (or rather at a low marginal cost).

In response to this dichotomy, the finding show that transit use is more sensitive to transit
investment in households that own cars, and most sensitive in low income, car-owning

households (with an elasticity almost equal to 1). It is strong evidence in support of (a)
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that for non-transit rider low-income households, owning a car is a financial burden,
and increased transit provides increased opportunity for mobility and transit use. At the
same time, however, the results show that the tendency for individuals in low-income
households to take transit reduces dramatically as soon as their household owns a
private vehicle, whereas it drops more gradually for high-income households. This
is evidence in support of (b), indicating that low-income car-owning households can
become extremely car reliant, and even less multi-modal than their wealthier car-owning

comparators.

Inboth cases, the findings are supported by spatial analysis of where different population
strata live vis a vis existing levels of transit supply or relative environmental dominance
of the automobile. Wealthier carless households tend to concentrate in neighbourhoods
where existing transit accessibility levels are high. This pattern becomes complicated
as income levels decrease. Low-income, carless households, are more dispersed in
lower-accessibility areas compared to higher-income, carless households, who are more

concentrated in the very core of the city.

Finally, since there is evidence to support that both (a) and (b) are true, the simulation
analysis can provide some insight into how these forces combine to result in an
overall transit ridership response in the region. The simulations, however crude,
apply accessibility gains to individuals across the region to determine among which
population groups the largest increase in transit use is seen. Here, the evidence is quite
clear; more new trips are predicted to be made by households with less than one car
per adult. There may indeed be more opportunity for increasing transit use overall
by targeting car-deficit households. Conversely, accessibility improvements in areas
where the accessibility gap between transit and car is large, and a significant number
of car-deficit low-income households are residing, would be an effective way of both
increasing transit ridership and improving equity. Nonetheless, this does not preclude
the possibility of first investing in targeted areas where low-income, car-owning,
and transit sensitive populations are presently residing. As seen in Figure 3.2, this
population is mostly living in Toronto’s inner suburbs, indicating that both social and

mode-shifting goals can be achieved if investments were made there.

The finding of the thesis provides evidence that housing policies in coordination

with transportation policies are essential to facilitate the transit accessibility of poor
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households (Pucher & Renne, 2003; Kramer, 2018). Housing policies that provide
affordable housing in areas with higher levels of accessibility will be a strategy to
prevent low-income households from incurring the financial burdens of car ownership.
On the other hand, built environmental variables such as mixed land uses, walkable
street networks, dense neighbourhoods, safety in neighbourhoods, employment, retail
densities, and so on influence transit ridership. Accordingly, itis suggested that planners

considering neighbourhood characteristics in evaluating local scale projects.

Chapter 7 builds on the argument of Chapter 6 and uses the same dataset for evaluating
the prediction performance of different transportation models. This Chapter compares
the application of traditional and ML methodologies in exploring how different people
respond to different types of changes, transit accessibility improvements, in their
land-use environment. Comparing the predictive performance of all models showed that
Random Forest (RF) classifier and regressor are the most accurate methods for modeling
the transit demand of low-income households. The higher value of F1-score for both
non-transit and transit user classes indicated that the RF model has high robustness
and precision. Additionally, its R-squared value on average was significantly higher
compared to all other models. Conversely, traditional models, e.g., the ZINB model
or LogR, showed a statistically lower performance based on both threshold-dependent
and -independent metrics. From the equity-based perspective, the impact of transit
investment, in terms of accessibility improvement, on the potential transit trips by
low-income individuals was examined. The sensitivity of the models to the accessibility
gains was significantly different. It showed a 17% difference in the number of predicted
new transit trips across the models tested. Undoubtedly, any transit plans or policies
framed by each model will have different equity impacts on low-income communities.
Afterward, the newly generated transit trips across all models are mapped to examine
the spatial distribution of transit trips in the region. The maps showed a heterogeneous
spatial distribution of new transit trips by vulnerable groups among traditional and ML
models. For instance, ML models proposed a potential for the new transit trips in
Hamilton city — i.e., potential investment in that region. However, statistical models

did not demonstrate a significant number of transit trips for the same region.

Further, the global and local interpretability of the best-performing model, i.e., RF was

explored. Five different model-agnostic tools were utilized to investigate the effect of
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each feature on the number of predicted transit trips in two levels of granularities —
e.g., group and individual interpretability. The length of the trips, having transit pass,
and accessibility to public transit have the most impact on transit use. Throughout the
analysis, findings suggest ML models are both accurate and interpretable via external
interpretability tools. Based on the experiment, utilizing a model that is both accurate
and rational is recommended- that is, its global and local interpretation can be supported

by pre-existing knowledge or theory.

8.3 Thesis Contributions

As summarized in Section 8.2, this thesis thoroughly evaluates the travel behaviour of
low- and high-income carless and car-owner individuals with a focus on their trip chains
and their sensitivity to transit investments. Furthermore, it evaluates ML applications in
transportation mode choice analysis to develop equitable transport policies and reduce
transport poverty. The major contributions of this thesis to travel behaviour studies are

listed below.

e In Chapter 35, this thesis contributes to the literature in at least four ways. First,
previous studies have utilized predefined rules and arbitrary assumptions for trip
chains. This study alleviates the subjectivity issue of rule-based approaches by
leveraging presumption-free sequence clustering. Second, previous works looked
at the trip purpose and mode choice as two separate variables. However, this study
aggregates each trip’s activity types and mode choices to construct trip sequences and
understand travellers’ behaviour. Third, this work considers all non-work activities
separately, noting other studies tend to unify all non-work trip purposes into a single
group. This decision provides deeper insights into different non-work activity
types. Fourth, to the best of our knowledge, this is the first study to comprehensively
analyze all possible trip chains, classify travellers’ mobility patterns in terms of
their trip destinations and mode use simultaneously, and compare travel patterns of

populations in the GTHA.

In sum, this study investigates travel patterns of residents by a cluster-based
framework considering activity type and travel mode simultaneously in chaining

trips in the context of transit equity. This approach provides insights into trip
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chain sequences, interdependencies, and the activity types related to mode choice

behaviour.

Concerning the arguments provided in Section 2.4, this thesis explores whether
transit investments in low-income neighbourhoods are likely to result in increased
transit use, thus congestion and environmental co-benefits, as well as reducing
socio-spatial inequalities for disadvantaged communities. To this end, Chapter 6
of this thesis empirically evaluates two contradictory arguments mentioned in the
literature. First, if owning a private vehicle bears a substantial burden on low-income
households, they are expected to display more sensitivity to transit accessibility
improvements and to be more likely to switch their mode from car to transit. Second,
if low-income households are either already transit users or reluctant to shed their
car after their sizeable investment, improving transit accessibility in low-income
neighbourhoods will not necessarily be associated with mode shifting. Notably,
auto ownership cost for a family includes expenses for car purchase, lease, loans,
fuel, insurance, maintenance, parking, and so forth. However, our dataset does not
include this information. This study reveals that car-deficit non-rider households are
more likely to take transit trips after increasing transit accessibility. Among carless
groups, existing transit riders of low-income carless households are encouraged to

take more transit trips.

Chapter 7 presents the methodological contribution of this thesis. The feasibility
of using ML algorithms, whether classifiers or regressors, is explored compared to
statistical models in predicting the number of transit use. In the comprehensive
comparison, different predictive performance metrics are computed, and the
interpretability of ML models using both global and local interpretability techniques
is evaluated. To investigate whether model selection would affect the justice-based
interpretation of the scenario, a subset of the dataset, i.e., low-income carless
individuals, is chosen. To this end, a scenario with enhanced transit accessibility
throughout the region is tested to see how people living in low-income households
respond to transit investment policy. Further, the spatial distribution of the forecasted

transit trips after transit improvements in the region is compared.
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8.4 Policy Recommendations

The main purpose of this thesis is to improve individuals’ activity participation by
identifying their trip decisions to reduce inequalities in access to key destinations and
limit travel barriers for all residents, particularly those who are at the risk of transport
poverty. The findings in the previous chapters reveal that there is still a special need
to develop transport policies in Toronto for improving public transit to facilitate the
activity participation of residents in low-access neighbourhoods. These policies could
be possible by enhancing transit infrastructure projects across the region or any fare
integration programs to reduce the cost of using transit for low-income households.
An equitable fare system working with existing and future transit developments could
encourage residents to drive less and help in increasing regional transit ridership.
Additionally, land use regulation enabling high-density, mixed-use developments
close to transit stops and better integration of urban developments and transportation
decisions could provide the environment facilitating walking, cycling, and transit use.
The policies to be developed to encourage good travel behaviour and prevent negative

externalities are as follows.

8.4.1 Policies for equity outcomes

Given how individuals travel in terms of their trip destinations and travel mode choices,
this study provides evidence to focus on improving transit services in low-access
neighbourhoods with more low-income families who are more dependent on transit

for their daily trips.

The results indicate that public transit is frequently used by low-income females
regardless of their car-ownership levels. They use public transit for completing their
lengthy work trips while they are living in households with a shared private car. Their
reliance on public transit, which is less convenient than private cars, highlights that
women have less access to resources for their daily trips. Therefore, authorities and
policymakers must consider female needs in transport planning and transit investments.
Moreover, the findings reveal that females, who are primarily responsible for non-work

trips in low-income carless households, take public transit or car as a passenger.
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It may reflect a need to reconsider transit stops in locations where non-work trips
are occurred to facilitate their travel needs. Further, public transit operators and
companies should prioritize the quality, convenience, and safety of services for their
main riders. Alternatively, the government may consider designing programs for

low-income females to help access car-sharing services at low costs.

The results of this study confirm that low-income households have fewer trips than
high-income families in their daily trip chains. Possible policies for enhancing their
activity participation may be designed to improve transit access in areas where there
is a high concentration of low-income residents. They should also aim to reduce
the cost of travel in certain regions through transit fare reductions. Due to the high
cost of designing a new transit line or extending the existing routes, the possible
solution would be to increase the frequency of existing lines by reducing the travel
time and adding multiple-car vehicles. Notably, it may be a more feasible strategy
for implementation in urban areas where a fast and high-capacity transit network is
required. Transit authorities may prioritize investing in Bus Rapid Transit (BRT)
services in routes with a large demand. Bus rapid transit, including dedicated bus
roadways, reduces the travel time by owning its right of way and avoids delays in the
mixed, congested roads. BRT system also would be a cost-effective transit service
because its operation, establishment, and maintenance cost are less than rail network

services and infrastructures.

Furthermore, this study shows that improving transit accessibility in disadvantaged
areas can increase the number of existing transit trips and unlock the suppressed
demand for non-riders. The findings reveal that the potential benefits can be reaped in
inner suburbs with a high concentration of car-deficit households. The cost of owning
a car can be a financial burden for them. Therefore, improving transit accessibility
and providing transit supply create opportunities for residents with a shared car in
a household to engage in daily activities, increase the overall transit ridership, and

alleviate equity concerns.

8.4.2 Policies for sustainable outcomes

In the course of achieving sustainable development objectives and reduced pollution

emission targets, policies supporting active transportation modes and reducing the use

109



of cars receive more attention from policymakers, authorities, and the government.
According to the results of this study, although most low-income families live in
Toronto municipal boundaries where public transit services are almost accessible,
there is still a large number of car-owning low-income communities living in remote
and low-accessibility neighbourhoods where the housing price is affordable for them.
They own private vehicles and mostly make their trips by car to reach their destinations.
Due to their significant investment in owning a private vehicle, they are often unwilling

to give up using their car for daily trips.

With an aim of reducing their car trips, the result of this study shows that car-owning
households can be persuaded to take transit trips, whether newly generated trips
or switched from other modes, if transit accessibility is improved. Accordingly,
transit investments in areas with a high concentration of car-owners may result in
mode-shifting from private cars to public transit, thus resulting in environmental
benefits. As a result, integrating land-use policies and transit planning is recommended
to encourage more sustainable urban developments and travel behaviours. Urban
planners and policymakers also should focus on enhancing new employment centers
and mixed-use growth within the surroundings of existing transit services. These dense
and transit-oriented developments contribute to access opportunities easily and reduce
car-reliant trips, traffic congestion, and environmental problems. Therefore, this study
demonstrates that the modal shift policies and interventions through improving transit

services could be a viable solution to contribute to sustainable outcomes.

Further, the findings of this study show that individuals living in neighbourhoods,
where the land use and intersection densities are high are more willing to use active
transportation. Therefore, more connected street networks and intersections ease
taking short trips by walk or bicycle. Accordingly, making long-term investments in
neighbourhoods within walking distance to essential destinations could be an effective
solution for sustainable outcomes. The key impact of neighbourhoods and street designs
encouraging walking or biking may confirm that policymakers should prioritize built
environment consideration in their policy plans to promote active transportation modes.
They should review the design and planning of streets to provide a safe and attractive
environment for pedestrians and cyclists. Implementing dedicated bike lanes and cycle

tracks separated from mixed traffic could be another design solution to entice cyclists
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and improve their safety. Urban planners and designers may consider other streetscape
design policies (e.g., providing adequate street lighting and pedestrian crossings) to

enhance pedestrians’ safety during the day.

8.4.3 Policies for model selection

Investigating the capability of statistical and ML models in predicting travel mode
use and travel behaviour responses of vulnerable people shows that ML algorithms
outperform the traditional models in terms of predictive performance. Moreover, there
is a heterogeneous pattern among traditional and ML models in predicting transit trips
and their spatial distribution maps. Therefore, model selection may have a crucial
impact on a suggested policy; thus, choosing the proper algorithm is a vital step in

equity-related studies.

The results of this study have significant implications for planning, policy, and travel
demand modelling. As decision-makers are increasingly looking for ways to alleviate
inequalities in access to transit and improve the activity participation of households
living in low-income communities, this study can help agencies examine transit
investment projects and transit-related policies. This framework demonstrates the
possibility of using ML methods to enhance travel demand predictions. Still, the
big question is which model should be used in practice. There is a trade-off between
accuracy and interpretability. In any case, the following pipeline is recommended: first,
to train different ML and statistical models; second, to statistically compare the result
of each algorithm; third, to select an intrinsic interpretable model if the performance
difference is negligible or to choose a more complex model when the difference is
significant; fourth, to explain the best model using different interpretability tools and
discuss its interpretation with an expert; and fifth, to rely on the model if its result
is justified by the literature and empirical interpretation, and otherwise, to use an

intrinsically interpretable model.

Regarding interpretability, there are different interpretation techniques, enabling
researchers to investigate the effect of each feature globally or locally on the final
prediction. To better understand the model’s decision and the variables’ impact on the

final prediction, using model-agnostic interpretation tools is suggested. Accordingly,
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ML algorithms provide an opportunity for travel behaviour studies and policy-making

plans without much compromising interpretability.

8.5 Study Limitations and Future Work

In this section, several limitations of conducting this study are underlined, and
recommendations are offered for future research to improve data collection, modelling,

and policy-making processes.

Given the nature of the Transportation Tomorrow Survey (TTS) data used for this
analysis, a number of limitations can be eliminated in future research. Since the focus
of data collection for this survey is on weekday activities, some discretionary activities
mainly occur on the weekends are overlooked. Therefore, comprehensive data on
non-work-related trips taken during the weekdays and weekends may collect for future
studies. Recording various types of non-work trips can improve the activity pattern
analysis of workers and non-workers. Additionally, each respondent of this household
travel survey reports a one-day travel diary. Future works can survey for more than one

day to better understand travellers’ behaviour and concerns over a week.

In addition to extensive non-work-related trip data, there is a need to gather data
on travellers’ travel costs. This information would be used to assess if low-income
households could afford and would be willing to use other transportation modes in
their daily trips. Accordingly, it would make it easier to place its results within
the current transport equity literature. According to its outcomes, it is possible
to recommend Transit Fare Equity Programs as effective solution for enhancing
low-income households’ access to public transportation. The survey also does not
include the attitudinal questions about transportation modes, residential selection, and
other preferences. Consequently, this study is unable to measure or control these
variables in terms of mode choice or residential selection. Several built environment
and land use variables can also be recorded to improve the investigation of built

environment characteristics on travellers’ travel patterns.

Further, the latest travel survey in the GTHA related to 2016 is used for this study.
However, the COVID-19 pandemic has massively changed the lives of people and their

travel behaviour, particularly their transit use, due to the health risks. This drastic
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change in the social life of individuals may significantly affect their trip schedules and
habits in the long run. It is highly recommended that activity patterns of households
during pandemics and post-pandemic have been evaluated to gain a better overview
of travellers’ decisions (Shamshiripour, Rahimi, Shabanpour, & Mohammadian, 2020;

Currie, Jain, & Aston, 2021; N. Zhang et al., 2021).

This study is a cross-sectional analysis using only 2016 TTS data, so it lacks measuring
the travel behaviour change over a period of time and may exposure to a biased
conclusion. Therefore, a longitudinal study evaluating the periodic changes in travel
behaviours and decisions is recommended for future works since it would strengthen
the analysis. Longitudinal research provides a considerable opportunity to measure
travel behaviour and changes in mobility patterns over time. It allows decision-makers
and planners to get a clear understanding of mode choice decisions and trip-making
behaviours. The cross-sectional design of this study limits our ability to validate
the findings over time. The snapshot of car-ownership and income level does not
demonstrate whether low-income car-owning households are likely to give up their
cars going forward. Longitudinal analysis gives a broader picture of the household’s
changing decisions over time, making causal analysis more feasible and enabling us to

better estimate the long-run behavioural responses to accessibility improvements.

Another noteworthy caveat is that long-term residential selection for the
neighbourhoods with an improved transit system should be explored. There is a
possibility that low-income households will obtain the ability to live car-free in those
neighbourhoods after new transitinvestments. The benefits may be reaped vialong-term
shifts in residential preference and car-ownership decisions and not in the “momentary”
shifts in people’s behaviour in their current accessibility and car ownership levels.
Alternatively, it may be expected to observe that some gains made by low-income
residents get lost due to gentrification and displacement processes over time. Again,

this shortcoming of the present study points toward the need for longitudinal analysis.

Lastly, future studies should investigate other models and data sources to validate the
result of the research in different urban contexts. It is worth mentioning that there is
no single remedy to model all datasets. Future studies may replicate the experiment in

new regions. Nevertheless, this study does not aim to propose the best model to predict
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travel behaviour but rather to shed light on the significance of model selection based

on predictive performance and interpretability.

8.5.1 Reproducibility

To make the work reproducible, some codes are added to the dedicate GitHub page

(https://github.com/Elnaz Yousefzadeh/PhDDissertation).
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APPENDIX Al: Feature importance algorithm

Algorithm A.1 describes a model-agnostic permutation-based feature importance
technique introduced by Fisher, Rudin, and Dominici (2019). In this study,
the permutation-based feature importance of RF algorithm is computed using
scikit-learn package in Python platform.

Algorithm A.1: Feature importance algorithm

Data: Trained model f , feature matrix X, outcome y, error measure L(y, f ).
Fit the model on a train data with real features and calculate the actual model
performance (e.g. RMSE for a regression model);

for Each feature j € {1,...,p} do
Permutate values of feature j and generate a new feature matrix;

Fit the model on the modified data and estimate the permutated model
performance;
Compute the difference between the actual model performance and the
permutated model performance
end
Rank features according to the differences between their permutated model
and the actual one

APPENDIX A2: Partial Dependence Plot (PDP) algorithm

The feature space z is divided into subgroups 7 and C'. j includes the feature on which
the partial dependence function fj is applied, and C' corresponds to the remaining
attributes in the dataset. z; and x¢ define the values of features in j and C, respectively.
The partial dependence function estimates the relationship between z; and the targeted
variable by keeping the feature values in subgroup C' unchanged. Therefore, a function
is generated depending only on feature j and the average effect of other features in
C' (Casalicchio et al., 2018). The partial dependence function fj on r; is

A A

fj( ) :EXC[]C($]'7XC>] Ts € J,%c € C (A.1)

Z ( xj,xo (A.2)

Accordingly, PDP can be constructed using Algorithm A.2 as follows.
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Algorithm A.2: PDP algorithm

Data: Feature matrix X, Set of unique values {zj1,..., 7} in feature j.

Select feature j on which the partial dependence function is applied (C' is the
set of the remaining features).

for Each feature j € {1,...,p} do

for Each unique value xj; € {xj1,...,v;,} do

Replace all original values z; of the selected feature j with the constant
value zj; (¢ is the number of observations);

Keep the values x¢ of complement features C' unchanged;

Fit the model and compute the predicted response f] for the modified
dataset;

Average the predicted value to obtain f;(;;);

end

Plot the pairs {z;, f;(x;i)}.

end

APPENDIX A3: Individual Conditional Expectation (ICE) algorithm

Similar to the PDP algorithm, ICE iterates on the set of unique values for each feature;
however, it plots the output per instance instead of averaging it for all observations.
Accordingly, n estimated response curves each of Wthh corresponds to the value of

1-th observation x( ) , the prediction of ¢-th observation f ( (i )) while the value of the

(@)

i-th instance for the features in x’ is unchanged are plotted. Therefore, ICE plots

include curves f]( for each observation in {(z; ),x(c)) 1 (Molnar, 2020; Casalicchio
et al., 2018). In other words, the ICE plot is a dlsaggregated form of PDP.

APPENDIX A4: Local interpretable model-agnostic explanations (LIME)
algorithm

In order to demonstrate LIME interpretation, these steps are followed:

1. Selecting the person for whom an explanation for the black-box model (e.g.,
Neural Networks) is required.

2. Perturbing the dataset to get the predictions for the black-box model using these
new points.

3. Weighting the new perturbed samples based on how close they are to the person.

4. Training a weighted, interpretable model (Linear Regression in our case) on the
new dataset.

5. Explaining the prediction by analysing the local model.

Since the experiment is a regression task, the linear regression model is employed as
the interpretable model in LIME.
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APPENDIX B1: Detailed comparison of classification models’ performances

Table B.1 presents a detailed statistical comparison of models’ performances. The
comparison includes the best performing model together with the models whose
performances are not statically different than the best one. Also, the results show
the logistic regression’s average rank in terms of different metrics. According to all
threshold-dependent and -independent metrics, ML algorithms, specifically RF, XGB,
and NN, are frequently among the top models in predicting the probability of taking
transit trips by low-income individuals.

Table B.1 : Comparing the performance of the best classifiers and the baseline
classifier using the Friedman Aligned Ranks test and its post hoc analysis.

. Friedman Aligned Ranks The best model Log Regression’s
Metric . .
test (p-value) and possible ties mean rank
b: RF (1.4)
_ %
Accuracy 6.659%¢-10 t XGB (1.9) & NN (3) 6
- b: RF (1.9)
b *
Precision (Cj) | 5.132¢-09 - XGB (2.5) & NN (2.5) & DT (3.5) 6.9
b: RF (1.65)
Recall (Cp) 2.046e-07* t: XGB (2.2) & SVM (3.3) 5.4
& NN (3.9) & DT (4.65)
b: RF (1.4)
- - k
F1-Score (Cp) | 9.449¢-10 t XGB (1.9) & NN (3.1) 6
. b: RF (1.5)
o ES
Precision (C7) | 1.745e-08 t XGB (2.1) & SVM (3.5) & NN (3.8) 5.8
b: RF (1.9)
_ %
Recall (C1) | 1.347e-08 t: XGB (2.55) & NN (2.7) & DT (3.5) 7
b: RF (1.4)
- _ *
F1-Score (C4) | 5.771e-10 t XGB (2) & NN (2.8) 6
b: RF (1.7)
- _ k
AUC-ROC 3:458¢-10 t: XGB (2.2) & NN (2.1) & SVM (4) >

b: the best model; t: possible ties with insignificant difference;
*: statistically significant based on av = 0.05
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APPENDIX B2: Detailed comparison of regression models’ performances

Table B.2 shows a detailed statistical comparison of regressors’ performances. It lists
the best-performing regressor and statistically tied models. It also The average ranks
of the models according to each metric are written within parentheses. According to
the Bergmann-Hommel post hoc test, ML models, including tree-based algorithms and
NN, are the best models for estimating the number of transit trips for vulnerable groups.
Moreover, traditional models, e.g., ZINB and Hurdle, have the lowest predictive power.
Accordingly, utilizing ML algorithms to model either a classification or a regression
travel-mode problem is recommended.

Table B.2 : Comparing the performance of the best regressors and the baseline
regressors using the Friedman Aligned Ranks test and its post hoc analysis.

Metric Friedman Aligned Ranks The best model Traditional
test (p-value) and possible ties models’ mean rank
R_Squared | 1.18e-11* f 1515 E 5?2) w Zrﬁ%u r(jl)eg(L7?NB 6)
SN Rl E I\I?IFI 8.)2) & XGB (3.2) Igjlll-ilr(gl)eg(l%INB ©
IS v F S]i/TN}l()Z.l) & NN (3.1) Iézirll-ﬁlr(gl)eg(c%INB D
KRSE 061 F IEIE 8.)2) & XGB (3.2) Igzirllilgl)eg(%?NB ©

b: the best model; t: possible ties with insignificant difference;
*: statistically significant based on a = 0.05
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