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ABSTRACT

Accessibility, defined as the ease of reaching destinations, has been shown to be an influential
determinant on commute travel outcomes and behaviors, such as commute duration and the mode
selected for commuting. At the same time, researchers have also identified that accessibility is
central in the development of sustainable and equitable transport plans. However, no existing
research has considered the intersection of these two areas of research to evaluate the impact of
accessibility as a determinant of commuting outcome and behavior from an equity perspective.
The present thesis aims to do so specifically in the context of income, by examining the difference
in the impact of accessibility on commute duration and public transport mode share for the low-
income as well as the higher-income group.

In the first part of the research, I examine the relationship between accessibility, to jobs
and workers by car or by public transport, and commute duration for low-income individuals as
compared to higher-income individuals. This is carried out using data for three of the largest
metropolitan areas in Canada: Toronto, Montreal, and Vancouver, using separate multilevel mixed
effects statistical models for car and public transport commuters. In this study, accessibility
measures are generated for jobs and workers both at the origin (home) and the destination (place
of work) to account for the impact of competing labor and firms. Our models in this study show
that the impacts of accessibility on commute duration are present and, in many cases, stronger for
low-income group than for higher income groups. The results suggest that low-income individuals
have more to gain (in terms of reduced commute time) from increased accessibility to low-income
jobs at the origin and to workers at the destination. Similarly, they also have more to lose from
increased accessibility to low-income workers at the origin and to low-income jobs at the
destination, which are proxies for increased competition. As a result, policies targeting
improvements in accessibility to jobs, especially low-income ones, by car and public transport
while managing the presence of competition can serve to reduce the inequality gap observed for
commuting outcomes.

The next part of the research examines the relationship between accessibility to jobs by
public transport and public transport mode share at the origin for the low-income group in
comparison to the higher-income using a series of linear regression models carried out at the census
tract level. The geographic scope of this study is expanded from three to eleven Canadian

metropolitan regions of varying sizes. Prior research has shown that there exists a non-linear



relationship between accessibility and mode share and as such, a quadratic relationship is used to
approximate this relationship in this study. Our results show that the impact of accessibility on
mode share are present for both income groups and the impacts are stronger for the low-income
group. In addition, there is strong evidence for the low-income groups in the largest metropolitan
areas that there is a point past which increasing accessibility will lead to a decrease in public
transport mode share. However, this point occurs around when accessibility is at the 80" percentile,
so improvements in mode share are nonetheless expected in most areas of these metropolitan
regions when accessibility is increased. Moreover, in regions where a linear relationship between
accessibility and mode share is more applicable, accessibility can be improved throughout the
region, which could lead to increased uptake of public transport for both the higher-income group

and to a greater extent, the low-income group.
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RESUME

Le concept d’accessibilité, définie comme étant la facilité d’acces aux points de destinations, s’est
révélé étre un facteur influent sur les résultats et les comportements liés aux déplacements
domicile-travail, comme par exemple le temps du trajet et le mode de transport choisi. Egalement,
des chercheurs ont constaté que I’accessibilité s’avere étre un €élément essentiel a 1’élaboration des
plans de transport durables et équitables. Cependant, il n’existe actuellement aucune étude ayant
examing le croisement de ces domaines de recherche dans le cadre d’une optique axée sur 1I’équité
et ayant pour but d’évaluer I'impact de I’accessibilité en tant que facteur agissant sur les résultats
et les comportements de transport. Cette thése vise a combler ce manque en examinant, dans un
contexte salarial, I’impact que peut exercer 1’accessibilité sur les temps de trajets et la part modale
des transports en commun ainsi que la variation de cet impact entre les groupes a faible revenu et
ceux a revenus €levés.

Dans la premiere partie de cette recherche, j’évalue la relation entre I’accessibilité, aux
emplois et aux travailleurs en voiture ou en transports publiques, et le temps de trajet pour les
personnes a faible revenu par rapport aux personnes a revenu plus élevé. Pour ce faire, des données
provenant de trois des plus grandes régions métropolitaines au Canada, soit Toronto, Montréal et
Vancouver, ont été utilisées tout en faisant appel a des modeles statistiques multiniveaux a effets
mixtes distincts pour les automobilistes et usagers de transport en commun. Dans le cadre de cette
¢tude, des mesures d’accessibilité ont été¢ générées pour les emplois et employés a la fois au point
d’origine (le domicile) et au point de destination (le lieu de travail) afin de prendre en considération
I’impact des travailleurs et des entreprises en concurrence. Nos modeles dans cette étude
démontrent que les impacts d’accessibilité sur le temps de trajet domicile-travail sont présents et,
dans de nombreux cas, s’avere étre plus importants pour les groupes a faible revenu que les groupes
a revenu ¢élevé. Les résultats suggerent que les personnes a faible revenu ont plus a gagner (en
termes d’une réduction du temps de trajet) d’une augmentation en accessibilité aux emplois a faible
revenu au point d’origine et aux travailleurs a faible revenu au point de destination. De méme, ils
ont plus a perdre a la suite d’une augmentation en accessibilité des travailleurs a faible revenu au
point d’origine et des emplois a faible revenu au point de destination, qui sont tous deux preuves
d’une concurrence accrue. Par conséquent, les politiques visant a améliorer 1’accessibilité aux

emplois, en particulier pour ceux qui sont a faible revenu, en voiture et en transport en commun

I



tout en gérant la concurrence, peuvent servir a refermer le fossé d’inégalité qu’on observe dans les
déplacements.

La suite de cette recherche examine la relation entre 1’accessibilité aux emplois en
transports collectifs et la part modale des transports en commun au point d’origine pour le groupe
a faible revenu comparativement au groupe a revenu plus élevé en utilisant une série de modéles
de régression linéaire effectués au niveau du secteur de recensement. L’ampleur géographique de
cette étude est étendue de trois a onze régions métropolitaines canadiennes de taille variable. Des
recherches antérieures ont démontré qu’il existe une relation non-lin€aire entre I’accessibilité et la
part modale des transports en commun et a ce titre, une relation quadratique est utilisée dans cette
¢tude pour I’estimer. Nos résultats montrent que les impacts de 1’accessibilité sur la part modale
sont présents pour les deux groupes de revenus et que les impacts sont plus importants pour le
groupe a faible revenu. De plus, il a été prouvé que pour les groupes a faible revenu dans les
régions métropolitaines, il existe un point au-dela duquel une amélioration d’accessibilité
entrainera une diminution de la part modale des transports en commun. Toutefois, ce point se
produit lorsque 1’accessibilité se situe au 80° centile, de sorte que des améliorations dans la part
modale sont néanmoins attendues dans la plupart des zones de ces régions métropolitaines lorsque
I’accessibilité s’améliore. En outre, dans les régions ou une relation linéaire entre I’accessibilité et
la part modale est plus pertinent, 1'accessibilité peut étre améliorée dans I'ensemble de la région,
ce qui pourrait entrainer une augmentation de I'utilisation du transport en commun pour le groupe

a revenu ¢levé et, dans une plus grande mesure, pour le groupe a faible revenu.
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CHAPTER 1: INTRODUCTION

1.1 THE ACCESSIBILITY CONCEPT

The concept of accessibility for many people may be related to the design of objects, services and
environments for people with disabilities. While this is certainly an essential consideration in the
planning of transport services and infrastructure, accessibility takes on a different meaning in
transport planning to indicate the ease with which people can reach opportunities (/). This notion
of accessibility has been gaining traction among transport planning agencies as it has been
incorporated into the objectives of many transport plans (2-5), albeit perhaps not with a full
comprehension of what accessibility really means (6). Nonetheless, the intention of using
accessibility as an indicator is to identify not only where gaps in access are located, but also who,
or which groups in society, benefit from good access to opportunities and who are hindered socially
or economically from a lack thereof.

Traditional transport planning has been focused on mobility, or the potential for movement
or the ability to move from one place to another (7). On the other hand, planning for accessibility
rather than mobility is born out of an awareness for the interactions that occur between transport
systems and land use. Trips are made as a result of a need to reach destinations where daily
activities take place, for work and for leisure. Land use policies are what governs the distribution
of these opportunities in space. As such, planning for accessibility makes up for what planning for
mobility lacks, shifting the focus away from increasing the supply of transport infrastructure,
which has been proven to be ineffective at resolving the problems that it was meant to solve (i.e.
congestion) (8), to consider long-term solutions to manage the externalities of travel with regards
to time and distance as well as costs to the individual and society.

Accessibility has been studied by researchers in transport from both methodological and
practical perspectives. On the theoretical side, researchers have developed various measures of
accessibility to reflect the “true” or “experienced” accessibility. It is important to first discuss the
fundamental components of accessibility, i.e. the land use and the transportation components as
well as the individual and temporal components which are also influential (9).

Specifically, the land use component reflects the spatial distribution of opportunities at the
destination, such as jobs (70), grocery stores (11), and healthcare facilities (12, 13), as well as the

demand for these opportunities (i.e. where travelers are living). The transportation component, as



mentioned before, includes the disutility from using a specific mode to make trips as well as the
supply of infrastructure for that mode. For example, for public transport, the transport component
would include the waiting and travel times, fare, level of comfort and other factors related to the
service itself such as frequency, reliability and network design. It is important to mention that there
will be factors that can be categorized under both components such as the location of public
transport stops which is part of land use as well as being a crucial component of the transport
system.

The individual component reflects the need, abilities and opportunities of the individual to
access the services and goods that are available to them. It is necessary to consider this component
as it may be the case that certain individuals have very good access to jobs by car, but if they
cannot afford personal vehicles or if the jobs are not appropriate for their educational level, their
“experienced” accessibility would be much lower than expected. For example, the term spatial
mismatch was introduced by Kain (74) to explain that due to the segregation of the housing market,
disadvantaged groups, who lived in the inner city and in theory have good access to jobs, were at
risk of unemployment because the jobs suitable to their skills were suburbanizing. Certain
researchers have found that accessibility is considerably lower when occupational matching is
considered, i.e. access to low-income jobs for low-income, vulnerable commuters (75). In addition,
when car ownership is taken into account, accessibility for low-wage workers decreases for the
reason that a greater proportion of them do not own personal vehicles (76).

The temporal component reflects the constraints set by public transport time schedules for
when the services will be available as well as the availability of opportunities at different times of
the day due to different starting times for jobs and opening time for services. Various researchers
have measured accessibility to reflect variability in the number of jobs, using dynamic job data for
different start times (77), as well as the public transport service, using variable departure times
taken at small intervals during the commute period (1/8) or throughout the day (79). Some
researchers posit that fixed-time accessibility (i.e. accessibility examined at only one time period
during the day) is not realistic as it fluctuates depending on when transport services are operational
and when opportunities are available. On the other hand, other researchers indicate that a balance
between accuracy and simplicity is needed for practitioners who do not wish to be bogged down

by data when attempting to compute and use accessibility (17).



Furthermore, different measures of accessibility have been developed to capture the
interactions of these components. Firstly, accessibility can be measured either at the individual
level or at the location level (20). While person-based measures consider the individual
components of accessibility whereas the location-based does not, they can be incorporated in
location-based studies by segmenting the population into groups based on socio-demographic
characteristics or by specifying the destination being studied. Two examples of location-based
accessibility measures are the cumulative-opportunity measure, which counts the number of
opportunities that be reached within a given cost threshold (such as time, distance or out-of-pocket
cost), and the gravity-based measure, which weights the opportunities using a gravity-based
function of the travel cost (2/). Since the cumulative-opportunity measure is easier to generate and
interpret and is highly correlated with gravity-based measures (22), its use may be preferred to
communicate accessibility to policy-makers.

The application of accessibility in research has been used in studies addressing equity
issues that exist in transport where it was found that accessibility plays an important role in the
delivery of equitable transport policies and projects (23). More specifically, transport planners and
engineers should be concerned with the equitable distribution of benefits provided by transport
system and researchers have made the argument that the distribution should be just, which is
related to political philosopher John Rawls’s Theory of Justice (24). The argument has been made
that accessibility, as a measure of the ease of reaching destinations that meet the needs of citizens,
is a primary good which is essential to everyone (25). As well, transport planning as an institution
should ensure that the distribution of accessibility as a primary good is equal among citizens, in
accordance with the principles of justice (25). Furthermore, equity has been evaluated on two axes,
horizontal and vertical, whereby horizontal equity refers to the equal distribution of benefits and
costs among individuals in society with the same level of need, i.e. accessibility should be equally
divided across the entire region to all individuals who have the same need for employment. On the
other hand, researchers emphasize that it is equality of opportunities that ultimately counts but
since there are personal and institutional barriers that prevents a true equal distribution of
opportunities, i.e. a job is not a job for those who are not qualified, those who suffer from limited
opportunities should be provided with higher levels of accessibility (25, 26). Such is the goal of
vertical equity and is deemed fair by those who follow this school of thought (27).



1.2 RESEARCH OBJECTIVES

Many researchers have measured the level of accessibility between different socio-economic
groups to evaluate the equity of existing transport systems as well as future plans to identify
locations where accessibility should be increased. However, fewer research is concerned with the
impact of accessibility, which in essence is a measure of the need for travel, on actual or realized
travel outcomes such as commute duration and mode share. This field of research is also important
as it addresses how accessibility could be used as a tool to achieve the goals of equity planning for
more disadvantaged individuals in society who stand to gain the most from better travel outcomes.

As such, my research aims to contribute to the aforementioned field by examining the
impact of accessibility, to jobs and workers by car and by public transport, on commute duration
in addition to the impact of accessibility to jobs by public transport on public transport mode share
for the low-income group as compared to the higher-income group. Specifically, I wish to examine
whether the degree to which accessibility impacts commute duration and mode share is different
between the income groups, i.e. whether the travel outcomes of the low-income group is more
sensitive to the changes in accessibility. The goal is not to examine how accessibility can be
increased for the low-income group, but rather how an improvement in accessibility could
minimize travel time as a disutility and increase public transport use as a suitable means of travel.
In addition, I will be extending the geographic scope of this research to multiple Canadian
metropolitan regions to offer a fuller picture of the range of impacts that can be expected in regions

of various size and structure.

1.3 THESIS STRUCTURE

Chapter 2 explores the impact of accessibility, by car and by public transport, on commute duration
for the low-income group compared to the higher-income group in three major Canadian
metropolitan regions (Toronto-Hamilton, Montreal and Vancouver). Chapter 3 explores the impact
of accessibility by public transport on public transport mode share for the same income groups in
Chapter 2 but in the expanded geographic context of eleven regions. Each individual chapter
contains its own introduction, literature review, data and methodology, results and discussion
sections as well as a conclusion specific to the chapter. Chapter 4 summarizes the important

findings and policy implications from both studies, as well as directions for future research.



1.4 GENERAL METHODOLOGY

The general methodology followed by both studies is shown in Figure 1. The land use and travel
time data was first obtained as inputs to the accessibility measures. Then the accessibility
measures as well as a set of control variables enter into a series of regression models to model
the impact of these explanatory variables on the travel outcome, commute time in Chapter 2 and
public transport mode share in Chapter 3. The results are then compared between the low and

higher-income groups as well as between regions.

Commute Time 2 Public Transport Mode Share

Land use data

Travel time between census tracts

< 5
/ “

Accessibility measures

r
\

Control variables

Dependent variable

Regression models

Figure 1 General methodology of the studies carried out in the thesis



CHAPTER 2: ACCESSIBILITY AND THE JOURNEY TO WORK
THROUGH THE LENS OF EQUITY

2.1 INTRODUCTION

Issues relating to the journey to work and associated congestion and inequality considerations were
closely examined by researchers in the mid-20" century (28, 29), during a time of intense
motorization and suburbanization. Since then, transport researchers have monitored this field of
study continuously to uncover observable trends in people’s commutes (30; 31) such as the
evolution of commute times and distances (32). Researchers have noticed major increases over
time in commute distances, which can be related partially to technology developments, income
changes, and decentralization, when compared to changes in commute time, which can be seen as
relatively constant (33). Some researchers in the 1990s (34, 35) sought to explain this phenomenon
through the use of accessibility measures to quantify the state of job-housing balance in a region.
The resulting conclusion is that a balance in accessibility at both the home and work end of trips
contributes to stable commute times. However, the story of accessibility and the journey to work
does not have to end here.

Inequality is a topic of extensive discussion amongst researchers across all domains,
including transport. Presently, certain transport professionals have posited that transport
inequalities could be the result of unequal investments in the provision of transport services (36).
The conclusion from contemporary research in this area is that as a result of these inequalities, the
less well-off groups of society are travelling slower and covering smaller distances (36). On the
other hand, transport researchers have also recognized the need for a more equitable way of
planning and policymaking (26, 37-41); that resources should be allocated to those who stand to
benefit from it the most, an example being low-income individuals. An existing way of
approaching equity in this domain is through using accessibility (42; 43), the ease of reaching
destinations (44), to evaluate the distribution of opportunities in a region (45) and especially for
low-income groups.

Our research aims to connect the following streams of research, journey to work and equity
planning, through accessibility analysis. While there has been extensive research done in each of
these topics, and even in certain combinations (i.e. journey to work and equity; journey to work

and accessibility; equity and accessibility), our approach is unique in that we are addressing all



three topics in one place. In the process, we extend the story of accessibility and the journey to
work to the low-income group and offer a new perspective for equity planning to consider the
impact of accessibility on commute times. Using the existing body of research on accessibility and
the journey to work as a stepping-stone, our research will focus on the question: does accessibility
impact low income groups differently than higher-income groups with respect to commute travel
times? We answer this question in a contemporary Canadian context, looking specifically at
Toronto-Hamilton, Montreal and Vancouver. In answering this question, we aim to offer a new
perspective on how inequalities in transport can be addressed and the appropriate policy actions

that would facilitate this change.

2.2 LITERATURE REVIEW

The rate at which commute distances have been increasing compared to commute durations have
been studied by various researchers worldwide. In the period between the late 19™ and 20%
centuries, researchers in Britain recorded a four-fold increase in the mean one-way commute trip
distances. However, commute times have not increased at the same rate, as only a doubling of time
was observed in the same period (46). Similar findings were realized by researchers in the United
States: in many major cities, commute times have decreased or at the very least stayed relatively
stable (47). Some researchers sought to explain this phenomenon from the perspective of mutual
co-location between jobs and housing (a proxy for the labor market) (34, 48; 49). Levinson (34),
in quantifying the job and housing balance, used accessibility to jobs and workers at the home as
well as place of work, to assess its impact on commute times for car and public transport users in
in Washington, D.C.

Accessibility is in essence a measure of potential opportunities (27). Geurs and van Wee
(9) summarized the four components that interact to affect accessibility: transport, the availability
of infrastructure which enables movement as well as the associated travel disutility; land-use, the
availability of opportunities at the destination; individual, the needs and abilities of people
travelling; and time, the temporal factors constraining availability of opportunities. The two main
accessibility methods commonly employed include cumulative opportunities and gravity-based
measures. The first counts the number of opportunities that can be reached within a given cost
threshold (time, distance or monetary cost) (9). The benefit of this approach lies in the ease of

interpretation and analysis. A gravity-based model on the other hand, while perhaps more realistic,



requires the estimation of a cost function using recent empirical data of travel behavior in a region,
but both measures were found in the past to be highly correlated (22). In measuring accessibility
impacts on the journey to work, there is a need to account for the effect of competition (76).
Previous research has incorporated the effects of competition by including accessibility to workers
and accessibility to jobs at both ends of the trip (34). At the origin (home-end), more houses
indicate more workers competing for jobs; at the destination (place of work), more jobs indicate
more competing firms. Accessibility has often been evaluated in the context of different transport
modes, notably the difference in accessibility by car and public transport. In terms of employment,
researchers generally find that in car-centric regions like North America, the number of jobs that
can be accessed within a certain time threshold is higher with the use of a car than public transport
(50; 51).

The result from Levinson’s research (34) answers the question posited by Giuliano and
Small (48): is the journey to work explained by urban structure? As urban structure can be
measured by the jobs and housing available in a region, Levinson concludes that as a significant
portion of the variation in travel time in his data can be explained by urban structure, that it
certainly, from the perspective of accessibility, can help to explain the journey to work. Lastly, he
concludes that in an auto-dominated society, the stabilizing commute duration despite increasing
commute distances is the result of the polycentric urban form created by the suburbanization of
jobs instead of housing. However, while this conclusion may have been be valid for the region as
a whole, this same pattern was not necessarily observed for more disadvantaged groups in society.

The term spatial mismatch was introduced by Kain (74) in 1968 where he argued that due
to segregation of the housing market, disadvantaged groups who lived in the inner city were at risk
of unemployment as jobs shifted towards the suburbs. Researchers studying the journey to work
have also been evaluating this hypothesis to determine whether certain aspects of the commute are
different for more disadvantaged individuals in society, particularly those belonging to low-
income groups or minorities. There have been some opposing results from researchers in this field
as Gordon, Kumar and Richardson (52) found that low-income American automobile commuters
did not have higher commute times. Similarly, Canadian researchers found that in Toronto (45),
the most socially disadvantaged areas have shorter public transport commute times than the general
population. In contrast, Shen (53) found that, when focusing on the area within the central city

region, there is an identifiable trend across major US cities that people living in low-income census



blocks tend to have longer commute times than the entire central city region, attributable to higher
dependence on public transport, resulting in slower travel speeds. More recent research done by
Banister (36) echoes these results where he concluded that less well-off groups in the UK are
travelling slower and covering shorter distances as a result of the use of slower modes of transport,

particularly buses as opposed to high-speed rail.

2.3 DATA & METHDOLOGY
2.3.1 Generation of accessibility and determination of commute duration

The first step in determining the impact of accessibility on commute time is to obtain the
appropriate data to be evaluated at a reasonable level of analysis. The analysis scope includes the
three largest Canadian metropolitan regions in Canada (Toronto-Hamilton, Montreal and
Vancouver) to provide richness to the results while uncovering potential geographical differences
of the impacts of accessibility on the journey to work. Context maps comparing the three cities are
shown in Figure 2. Land use (location of jobs and workers) and travel time are the two main
components required to calculate accessibility in a region. The job and worker locations are
obtained for every individual residing in all three regions, categorized by income bracket and
selected commute mode, from the Statistics Canada Census Flow tables (54-56) for 2016 at the
census tract level, which is the spatial level of analysis that is available for this source of data. The
Census Flow tables shows the commuting flows for the employed labor force aged 15 years and
over with a usual place of work. The mode of transport refers to the main mode that a person uses
to travel between his or her home and his or her place of work. The data assumes that the commute
originates from the usual place of residence but understandably in some cases, this is not true
where respondents may have been on business trips and reported their place of residence as the
place they were staying in. This and other exceptional cases are included in the data and cannot be
identified. The total number of jobs in a census tract sums the total number of commuters arriving
to work from everywhere in Canada, include that census tract itself, to that census tract, by
individual income group. Similarly, the total number of workers residing in a census tract sums

those leaving a census tract.
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Figure 2 Context map of the three cities under consideration: (a) Toronto-Hamilton, (b)
Montreal, and (c) Vancouver. The public transport lines illustrated in the figure include

commuter train lines and rapid rail lines.

10



The benefit of using these Census Flow tables is that it allows us to accurately determine
the number of low-income jobs and workers better than previous definitions. In order to calculate
accessibility to low-income jobs and workers, an income threshold is established. Statistics Canada
uses the low-income line (LIL), which is calculated through the Low-Income Cut-Offs (LICOs).
LICOs measure the income threshold below which a household of a certain size will likely devote
a larger share of its income on necessities than the average family (57). Thus, the total low-income
threshold for a one-person household is calculated to be $25,516 in 2015 (58). However, as a result
of increasing living costs in Canada, the definition of low-income can be widened to incorporate
the actual costs of living in a city. So far, living wages have been calculated for the Toronto-
Hamilton region, $17.12 (59) averaged for the Durham, Hamilton and Metro Toronto regions, and
Vancouver at $20.68 (60). These hourly wages translate to a total personal income of $35,600 in
Toronto-Hamilton and $43,000 in Vancouver in 2015 assuming a 40-hour work week. The living
wage information was not available for Montreal. Therefore, we adopt a threshold of $40,000
personal household income for consistency and to enable direct comparisons between cities.
Subsequently, higher-income jobs and workers are defined as everyone above the low-income
threshold.

To calculate travel time by car, we use Google Maps Distance Matrix API! to obtain a
pessimistic congested car travel time matrix at 8 AM on a typical Tuesday in all three regions. To
compute the public transport travel time between census tracts within each metropolitan region at
the census tract centroid, the General Transit Feed Specification (GTFS) data® was first obtained
from all public transport agencies operating in each of the three regions. Then a joint network
between the public transport network and the streets was created using the “Add GTFS to network
dataset” toolbox® in ArcGIS and subsequently the travel time matrix for departure times at 8 AM

on a Tuesday was generated using the fastest route calculations. The public transport travel times

! The Google Maps Distance Matrix API is a service that provides developers and other users with travel distance and
time for a matrix of origins and destinations based on the recommended route between origin and destination points.
2 The GTFS data is based on scheduled transit service information, which is determined and in theory, optimized by
the transit agencies. As such, effects of congestion is incorporated implicitly to some degree into the schedules but not
to the degree that real-time data would. The structure of the GTFS data is fairly standardized among all public transport
agencies.

3 A joint network between the public transport network and streets was created which meant that the fastest route did
not necessarily have to be done using public transport: when a route between census tract centroids is fastest by
walking, walking route was designated as the fastest.
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include access, egress, waiting, in-vehicle and transfer times as applicable. Car and public transport
travel times are then assigned to each commuting flow obtained from the census by income group.
In addition, the generated travel time matrices are used as inputs in the accessibility calculations.

Accessibility measures to higher and low-income jobs and workers are calculated for car
and public transport commuters separately. Here, accessibility values are calculated as percentage
of the total number of jobs or workers in the region (referred to as proportional accessibility). In
other words, the number of jobs or workers that can be reached within a specific travel time
threshold in a particular census tract is divided by the total number of jobs or workers in the region.
Accessibility measures are calculated at both the origin and destination for jobs and workers in the
higher-income group as well as the low-income.

A location-based accessibility measure is the most suitable for the purpose of our analysis.
More specifically, a cumulative accessibility measure is used as the data that we have is not
suitable for the development of a cost function required in the gravity model using recent
estimations of travel behavior data. The operative description of a cumulative accessibility
measure is the determination of the number or density of travel opportunities of particular types
within certain time distance or travel-cost ranges from the residential locations of groups of interest
(61). An earlier set-up of this measure is shown in Equation (1) from the research done by Wang
and Chen (6/) where they used a GIS approach to determine the accessibility to jobs by public
transport:

AT = 0;+Y)_,B;0;S; Equation (1)

where 4, is the job accessibility by public transport for census block I, O; is the number of jobs in
census block I, B; is a binary parameter which equals 1 if centroid of census block j is within the
30-minute buffer of census block i; equals 0 if otherwise, and S; is a binary parameters equals 1 if
centroid of census block 1 has at least one bus stop within a %4 miles buffer; equals 0 if otherwise.

However, for this study, accessibility measures do not enter into the regression models as
the actual number of jobs or workers that can be accessed, but rather they are taken as percentages
of the total number of jobs or workers at the two income levels available in each of the cities. If
the actual number of jobs or workers is used, it is expected that the travel time would be
significantly shorter in Vancouver when accessibility is controlled for due its compactness

compared to Toronto. The proportional accessibility should overcome this bias.
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Accessibility measures to higher and low-income jobs and workers are calculated for car
and public transport commuters separately because we expect that the resulting impact on the two
modes should be different and worthy of examination. Furthermore, accessibility is calculated at
both the origin and destination as per Levinson’s set up. Proportional accessibility as described
here is measured using the equations below. Note that O; from Equation (1) is captured in these

equations with the inclusion of census tract i in J.

Ausim =57 B B tn) and (1) = {(1) . S et pquation ()
e = D (m) and ) = o 7 S0 Bation
A = g7 S i (ty) amd () = {(1) ., L S et B quation (4)
st = -5 s R ) and (i) = {(1) = el g guation (5)

where Aieun 1s the accessibility to higher-income jobs from census tract i by mode m, 4izzim 1s the
accessibility to low-income jobs from census tract i by mode m, A;run 1s the number of higher-
income workers that are able to access census tract i by mode m (accessibility to higher-income
workers in census tract i), 4irzim 1s the number of low-income workers that are able to access census
tract 1 by mode m (accessibility to low-income workers in census tract 1), E; is the number of jobs
in census tract j, R;is the number of workers in census tract j, f(#;») is a dichotomous function to
determine if jobs or workers in census tract j are reachable by census tract i based on #;,» compared

tO tireshold, » by mode m, £, is the commute time between census tracts i and j by mode m, tiresold,

m 18 the average commute time by mode m, Z; —1 Ey j 1s the total number of higher-income jobs in
the region, Z§=1 E;j is the total number of low-income jobs in the region, Z§=1 Ry ; is the total

number of higher-income workers in the region, and Z§=1 Ry j is the total number of low-income

workers in the region
2.3.2 Model inputs

Four separate commute time models are developed for the analysis: higher-income car commuters
(Chi), low-income car commuters (C.s), higher-income public transport commuters (77#r), and low-

income public transport commuters (777). Accessibility measures are used according to the model
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in which they enter, i.e. accessibility to jobs and workers by public transport do not enter into the
car commuter models.

In addition to the four accessibility variables presented above, control variables related to
the built environment and the presence of transport infrastructure are introduced in the models.
Network proximity to heavy rail public transport stations (excluding streetcars for Toronto-
Hamilton) and highway on-ramp from the home census tract centroids are used to control for the
influence of existing transport infrastructure on commute times to work. Proximity to the city
center, measured from the home census tract centroids to the center of downtown (defined with
the tallest structure in each city), can strongly impact commute times and is accordingly introduced
in the models. Since the dataset that was used to generate the models is the combined observations
from all three cities, dummy variables are also included in reference to Toronto-Hamilton to
account for spatial and cultural differences not accounted for in the models.

Moreover, a variety of socio-demographic variables at the home census tract are also
included the regression models. While we have a separate model for low-income individuals,
differences in socio-demographic characteristics at the census tract level may exert another
dimension of influence for this income group. These variables are generic and some have been
used to determine social indicators in previous studies on social equity and accessibility (45).
Socio-demographic variables are obtained from the Census Profile Tables from the 2016 Canada
Census (62) and are taken at the census tract level (i.e. Average age indicates the average age of

individuals living in a particular census tract).
2.3.3 Summary statistics

The summary statistics for the four models, split by income groups, are presented in Table
1 for car commuters and Table 2 for public transport commuters, for the combined dataset and
for each city. At first glance, it would seem that the accessibility by public transport is higher than
by car but it is important to note the difference in accessibility time thresholds renders this
comparison across mode inappropriate. The time thresholds used in the accessibility measures
differ for the car and public transport models as they reflect the mode-specific average commute
times in the study area for the entire population (combining higher and low-income groups). The
average car commute time is 33.6 minutes, which is rounded down to a 30-minute threshold to

ease interpretation and understanding. Similarly, public transport commuters had an average
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commute time of 48.9 minutes which is rounded down to a 45-minute threshold. The same
thresholds for car and public transport commuters were used for the three metropolitan regions.
In comparing commute attributes, we find the car commuters in the low-income group,
across all regions, have shorter commute times and distances. Similar results are found for public
transport commuters. This general trend corroborates the results from previous research (45) but
upon examination of the average commute speeds, we can see that the low-income group is also
travelling slower than the higher-income group by car and public transport where the difference is
more pronounced for public transport users. This finding is consistent with the conclusions from
Shen (53) and Banister (36) that the low-income public transport users may be commuting using
slower forms of public transport, resulting in lower commute speeds compared to higher-income

individuals who have better access to higher quality public transport.
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Table 1 Summary statistics — Car commuters

All Regions Toronto-Hamilton Montreal Vancouver
Higher- . Higher- . Higher- . Higher- .
. g Low-income . g Low-income . g Low-income . g Low-income
income income income income

Mean SD | Mean SD

Mean SD | Mean SD

Mean SD | Mean SD

Mean SD | Mean SD

Average commuting time (minutes)
Average commuting distance (km)
Average commuting speed (km/h)
Accessibility Measures

Jobs in 30 minutes @ origin (%)
Workers in 30 minutes @ origin (%)
Jobs in 30 minutes @ destination
(%)

Workers in 30minutes @ destination
(%)

Control Variables

Median household income
(thousand $)

Average age
Average household structure
Unemployment rate (%)

Households spending >30% of
income on housing (%)

Recent immigrants (%)

People with high school degree as
highest education level (%)

Network distance to closest heavy
rail public transport station (km)
Network distance to closest highway
on ramp (km)

Network distance to city center (km)

37.02 22.64 | 28.09 20.37
19.21 15.05 | 14.06 12.79
2952 13.71 | 27.26  13.50

10.13  8.58 | 10.57  7.51

11.11  6.27 | 11.81  7.13

1533 10.09 | 1332 842

11.73  6.24 | 1240 7.11

86.23 26.73 | 81.22  25.08

40.05 4.05 | 3998  3.97
2776 0.55 | 2.80 0.57
6.78 217 | 7.22 2.40

9.97 489 | 10.17 4.72
428 3.61 | 481 4.01

11.98 341 | 12.57 3.27

6.18  6.59 | 6.12 6.55

397 4.07 | 3.87 3.98

30.22 18.05 | 30.55 17.32

38.88 24.20 | 29.38 21.56
20.99 16.69 | 15.16 14.08
30.76 14.51 | 27.96 13.89

7.67 580 | 820 535

803 3.10 | 8.66 391

12.13 725 | 10.72 6.28

884 385 | 939 494

93.07 27.44 | 88.16 2592

39.66 4.17 | 39.56 4.09
293 0.58 | 3.00 0.59
727 207 | 7.69 223

10.33  4.83 | 1049 4.66
4.62 3.68 | 520 4.01

12.39 335 | 13.03 3.20

585 635 | 581 6.17

4.02 474 | 392 4.0

36.24 19.57 | 36.66 18.44

35.64 20.48 | 26.86 18.72
18.13 13.26 | 13.35 11.62
29.24 13.95 | 27.25 1448

9.93 8.19 | 10.60 7.35

11.82  5.66 | 12.04 6.52

17.79 11.35 | 14.65 9.38

12.21 545 | 13.16 6.69

76.66 25.55 | 70.69 22.61

40.27 4.04 | 40.34 3.95
249 036 | 246 035
6.64 244 | 721 279

841 447 | 901 454

3.07 351 | 3.55 4.08

10.06 2.55 | 10.59 2.30

636 6.80 | 644 7.20

3.17 239 | 3.18 248

23.87 13.07 | 23.97 13.27

33.99 20.81 | 26.53 19.32
1588 11.78 | 12.14 10.28
26.50 10.04 | 25.30 10.03

17.33 11.29 | 17.21  8.89

18.65 7.06 | 20.34 8.03

20.43 11.53 | 1843 9.11

19.10 6.56 | 19.63 7.45

82.17 20.29 | 79.36 19.47

40.77 3.59 | 40.54 3.49
269 050 | 278 0.51
562 139 | 588 1.48

11.44 5.05 | 11.22 4.81
526 3.04 | 582 332

13.90 3.31 | 1461 3.13

6.84 682 | 643 643

511 384 | 490 3.56

23.38 14.03 | 2436 13.37
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Table 2 Summary statistics — Public transport commuters

All Regions Toronto-Hamilton Montreal Vancouver
Higher- Low-income Higher- Low-income Higher- Low-income Higher- Low-income
mcome mcome mcome mcome

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Average commuting time (minutes) | 58.19 3544 | 48.54 28.44 | 62.19 35.09 | 51.40 28.48 | 54.42 36.01 | 44.94 28.03 | 51.75 33.77 | 46.95 28.22
Average commuting distance (km) | 19.73 15.75 | 12.76 11.14 | 22.42  18.00 | 14.03 12.69 | 16.84 11.92 | 11.11 88.66 | 16.08 11.72 | 12.13 96.28
Average commuting speed (km/h) | 18.46  7.67 | 1420 6.72 | 19.04 8.19 | 1428 6.87 | 17.82 652 | 13.89 6.19 [ 17.71 7.73 | 1447 7.10
Accessibility Measures
Jobs in 45 minutes @ origin (%) 1735 16.13 | 15.64 13.61 | 1222 11.49 | 896 7.24 | 21.68 18.67 | 21.47 15.07 | 26.64 17.81 | 23.34 15.14
Workers in 45 minutes @ origin (%) | 11.08 9.34 | 13.04 10.54 | 8.16 6.08 | 7.71 4.76 | 11.83 9.84 | 1697 11.94 | 19.65 11.73 | 20.28 11.67
g%s‘““m‘“”tes@deSt‘“at“’“ 32.66 14.60 | 20.38 1549 | 2472 9.67 | 12.16 848 | 42.07 11.32 | 27.40 1524 | 41.74 17.83 | 30.07 18.24
Workers in 45 minutes @ 2370 9.93 | 1647 1299 | 17.32 578 | 920 577 | 28.04 545 | 23.10 13.84 | 37.18 991 | 2439 14.45
destination (%)
Control Variables
Median houschold income 75.82 2749 | 67.00 23.33 | 82.69 29.47 | 72.12 24.98 | 65.59 23.88 | 56.30 19.92 | 72.00 18.57 | 70.66 17.83
(thousand $)
Average age 40.19 3.82 | 40.10 3.60 | 39.89 3.86 | 39.81 3.63 | 4033 4.02 | 40.10 3.83 | 40.93 3.12 | 40.82 3.02
Average household structure 249 058 | 253 058 | 262 063 | 269 061 | 228 040 | 224 038 | 241 055 | 2.56 0.56
Unemployment rate (%) 739 239 | 818 275 | 7.66 217 | 853 244 | 772 281 | 901 3.15 | 581 139 | 6.03 1.42

3 0

Households spending >30% of 1331 647 | 1371 591 | 13.89 6.62 | 13.98 592 | 11.51 588 |13.16 586 | 1478 632 | 13.89 5.91
income on housing (%)
Recent immigrants (%) 581 416 | 693 453 | 604 432 | 709 469 | 522 425 | 691 492 | 6.17 3.3 | 658 3.30
People with high school degreeas | 15 g9 335 [ 1195 340 | 11,13 334 | 1255 327 | 929 267 | 979 260 | 13.14 3.06 | 13.79 3.12
highest education level (%)
Network distance to closest heavy
. . ) 314 379 | 3.05 344 | 286 282 | 3.06 266 | 335 446 | 257 352 | 372 501 | 375 467
rail public transport station (km)
Network distance to closest highway | 5 3 531 | 5095 213 | 283 208 | 271 190 | 253  1.66 | 233 149 | 471 322 | 433 2.80
on ramp (km)
Network distance to city center (km) | 18.09 13.98 | 18.00 14.00 | 20.98 15.86 | 22.24 1631 | 1439 9.81 | 12.49 836 | 1529 1148|1591 10.89
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2.3.4 Model development, processing, and validation

Since applying a regular regression to a dataset with a number of commuters leaving the same
origin census tract would impose estimation biases, multilevel mixed effects regression models are
more appropriate to carry out the analysis, as individual observations (commute trips) are nested
within a census tract. Moreover, as applying the statistical analysis directly on the census flows
will impose an additional error when high-occurrence commute flows are weighted equally to
flows with lower occurrences (i.e. less commuters), a duplication process is carried out for each
census flow pair based on the number of commuters moving between each pair. Since the census
flow tables also express the flows by mode used, we can duplicate the observations based on the
number of people using a car for the car models and public transport for the public transport
models. This process is carried out for higher-income and low-income commuters.

After duplication, the sample size for each model exceeds 500,000 observations, which
contains the combined observations of all three cities. It is expected that using this large sample
size in modeling would lead to a bias in the statistical significance of the variables. Additionally,
taking smaller samples from the complete dataset may yield in the generation of coefficients and
confidence intervals that do not represent the full sample. To mitigate these effects, a bootstrap
technique was used where a random sample of 10,000 observations was selected and the statistical
model was conducted on that sample in the first round, then the outputs of the model are saved,
and a second random sample is pulled from the data to generate a second model to be compared
to the first model. This process is repeated 100 times. Essentially, through bootstrapping, the
confidence interval and statistical significance of the regression coefficients that are produced by
the models are stable and representative of our datasets.

After modifying the model to incorporate the bootstrapping method, we found that earlier
iterations of some models could not converge. Upon review, it was determined that the distribution
of the public transport commute time exhibited non-normal behavior (i.e. it was positively skewed
due to the presence of zero travel times for commute within census tracts). To overcome this, a
natural-log transformation was done on the dependent variable of commute duration in all models

to be consistent.
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2.4 RESULTS AND DISCUSSION
2.4.1 Accessibility and commute duration

Table 3 and Table 4 summarize the results of the regression models by the two different modes
and by income group where the dependent variable in all models is commute duration in minutes.
Overall, our results corroborate with existing research with respect to the socio-economic variables
where for example, an increase in household size is correlated with increase in commute duration.
For the accessibility measures, our results confirm the hypotheses of Levinson (34) on the impact
of accessibility on commute times for higher as well as low-income commuters by car and low-
income public transport commuters. Accessibility to jobs at the origin is negatively associated with
commute times while at the destination it has a statistically significant positive association.
Conversely, accessibility to workers at the origin is positively associated with commute times and
has a negative association at the destination. The 7 model shows some inconsistencies as
accessibility to workers at the origin is negatively related to commute time where a positive one
was expected. Yet, this variable is not significant in the model, which may be attributed to a high
correlation with other accessibility variables, particularly accessibility to jobs at the origin.
However, the model was stable after removing this variable from the model as this did not affect
other coefficients. The variable was therefore kept in the results as it is one of the main variables
and for comparison purposes (34).

Table 5 summarizes the coefficients from the four models of main variables of interest that
are discussed in further detail. First and foremost, for both car and public transport commuters, the
association between accessibility and commute time, no matter the direction, is higher for low-
income groups. We see that the impact of accessibility measures for the two income groups is
statistically different as coefficients of the accessibility measures associated with the higher-
income models are not located within the confidence interval of the low-income model for the
same variables and vice versa, with the exception of the non-significant variable in the 7w model
and the number of workers accessible at the destination measure. However, the magnitude of this

difference in impact between the two income groups is similar between the two modes.

19



Table 3 Regression results — Car commuters: Dependent Variable = Commute Time (minutes)

Higher-income (Cri) Low-income (CLi)
Coefficient 95% confidence interval Coefficient 95% confidence interval
Accessibility Measures
Jobs in 30 minutes @ origin (%) -0.022  *** -0.025 -0.019 -0.030  *** -0.034 -0.025
Workers in 30 minutes @ origin (%) 0.016 *** 0.011 0.021 0.022  *** 0.018 0.027
Jobs in 30 minutes @ destination (%) 0.037 F** 0.035 0.039 0.051 *** 0.048 0.053
Workers in 30 minutes @ destination (%) -0.023  ¥** -0.026 -0.020 -0.026  *** -0.030 -0.023
Control Variables
Median household income (thousand $) -0.001 -0.002 0.001 -0.001 -0.003 0.001
Average age -0.013  *** -0.018 -0.008 -0.013  *** -0.019 -0.008
Average household structure 0.056 * -0.0004 0.112 0.053 * -0.010 0.115
Unemployment rate (%) -0.001 -0.011 0.009 0.002 -0.009 0.013
Households spending >30% of income on housing (%) 0.004 -0.002 0.010 0.004 -0.004 0.013
Recent immigrants (%) -0.007  ** -0.015 -0.0001 0.001 -0.007 0.009
fozc;ple with high school degree as highest level of education 0.004 0.012 0.004 0.004 0.014 0.005
Bljrtl\;/ork distance to closest heavy rail public transport station 0.002 -0.006 0.001 0,003 -0.006 0.001
Network distance to closest highway on ramp (km) 0.014 *** 0.008 0.020 0.010 *** 0.003 0.017
Network distance to city center (km) -0.0004 -0.002 0.001 -0.002 ** -0.003 0.000001
Dummy = 1 if in Montreal (ref. = Toronto) -0.212  H** -0.271 -0.154 -0.187  *** -0.271 -0.102
Dummy = 1 if in Vancouver (ref. = Toronto) -0.177  *** -0.265 -0.089 -0.250 *F** -0.343 -0.158
Constant 3.645 3.473 3.818 3.279 3.048 3.511
Number of observations 1,963,735 1,224,210
Log likelihood | Intraclass correlation -2268030 | 0.062 -16312670.076
Akaike's information criterion | Bayesian information criterion 4536098 | 4536335 3262572 3262801
Snijders/Bosker R? Level 1 | Level 2 0.14610.288 0.113]0.261
Random effects parameters @ home census tract Estimate Std. Err. 95% confidence interval ~ Estimate  Std. Err.  95% confidence interval
Standard deviation of level-two errors 0.198 0.003 0.192 0.203 0.262 0.004 0.254 0.270
Standard deviation of level-one errors (residuals) 0.766 0.0004 0.765 0.767 0.914 0.001 0.913 0.915

*p<0.]  **p<0.05  *** p<0.01
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Table 4 Regression results — Public transport commuters: Dependent Variable = Commute Time (minutes)

Higher-income (T'ur)

Low-income (7%1)

Coefficient 95% confidence interval Coefficient 95% confidence interval
Accessibility Measures
Jobs in 45 minutes @ origin (%) -0.014  *** -0.016 -0.013 -0.021  F** -0.024 -0.018
Workers in 45 minutes @ origin (%) -0.0004 -0.004 0.003 0.010 *** 0.006 0.014
Jobs in 45 minutes @ destination (%) 0.011  *** 0.008 0.015 0.021 *** 0.017 0.024
Workers in 45 minutes @ destination (%) -0.023  HF** -0.027 -0.019 -0.027  k** -0.031 -0.023
Control Variables
Median household income (thousand $) 0.001 *** 0.001 0.002 0.0003 -0.001 0.002
Average age -0.002 -0.005 0.0004 -0.006 ** -0.010 -0.001
Average household structure 0.141 *** 0.103 0.179 0.111  *** 0.050 0.172
Unemployment rate (%) -0.010 *** -0.015 -0.005 -0.011  *** -0.017 -0.004
Households spending >30% of income on housing (%) 0.004 ** 0.0004 0.008 -0.002 -0.008 0.003
Recent immigrants (%) -0.003 * -0.007 0.0002 0.004 * -0.001 0.008
fozc;ple with high school degree as highest level of education 0.002 0.002 0.007 0.0001 0.007 0.007
Bljrtl\;/ork distance to closest heavy rail public transport station 0.004 *k 0.021 0.028 0016 *** 0.009 0.023
Network distance to closest highway on ramp (km) 0.018 *** 0.013 0.023 0.023  *** 0.012 0.034
Network distance to city center (km) 0.008  *** 0.006 0.010 0.002 *** 0.001 0.004
Dummy = 1 if in Montreal (ref. = Toronto) 0.225 *** 0.188 0.262 0.202  *** 0.147 0.256
Dummy = 1 if in Vancouver (ref. = Toronto) 0.135 *** 0.091 0.179 0.040 -0.019 0.100
Constant 3.532 3.292 3.772 3.700 3.422 3.978
Number of observations 539,775 570,275
Log likelihood | Intraclass correlation -26715710.309 -5477100.192
Akaike's information criterion | Bayesian information criterion 534351 | 534552 1095459 | 1095673
Snijders/Bosker R? Level 1 | Level 2 0.5300.777 0.1940.528
Random effects parameters @ home census tract level Estimate  Std. Err. 95% confidence interval ~ Estimate  Std. Err. 95% confidence interval
Standard deviation of level-two errors 0.262 0.004 0.255 0.270 0.306 0.005 0.297 0.315
Standard deviation of level-one errors (residuals) 0.393 0.000 0.392 0.393 0.627 0.001 0.626 0.628

*p<0.l  **p<0.05  *** p<0.01
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For the public transport models, an increase of one percentage point (an absolute increase
of one percent) in accessibility to jobs by public transport at the origin is expected to reduce public
transport commute time by 2.1 percent for low-income commuters compared to 1.4 percent for
higher-income commuters. In contrast, an increase of one percentage point in accessibility to jobs
at the destination increases the commute time by 2.1 percent compared to 1.1 percent for higher-
income individuals. Also, living in places with high accessibility to low-income workers increases
the commute times of low-income workers by public transport while this is not significant in the
higher-income model. For car commuters, similar differences in the impact of accessibility on
commute times is observed but in these two models, accessibility to workers at the origin is
significant in the positive direction for individuals in both income groups. The implication of these
results is that commute times for low-income groups will be reduced by a larger magnitude by an
increase in the accessibility of jobs at the origin census tract. However, the influence of
competition due to higher accessibility to jobs at the destination (i.e. more competing firms) on
commute duration is greater for individuals in low-income groups. Furthermore, looking
specifically at the public transport model where a non-significant coefficient for the accessibility
to workers at the origin measure is observed in the higher-income model but is significant in the
low-income model, this result implies that a concentration of low-income workers near low-
income individuals tend to increase their commute times by public transport but the same cannot
be said for higher-income individuals. In contrast, this trend is observed for car commuters in both
income groups.

These results offer some insights as to how inequalities in transport, specifically with
regards to the significantly slower commute speeds experienced by low-income public transport
users as opposed to higher-income users, can be addressed by achieving an equitable distribution
of transport services using accessibility measures. Our results suggest that specific improvements
in accessibility can lead to lower commute duration for low-income individuals. One is to improve
accessibility to low-income jobs at the origin through a mix of land use, to bring low-income jobs
closer to low-income workers. The second is to mitigate the more intensive effects of competitors
(workers at the origin and jobs at the destination) for low-income car and public transport users,
through a mix of low-income and other-income workers at the origin and jobs at the destination.
This can be done through dispersing affordable housing in a region and also introducing different

types of employment at the place of work (rather than having a concentrated area of high-paying
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jobs). This strategy can also mitigate the negative aspects of concentration of poverty that
researchers have been noticing in several regions (63), which we have also alluded to previously.

In addition to land use changes, accessibility can also be directly improved through an
improvement in public transport services between low-income workers and low-income jobs. A
first step in determining where this policy can be implemented is through an examination of where
low-income jobs are concentrated in a region similar to earlier research on high-order employment
in the Montreal region (64) and providing frequent and reliable public transport services to these

concentrations of low-income jobs.

Table 5 Summary of key variables

Car Public Transport

I;:cg:;l; Low-income Ii_::f;l;re- Low-income
Accessibility Measures
Jobs in 45 minutes @ origin (%) -0.022  F** -0.030  *F** -0.014  ***  .0.021 F**
Workers in 45 minutes @ origin (%) 0.016 *** 0.022  *** | -0.0004 0.010  ***
Jobs in 45 minutes @ destination (%) 0.037 F** 0.051 *** 0.011 ***  (0.021 **=*
Workers in 45 minutes @ destination (%) -0.023  *** -0.026  *F** -0.023  *¥**  .(0.027 F¥*
Selected Control Variables
E;;‘:;’;ft ‘::Zt?:;i&;’lose“ heavyrail public | = 50y w0003 ** | 0024 ** 0016 **
gfrtl\;/czilin(;istance to closest highway on 0,014 *** 0.010 *** 0018 *#*  (0.023 **
Network distance to city center (km) -0.0004 -0.002  *** 0.008 ***  (0.002 F**
Dummy = 1 if in Montreal -0.212  *** -0.187  *** 0.225 ***  0.202 k**
Dummy = 1 if in Vancouver -0.177  *** -0.250  HF** 0.135 ***  0.040

*p<0.] **p<0.05  ***p<0.01
2.4.2 Other variables

With respect to the dummy variables for the different metropolitan regions, we see that, for
car commuters, being in Montreal decreases commute time by 18.7 percent for the low-income
and by 21.2 percent for higher-income compared to being in Toronto-Hamilton. Being in
Vancouver reduces commute time by 25.0 percent for the low-income and 17.7 percent for the
higher-income group. The reason for this may be attributed to the different city structures between
the three cities. Also, since the Toronto-Hamilton region is both larger and more spread out than
both Montreal and Vancouver in terms of the dispersion of people’s homes as well as jobs (which
can be seen in Figure 2), this could mean higher average commute times by car in general. In

contrast, Montreal public transport users experience an around 20 percent increase in commute
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times compared to Toronto-Hamilton commuters for both income groups. This difference is
smaller for public transport users in Vancouver, especially for low-income individuals. This seems
to suggest a faster and well-connected public transport network in Toronto-Hamilton, illustrated
in Figure 2, compared to Montreal and Vancouver.

For variables related to transport infrastructure, longer distance to a highway ramp is
positively correlated to higher commute duration for car commuters but public transport
commuters as well. This is expected as car commuters who are closer to the highway are more
likely to use it and would experience faster speeds and shorter travel times. In the public transport
models, proximity to rail stations is positive and statistically significant, which is expected as
access/egress times are reduced the closer someone is to a station. Distance to city center is
significant in the public transport models as public transport services in Canadian cities are
designed with a mono-centric pattern originating from the city core. Interestingly, this variable is
also significant for low-income car users but is negative which may illustrate the presence of
congestion for car commuters closer to the city center. This may also help to explain the negative
correlation between the distance to heavy rail public transport stations and commute duration for

car commuters.
2.4.3 Sensitivity analysis

It is important to address the practical significance of the aforementioned differences
between higher and low-income groups, in terms of commute duration. We want to first point out
that the differences in the coefficients of the accessibility variables translate in important
differences in commute time. As such, a sensitivity analysis is carried out to relate the changes in
accessibility to the associated changes in commute time predicted by the regression models in
minutes. Holding all variables at the mean values (see Table 1 and Table 2), we predict commute
time for different values of accessibility to jobs at origins. For illustrative purposes, we chose to
double the mean percentage of jobs that can be accessed at the origin census tract for each of the
four models as part of the sensitivity analysis. The results are presented in Table 6 and Table 7
for the car and public transport commuters in the three cities. These results confirm that increasing
job accessibility at the origin is associated with greater decreases in commute duration for the low-
income group than higher-income. For example, a 27.3 percent decrease in commute time is
observed for low-income car commuters, compared to a 20.2 percent decrease for high-income

commuters. Similar trends can be observed for the other accessibility measures to varying degrees.
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Table 6 Change in predicted travel time as a result of doubling the mean percentage of jobs

accessible at the origin census tract of car commuters

Higher-income Low-income
Predicted travel Predicted travel Predicted travel Predicted travel
time @ mean time @ x2 mean . time (@ mean time @ X2 mean .
City value = 10.1% value = 20.2% let(‘((a)/re)cnce value = 10.6% value = 21.2% let(‘e;/r(;nce
jobs accessible jobs accessible ’ jobs accessible jobs accessible ’
(min) (min) (min) (min)
Toronto- 313 25.0 21.9 15.9
Hamilton
Montreal 253 20.2 -20.2 18.1 132 273
Vancouver 26.2 20.9 17.0 12.4

Table 7 Change in predicted travel time as a result of doubling the mean percentage of jobs
accessible at the origin census tract of public transport commuters

Higher-income Low-income
Predicted travel Predicted travel Predicted travel Predicted travel
Gy | v 170 | ameo3amm, | Difference | SR O | Difference
jobs accessible jobs accessible (%) jobs accessible jobs accessible (%)
(min) (min) (min) (min)
Toronto- 41.9 327 37.6 27.1
Hamilton
Montreal 52.5 40.9 -22.1 46.0 332 -27.9
Vancouver 48.0 37.4 39.2 28.2

Lastly, the goodness-of-fits of the models are discussed in the context of the

Snijders/Bosker R? values. From this, we can see that the explanatory power of the public transport

models are significantly higher than the car models at the home census tract level (level 2). This

result is also similar to previous research in comparing the impact of accessibility between car and

public transport users for commuting (34).

2.5 CONCLUSION

In this research, we introduce a dimension of equity to the existing body of research on the journey

to work and accessibility as we ask the question: does accessibility impact low-income groups

differently than higher-income groups with respect to commute times? While research has shown

that low-income individuals experience shorter commute durations, researchers have also observed

that at the same time, they are travelling slower than their higher-income counterparts (36, 53).

Our results confirm these results as our data indicates that low-income commuters are travelling
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slower compared to their higher-income counterparts by public transport, and by car to a smaller
extent.

The results from this study demonstrates that accessibility can be a key factor in reducing
the commute time experienced by low-income groups. We find that the effect of increased
accessibility to jobs at the origin is observably stronger for low-income compared to higher-income
car and public transport users. Therefore, introducing a mix of land-use at both the home and work
locations would effectively reduce commute times by bringing low-income jobs closer to low-
income workers. On the other hand, the influence of competition at the origin in the form of
accessibility to workers and at the destination in the form of accessibility to jobs is also greater for
the low-income group. Taking this into account, an alternative way to reduce low-income public
transport users’ commute times is to introduce a mix of housing at the origin, through the
implementation of social housing in places with traditionally higher-income housing options, and
a mix of employment type offered at the destination to avoid a concentration of low-paying job
sectors.

Future research can build on this research by increasing the geographical extent of this
analysis to include mid and small-sized cities where land use distribution differs significantly from
the large metropolitan regions analyzed here. In addition, the accessibility approach to the journey
to work in an equity context can be extended to other disadvantaged groups, perhaps through the
use of social indicators (45). Multiple measures of the distribution of access may be tested across
many different cities, as in Palmateer and Levinson (65). Moreover, the aggregation of control
variables to the census tract level may result in loss of detail and accuracy in the models, therefore,

the use of a household travel survey for the analysis in future studies is recommended.
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CHAPTER 3 ACCESSIBILITY AND MODE SHARE

3.1 INTRODUCTION

In recent years, we have a seen a shift in the planning paradigm from planning for the automobile
to planning for active modes of transport. Planners have recognized that the benefits of these
modes, compared to the use of personal vehicles, are numerous (66) and are applicable to everyone
not only on a personal level in terms of improved health outcomes, but also on a global scale
through the reduction of transport-related emissions. While walking and cycling are certainly
viable in many cities around the world, their use in the North American context has largely been
limited to dense city centers, a legacy of car-centric planning practices. As such, governments in
North America tend to promote the use of public transport and often set targets for ridership (67)
or mode share (68) in their transport plans.

In light of these goals, the use of public transport in Canada has been increasing steadily,
albeit slowly, from 10.1% in 1996 to 12.4% in 2016. However, in some areas such as Winnipeg,
mode share decreased in the same period (69). Furthermore, public transport ridership in recent
years has been plateauing across cities in Canada (70). Similar trends have also been observed in
cities in the U.S. (71). Considering that capital expenditure for public transport projects has been
rising steadily at a much higher rate since the 2000’s (72; 73), one wonders if the costs of investing
in public transport are commensurate with its use.

An important question asked by those advocating for equitable transport policies is this:
are public transport investments going towards groups of people who need it and are they the ones
who are using it the most? The response from certain researchers in the U.S. (74) and the U.K. is
“no”(36) as they argue that there has been a trend of increasing investments in rail transport geared
towards higher-income choice riders. As a result, captive riders, who generally have lower income,
are less likely to own personal vehicles and therefore are limited in their travel options (75), find
themselves stranded in the face of reduced public transport services for which they are more
frequent users of (71).

For planners to begin tackling this inequality in transport, a metric must be defined for
which objectives can be set and progress can be tracked against. Researchers have deemed
accessibility to be appropriate in evaluating the social equity dimension of transport plans (23, 50,

76; 77). The effectiveness of accessibility lies in its characterization of land use, namely the
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availability of opportunities in space and time, as well as the transportation system, such as public
transport frequency and reliability (9). The level of accessibility can then be evaluated for more
disadvantaged groups in society to gauge whether the current network is equitable and/or if future
plans and policies will be.

At the same time, researchers and planners are also concerned about the potential barriers
that transport may pose regarding labor outcomes. While some argue that policies should be
implemented to put more private automobiles in the hands of the lower-income to improve their
accessibility (78), many argue that programs to increase car accessibility not only work against
environmentally sustainable objectives set by agencies, but also lead to reduced funding for public
transport and a further decline in quality of service (79).

Ideally, transport policies should aim to maximize the number of opportunities that people
who stand to benefit the most from it can reach while minimizing unnecessary travel time and out-
of-pocket costs. For the low-income group, to be able to do so using public transport is even more
important for the reason of minimizing the financial burden of personal vehicle ownership. We
can test whether this goal is being realized through an examination of the relationship between
accessibility and public transport mode share for the low-income group across metropolitan
regions of varying sizes in Canada, which to our knowledge has not been done before. We also
examine this relationship for the higher-income group to serve as a point of comparison. In
addition, we are using a wide geographic lens to carry out this analysis, to view these relationships
in the context of eleven Canadian metropolitan regions of varying size, structure and other
characteristics.

This research builds upon the existing exploratory research that we have carried out to
examine the impact of accessibility on public transport mode share in the eleven regions (80). In
this exploratory study, we observed visually that there are differences in the relationship between
accessibility and mode share between income groups and in various geographic regions. The next
logical step is to quantify these differences through a series of regression models while controlling
for other explanatory variables — leading us to carry out the present study. Specifically, we aim to
answer the following question: to what extent does accessibility have an impact on public transport
mode share in a particular census tract, how does the relationship differ between the low and
higher-income groups in various Canadian metropolitan regions and whether low-income

commuters are captive to public transport or does accessibility still matter to them? In answering
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these questions, we hope to demonstrate that accessibility is a suitable means to improve public
transport mode share for the low-income group and to further emphasize its role in meeting the

social equity objectives set by planning agencies.

3.2 LITERATURE REVIEW

Whether or not metropolitan regions in North America are experiencing a public transport
renaissance, one thing is clear - the factors that drive public transport use has been of great interest
to researchers for some time. These drivers can be divided into two major groups: those related to
the personal characteristics of the traveler and those related to the built environment including the
public transport infrastructure. Mode choice is highly dependent on personal characteristics, where
income (81; 82), unemployment rate (83) and the proportion of recent immigrants (84) have been
shown to be highly influential. Moreover, to capture the combined effects of these highly
influential socio-demographic variables, researchers have started using composite variables such
as social deprivation indices (85-87). In addition, there is consensus among researchers in Canada,
the U.S. and Australia that personal vehicle ownership, irrespective of income, is a major deterrent
of public transport use (88-90).

Income is a widely used indicator of social exclusion, transport disadvantage and social
inequity (71, 91, 92). With respect to mode choice, it has been shown that nationally, the low-
income group exhibit higher public transport use than higher-income groups in the U.S. (77). In
some cases, lower-income users have been termed captive users of public transport as they have
no choice but to use public transport (93). On the other hand, a study that examined the public
transport use of low and higher-wage workers in the Toronto-Hamilton area found that low-wage
workers as a group had lower public transport mode share than higher-wage workers (94).
However, this contradictory finding could be attributed to the methodology employed to segment
the workers into wage categories. The determinants of public transport use specific to the lower-
income has also been explored by researchers such Mercado et al. (9/) where they found that
among low-income workers, immigration status, place of work, age and employment status were
significant predictors.

Aside from personal characteristics that could motivate a traveler to use public transport,
aspects of the built environment and the characteristics of the public transport system do play a

role in explaining mode share. Many researchers have found that even when self-selection bias is
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accounted for, characteristics of the built environment such as the density, diversity and design of
the urban milieu does influence public transport ridership (95, 96). In particular, researchers (97;
98) have found that higher densities support public transport use better than low-densities whereas
Chen, Gong and Paaswell (99) found that for the New York Metropolitan Region, employment
density is more influential than residential density to explain public transport use. The accessibility
to public transport infrastructure also impacts mode choice where being closer to public transport
infrastructure, such as stations or stops, increases the odds of its use (87, 94; 100, 101).

Accessibility not only applies to the ease of accessing transport infrastructure, it can also
be used in the context of transport to measure the ease of accessing opportunities that exist in time
and space that motivate trip-making. In this sense, a measure of accessibility internalizes aspects
of both the built environment, namely the density and location of opportunities, as well as the
available transport infrastructure. Here, a distinction is made between locational accessibility and
individual accessibility where the former is concerned with the attractiveness of places within the
urban system relative to one another (/02) and the latter considers the ability of individuals to
reach places (/03). A place’s attractiveness could be impacted by factors such as the density of
available jobs as well as the ease of reaching it (i.e. time and cost).

The research on accessibility is extensive that include both approaches to refine the data
and methodology used to generate accessibility as well as empirical evidence on the impact of
accessibility on various aspects of travel. On the theoretical side, researchers are interested in
generating measures that reflect more closely the “true” or “experienced” accessibility in a region.
Gravity-based measures, in contrast to cumulative-opportunity measures, weights the potential
opportunities using a gravity-based function of the cost (such as distance or time) to access it and
then summed (27). Despite being more difficult to use and interpret, the gravity measure is
sometimes preferred due to its theoretical soundness. However, researchers have found that
accessibility results generated using the cumulative and the gravity measures are highly correlated
(22) and as a result, the cumulative measure is used in contemporary studies that aim to
communicate accessibility to policy-makers (/04). In addition, measures have also been generated
using less idealized data inputs to account for the variability in the provision of transport services
(18; 19) and in the availability of jobs at different periods of the day (/7).

Empirically, there have been studies done specifically on the distributional impacts of both

the existing transport system (/05-107) as well as future projects (4/) in terms of the accessibility
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to opportunities. Some researchers sought to do this on a large geographic scale, by comparing the
accessibility of low-income jobs for socially vulnerable residents against the accessibility to all
jobs for the entire population in eleven Canadian metropolitan regions (/5). They identified that
while there are geographic differences in the accessibility of the two groups, the vulnerable tend
to experience higher accessibility when compared to the entire population in each region.
Furthermore, accessibility has also been studied as a predictor of travel, such as the research done
on the impact of accessibility on the journey to work (34). In particular, Canadian researchers
(108), using data for Toronto-Hamilton, Montreal and Vancouver, found that the influence of
accessibility to jobs as well as the presence of competition at home on commute duration is
stronger for the low-income compared to higher-income groups.

Accessibility has also been shown to influence public transport mode share positively (87,
109; 110). For example, researchers Owen and Levinson (/8) found, using continuous
accessibility to jobs, higher public transport mode share is associated with higher average public
transport accessibility in the Minneapolis-Saint Paul area. Moniruzzaman and Paez (///) found,
using data from Hamilton, Ontario that public transport mode share increases as accessibility
increases but the relationship is not linear through their use of logit regression models. With this
in consideration, we identified a need to study accessibility and mode share from an equity
perspective to examine how this impact between accessibility change for more disadvantaged
groups in society such as such as the low-income group. Furthermore, to do so in the context of
multiple metropolitan regions would provide results that can be applied to different geographical

contexts rather than focusing on one area with a specific set of characteristics.

3.3 STUDY CONTEXT

The geographic scope of the present study concerns eleven Canadian metropolitan regions
extending from coast to coast as shown in Figure 3. These regions, shown in detail in Figure 4,
were selected due to differences in city size, city structure, public transport system maturity, and
other potential socio-demographic factors. As a result, we hope that their inclusion would offer
some insight as to how the impacts of accessibility would differ between regions. The key
characteristics of each metropolitan area is presented in Table 8. Note that the Kitchener-

Cambridge-Waterloo is shortened as Kit-Cam-Wat in the tables presented in this thesis.

31



PRINCEEDWARD ISLAND

Halifax

o 200 400 km
| I I

oronto - Hamilton

Kitchener - Cambridge - Waterlg

0 200 400 mi o~
Projection: Lambert Conformal Canic

Figure 3 Context map of the eleven Canadian metropolitan areas being studied
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Figure 4 Detailed maps of the eleven metropolitan areas
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Table 8 Key characteristics of the eleven Canadian metropolitan areas (2016 values)

. Median . .
Metropolitan | Population | Density .LOW- I:Ilgher- household Rapid public
. erye 2 income income . transport systems
region (millions) | (pop/km") obs! obs! income (excluding bus)
Rapid rail,
Vancouver 2.46 854.6 315,190 | 689,185 70,795 .
commuter train
Calgary 1.39 272.5 196,035 | 389,825 99,583 Light rail
Edmonton 1.32 140.0 188,260 | 362,880 94,447 Light rail
Winnipeg 0.78 147.0 100,785 | 242,580 70,795 BRT
London 0.49 185.6 62,990 136,100 64,743 N/A
Kit-Cam-Wat 0.52 480.1 66,345 161,155 77,229 N/A
Toronto- Subway,
o 9 7.06 862.4 881,435 | 2,054,495 78,437 commuter train,
Hamilton 3
BRT
Ottawa- 132 1956 | 212,805 | 381,940 | 82,053 | Light rail, BRT
Gatineau
Montreal 4.10 890.2 | 521,840 | 1,228,765 | 61,790 Subway,
commuter train
Quebec City 0.80 234.8 99,055 275,625 65,359 N/A
Halifax 0.40 73.4 54,520 126,340 69,522 N/A

! The definition of low- and higher-income groups are explained in detail in Section 3.4.1

2 Refers to the Greater Toronto and Hamilton Area and includes the Toronto, Hamilton and Oshawa census metropolitan areas

3 The Toronto streetcar system is excluded from our definition of rapid public transport system

3.4 DATA AND METHODOLOGY

3.4.1 Generation of accessibility measures and calculation of mode share

The accessibility measures used in this study, similar to Chapter 2, are cumulative-opportunity

measures. Once again, the generation of such accessibility measures requires two data inputs: the

number of low and higher-income employment opportunities available in each census tract across

the eleven regions and the public transport travel time between census tracts within each region.

The number of jobs available in each census tract was also obtained from the Statistics

Canada 2016 Census Flow tables which summarize the number of work commuters, by mode of

transport and income bracket, commuting between a home census tract and the census tract in

which their place of work is located. A limitation associated with the use of the Census Flow tables
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is that the data has undergone a series of data suppression processes for confidentiality purposes.
As such, this could lead to some inconsistencies in the results especially when there are few
commuters between certain census tract pairs.

We also chose to define the two income groups in this study as low and higher-income
rather than further defining categories such as medium and high-income groups because we wanted
to focus on the difference in the results for the low-income compared to everyone else rather than
exploring the impact across an entire income distribution. However, we have experimented with
using three income groups for the Montreal region for which the results are discussed later in
Section 3.5.3. The low-income threshold is defined differently in this study compared to Chapter
2 where the low-income threshold is defined in this study as the 30% lowest paying of jobs in each
metropolitan region, which reflects the wage distribution pertaining to each region. As the Census
Flow tables categorize commuters by income brackets, the bracket closest to having 30% of the
lowest paying jobs is selected as the threshold. A threshold bracket of 30,000 CAD is used for all
regions with the exception of Calgary, Edmonton and Ottawa-Gatineau where 40,000 CAD is
used. Subsequently, the higher-income group includes commuters from all other income groups
higher than the low-income threshold bracket. Therefore, the number of low-income jobs in a
census tract is taken as the sum of all commuters belonging to or below the low-income threshold
bracket arriving at that census tract. This was similarly done for the higher-income group. It is
worth noting that future research can adopt the idea of a “living wage” to delineate the threshold
between low and higher-income for regions such as Toronto-Hamilton and Vancouver where
living costs are incredibly high.

The travel time matrix by public transport between census tracts is calculated in the same
way as Chapter 2, by first obtaining the GTFS data from the all the public transport agencies
operating in the eleven metropolitan regions and then using the “Add GTFS to a network dataset”
tool in ArcGIS. The travel times were also used as inputs to determine the median travel time for
the low and higher-income groups in each metropolitan area separately.

Two accessibility measures are generated in this study for the two income groups being
studied. Proportional accessibility is also used in this study, similar to Chapter 2. This measure
ensures that a comparison can be made between the different metropolitan regions which places
for example a high access census tract in Halifax on level ground with a high-access census tract

in Toronto-Hamilton. Furthermore, we believe that the use of median travel times (as the travel
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time threshold) specific to each income group in each metropolitan area would further ensure a
fair comparison between the segmented groups. The reason being that the median travel time
would reflect most accurately the activity spheres of each group and its use in the accessibility
measure would represent what’s accessible within an acceptable travel time for them. In addition,
using the median as opposed to the average travel time (used in Chapter 2) would minimize the
effects of extreme travel times for large metropolitan regions (in terms of area) such as Edmonton.
The median travel time thresholds are presented in the summary statistics in Table 9 and are
rounded to the nearest S-minute interval for use in the accessibility measures.

The cumulative proportional accessibility measure used in the study is formulated as
follows for the low-income group:

1 if tij < tLI,median
0 if tij > tLI,median

ALI,i = ﬁzf:l ELI,jf(tij) and f(tl]) = { Equation (6)
j=1ELLj

where A;;; 1s the accessibility to low-income jobs from census tract i, Z§=1 Ey, ; 1s the total number

of low-income jobs in a metropolitan region, E;;; is the number of jobs in census tract j, f(z;) is a
dichotomous function to determine if jobs in census tract j are reachable by census tract i based on
tiycompared to 17, median, t;j 15 the commute time between census tracts 1 and j, and 77, median 1S the
median commute time for the low-income group in the region that is used as the travel time
threshold.

The cumulative proportional accessibility measure used in the study is formulated as the
following for the higher-income group:

lift; <t ;
1 ] ij HI,median .
Agri ==X i Egrif(t;;) and f(t;;) = , Equation (7
HILi ZleEH” 21_1 HI,]f( u) f( u) {0 if tij > tyrmedian q )

where Ay is the accessibility to higher-income jobs from census tract i, 25:1 Eyy,j is the total

number of higher-income jobs in a metropolitan region, Ez;; is the number of jobs in census tract
J» f(ti;) 1s a dichotomous function to determine if jobs in census tract j are reachable by census tract
1 based on t;;compared to #77 median, tj 1S the commute time between census tracts i and j, and #x7, median
is the median commute time for the higher-income group in the region that is used as the travel
time threshold.

We experimented with incorporating the ratio of car accessibility to public transport
accessibility in the models but found high correlations between accessibility by the two modes and

as a result, removed it from the models. However, we recognize that the car is more attractive than
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public transport in areas where accessibility is much higher by car than by public transport and by
not including the impact of this scenario, we may be overestimating the “experienced” accessibility
by public transport for a particular census tract.

Lastly, the dependent variable used in the study is the percentage of commuters leaving
each census tract who used public transport out of all commuters. This was done for low and
higher-income commuters separately, i.e. the percentage of commuters who used public transport
out of all low-income commuters who left that census tract and the percentage of commuters who
used public transport out of all higher-income commuters who left that census tract. From the
Census Flow tables, we determine the percentage of commuters using public transport including
bus, subway or elevated rail, light rail, streetcar, commuter train, and passenger ferry, as their main
mode of transport compared to using a car (as driver or passenger) or using an active mode such

as walking or cycling.
3.4.2 Relationship between public transport mode share and accessibility

While researchers have found that there exists a relationship between public transport mode share
and accessibility by public transport (/8; 111), fewer research attempted to characterize this
relationship. As a precursor to this present study (80), we carried out an introductory examination
of this relationship for the low and higher-income groups where we first used a series of best-fit
curves to determine the function that best represented the relationship. Data obtained for
accessibility and public transport mode share are as described in the previous section. However,
the travel time threshold used in this precursor study is the average commute time for the reason
that prior to the present study, we were working with the average travel time before improving the
methodology through the use of the median.

The curve-fitting process was applied to the Toronto-Hamilton dataset for the two income
groups to determine the best function. We included three functions: 1) exponential function, 2)
linear function, and 3) second order polynomial (quadratic) function. A visual comparison of the
best-fit curves against the scatterplots of the data points for the two income groups is shown in
Figure 5. Understandably, the quadratic function is not the one that yielded the best R? values for
all income groups across all regions (the linear relationship is more applicable in certain cases) but
for the sake of comparison, we decided to move forward with the quadratic because we would be

able to observe indirectly, through the coefficients, where the quadratic is not strongly observable.
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Figure 5 Comparison of curve fitting models for the Toronto-Hamilton dataset for low-income (left) and higher-income (right)
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3.4.3 Model inputs and development

Separate models for each income group in each metropolitan area are generated for the reason that
different median travel times are used as the travel time threshold to calculate accessibility. To
capture the non-linear relationship between accessibility and mode share that was discussed in the
previous section, a squared accessibility term (“higher-order term”) was generated and entered in
to the models which is equal to the existing accessibility value (“lower-order term”) squared. In
addition to the two accessibility variables, control variables related to the presence of transport
infrastructure and socio-demographic characteristics at the origin census tract are included. These
variables are evaluated for the census tract and so are not differentiated by income group.

Non-highway network proximity to rapid public transport stations (including Bus Rapid
Transit stops as well as light, heavy and commuter rail stations) from the origin census tract
centroid is used to control for the influence of transport infrastructure on mode share. While certain
bus systems operated by various Canadian transport agencies are termed as Bus Rapid Transit
systems (BRTs), we find that not all meet the basic criteria of a BRT as outlined by the Institute
for Transportation and Development Policy (//2). Based on a quick evaluation, we conclude that
the Ottawa Transitway, Gatineau Rapibus, Mississauga Transitway, Winnipeg Southwest
Transitway and the York Region Viva Rapidway qualify as BRTs due to the presence of dedicated
rights-of-way and off-board fare payment systems. As well, the public transport infrastructure
identified in this step reflect the state of the systems in 2016 to match the accessibility and mode
share data.

In addition, the network proximity to the nearest highway ramp is also included as the
presence of car-oriented infrastructure could impact public transport mode share negatively (87).
Furthermore, while information on household vehicle ownership and travel expenditure would be
relevant explanatory variables to include, they were not available at the appropriate geographic
level at the time of the study. As such, their inclusion in future studies of a similar nature may be
beneficial as they have been found to be influential on public transport use (70). Early trials of the
models included the network distance to the city center as a variable. However, we removed this
variable from the final model as it was highly correlated with accessibility.

Moreover, socio-demographic variables at the origin census tracts, obtained from the 2016
Census, are also included the regression models. We’ve elected to use a social deprivation index

which combines normalized values of household income, unemployment rate, housing
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affordability and recent immigration status which has been used previously in studies on mode
share (87). The social deprivation index of each census tract within a metropolitan region are then
divided into deciles, with one being the least socially deprived to ten being the most socially

deprived. The rankings are then entered as inputs into the models.
3.4.4 Summary statistics

The mean values for the input variables are presented in Table 9. In the majority of the areas being
studied, with the only exceptions being London and Kitchener-Cambridge-Waterloo, both the
average and the median commuting times of low-income public transport commuters are lower
than higher-income public transport commuters. The public transport mode share is nonetheless
much higher for the low-income group compared to the higher income group across the country,
1.e. a greater proportion of low-income commuters use public transport. This has been observed in
past research (77). As expected, the average public transport mode share is highest in the three
largest metropolitan regions with the most developed rapid public transport systems. However, the
difference in public transport mode share between the other large metropolitan regions seems to
be unrelated to the existence of rapid public transport systems. For example, in Quebec City, a city
without an LRT system, both income groups exhibit higher public transport use when compared
with Edmonton, one with an LRT. On the other hand, Halifax is less dense than Edmonton but
nonetheless both income groups in the two areas exhibit similar levels of public transport use. This
confirms past researchers’ hypothesis that the presence of public transport infrastructure is not the
sole predictor of public transport use.

Furthermore, the statistics on accessibility indicate that across regions, with the exception
of Kitchener-Cambridge-Waterloo and London, accessibility is lower for the low-income group
even when the difference in the number of low and higher-income jobs available is adjusted
through the use of proportional accessibility. This is in contrast to previous research (/5) and
illustrates the effect of segmenting the population into low and higher-income as well as using
time thresholds specific to each income group. For example, the median travel time is longer for
the higher-income group in all regions except in Kitchener-Cambridge-Waterloo where the median
travel time is the same between groups and in London where it is longer for the low-income group;
the result in these two regions is higher accessibility for the low-income group.

An illustration of the difference in accessibility to jobs by public transport and mode share

between the low- and higher-income groups in Montreal are shown in Figure 6 and Figure 7,
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respectively. As expected, both accessibility and mode share is higher on the denser Island of

Montreal and around the locations of metro stations.
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Table 9 Summary statistics

All Regions

Toronto-
Hamilton

Montreal

Vancouver

Calgary

Edmonton

Halifax

Kit-Cam-Wat

London

Ottawa-
Gatineau

Quebec City

Winnipeg

Higher | Low

Higher | Low

Higher | Low

Higher I Low

Higher I Low

Higher | Low

Higher I Low

Higher I Low

Higher | Low

Higher | Low

Higher | Low

Higher | Low

Average commute time
(min)

Average commute time
threshold (min)

Median commute time
(min)

Median commute time
threshold (min)

Average public
transport mode share
(%)

Accessibility
Measures

Average accessibility
to jobs by public
transport (%)
Average accessibility
to jobs by public
transport (thous.)

Control Variables

Average population
density (thous.
persons/km?)

Average age

Average number of
persons per household

Average household
income (thous. $)

Average
unemployment rate
(%)

Average percentage of
households spending
>30% of income on
housing (%)

Average recent
immigrant population
(%)

Average network
distance to closest
rapid public transport
station (km)

Average network
distance to closest
highway on ramp (km)
Average network
distance to city center
(km)

580 498

60 50

49.5 435

50 45

26.1

43

40.5

2.6

80.1

7.5

26.2

5.1

5.8

4.0

21.5

62.0 524

60 50

54.6 47.0

55 45

21.0 29.5

242 53

5.0

40.6

2.8

84.8

7.8

30.6

49

4.8

3.5

322

537 459

55 45

454 394

45 40

23.4

17.2

21.2 6.2

5.6

40.6

2.3

66.1

7.7

24.7

45

4.8

2.8

52.1 47.4

50 45

445 408

45 40

29.2

12.0 3.9

4.8

413

2.7

78.8

5.8

30.7

5.6

6.2

5.0

21.6

58.7 568

60 55

539 521

55 50

19.4

17.3

2.7

383

2.7

106.2

9.5

20.9

6.1

6.0

3.8

732 536

70 55

497 444

50 45

9.5 18.3

7.4 2.5

2.3

2.6

95.9

8.9

21.5

5.7

4.8

615 542

60 55

474 447

45 45

10.1 18.0

234 209

3.0 1.1

1.9

41.1

2.3

7.6

24.5

22

N/A

5.6

14.5

47.1 459

45 45

423 423

40 40

3.7 14.3

14.8

2.4 1.0

2.1

39.8

2.6

6.5

235

2.6

N/A

3.5

10.4

443 514

45 50

419 442

40 45

4.4 16.0

22.1

2.5 1.4

2.1

41.0

2.4

7.6

24.7

2.3

N/A

6.1

10.7

60.6  50.0

60 50

472 437

45 45

16.9 239

223 17.3

8.5 3.7

2.6

40.9

2.4

7.4

22.1

2.8

6.4

5.4

535 455

55 45

46.5  40.1

45 40

10.7  19.1

22.7 154

6.2 1.5

2.8

43.1

2.1

67.0

4.9

1.8

N/A

34

43.0 424

45 40

39.7  38.6

40 40

113 229

25.7 234

6.2 2.4

2.7

40.1

2.5

74.4

6.6

20.2

6.1

8.5

7.6

9.6
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Figure 6 Comparison of job accessibility at median travel time for higher and low-income
groups in Montreal

Higher-income Low-income

i
) /

~-
a‘ o~ )
» o AR
J 2 \
¢ [
M S -‘ 8
L=
Projection: NAD-1983 UTM Zone 18
Commuter rail line Public transport mode share (%) 0255 10KM A
Metro line
- - - - Data sources: DMTI, Statistics Canada
Waterbody
0-10 10-20 20-30 30-40 40-50 =>50
Not available

Figure 7 Comparison of public transport mode share for higher and low-income groups in
Montreal
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3.5 RESULTS AND DISCUSSION

The final model outputs are shown in Table 10 where regions are grouped based on population
and presented as largest, medium and smaller-sized metropolitan areas. Since there are many
models to contend with, the most prominent trends are explained in further detail but researchers
interested in the results for a specific region can refer to the results shown in this table. In terms of
the model goodness-of-fit, we see a range of R? values from 0.432 in the higher-income Ottawa-
Gatineau model to 0.781 in the low-income Montreal model. There are no observable differences
between the goodness-of-fits between models segmented by income as well as the models
segmented by region size. The variance inflation factor (VIF) for the majority of the models are

within reason with the exception of the Quebec City models.

3.5.1 Accessibility to jobs by public transport

The lower-order term of percentage of jobs (Accessibility) accessible by public transport is
positively associated with mode share in most regions (except for the higher-income group in
Halifax and Kitchener-Cambridge-Waterloo) and the higher-order term of the same variable
(Accessibility’) has a negative impact. This result indicates a relationship demonstrated by a
concave parabola, where public transport mode share increases, albeit at a non-constant rate of
change, in response to increasing accessibility up until a certain point, the vertex, where increasing
accessibility past it has a negative effect on public transport mode share. It is possible that the
uptake of active modes at locations of very high accessibility by public transport, which can be
correlated to high accessibility by active modes, could explain this pattern. A quadratic relationship
also means that improvements in mode share due to a one percent point increase in accessibility is
different depending on the starting accessibility level. For example, an increase in accessibility
from 6%, the mean value the low-income group in Toronto-Hamilton, to 7%, results in a mode
share improvement of 2.7 percentage points (in other words, an absolute increase of 2.7 percent,
not a relative increase) compared to an improvement of 1.1 percentage point when accessibility is
increased from 13%, one standard deviation above the mean, to 14%. Moreover, the vertex for this
model is reached when the percentage of jobs that are accessible is 18% (where the highest
transport mode share is expected to occur) but any increase in accessibility would cause the mode
share to decrease from this point. It is important to note that 18% may seem low, but this is three

times greater than the mean value of 6%.
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In terms of statistical significance, the lower-order accessibility term is significantly
different from zero (at 95% confidence interval) in most models but the higher-order term is
significant in fewer models. In addition, the magnitudes of both of these coefficients in the low-
income models are highest in the three largest metropolitan areas where accessibility is an
important, if not the most, influential determinant of public transport mode share as compared to
the other variables. The average value of the lower-order accessibility term in these three regions
is 2.470 compared to 0.383 in the others; the average value of the higher-order term is -0.057
compared to -0.00438. The coefficient for the lower order term is also highest in the higher-income
models for these three regions (an average of 0.645) compared to the others (average value of
0.148). This may suggest that the non-linear relationship between accessibility and mode share 1s
most profound in the largest metropolitan areas. In contrast, a quadratic relationship (used to
estimate a non-linear relationship) between accessibility to jobs by public transport and public
transport mode share is not strongly observable for either income group in Calgary, Halifax,
Kitchener-Cambridge-Waterloo and Winnipeg as indicated by the significance levels of the two
variables.

In addition, we observe that the coefficients for the accessibility measures are always
higher (in terms of magnitude) in the low-income models compared to the higher-income ones,
with the exception of Halifax where the effects are similar and Kitchener-Cambridge-Waterloo
where the pattern is inversed. This pattern implies that accessibility by public transport influences
mode share more strongly for the low-income group compared to the higher-income group while
controlling for the same socio-demographic and spatial variables. Specifically, this result indicates
that every percentage point increase in accessibility results in a greater increase in public transport
mode share for the low-income group than the higher-income. This finding confirms the
hypothesis that the impact of accessibility on mode share is different between income groups.

The contrary result that we observe for Halifax and Kitchener-Cambridge-Waterloo could
be attributed to a few factors. First, the small number of census tracts which are used as the
individual observations to be entered into the regression models can result in inconsistent and
unclear results (also can be seen by the lack of significance for the coefficients). As well, the low
public transport mode share for the higher income group in Kitchener-Cambridge-Waterloo could
have caused the inconsistencies in the signs of the coefficients. Furthermore, the distribution of
accessibility across Halifax and Kitchener-Cambridge-Waterloo where very low accessibility is

observed throughout the region with higher accessibility concentrated in certain areas, for example

44



around downtown Halifax and University of Waterloo in the Waterloo region, may result in a
relationship that may resemble more like an exponential curve which in this case is estimated by
a convex parabola.

Furthermore, it is important to note that a one percent increase in job accessibility in
Toronto-Hamilton is not equal to one percent in a smaller city. For example, a one percent increase
of low-income jobs accessible in Toronto-Hamilton is equivalent to an increase of 8,000 jobs
whereas in London, this number is 600, which is unlikely to have an impact on public transport
mode share. However, when the same models are run with all other variables held constant but
using the number of jobs accessible rather than the percentage (shown in Table 11), we see that
the magnitudes of the coefficients are higher in smaller regions like London where a 10,000
increase in jobs accessible by public transport would have a greater impact on mode share. An
illustration of this difference is such: an increase from a mean of 13,942 low-income jobs
accessible to 23,942 in London results in a 5.1 percentage points increase in low-income mode
share whereas in Toronto-Hamilton, an increase from a mean of 53,268 low-income jobs to 63,268
results in an increase of 3 percentage points. Therefore, there is value in investing in projects that

would greatly improve accessibility in these smaller regions like London.
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Table 10 Model results using proportional accessibility

Largest-sized metropolitan regions

Toronto-Hamilton Montreal Vancouver
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (%) 0.88 *** 0.72 1.03 4.24 **x 392 455 0.63 *** 0.49 0.76 1.48 *** 1.27  1.68 0.43 *** 0.29 0.58 1.70 *** 1.40 1.99
Accessibility? (%?) -0.003 -0.01  0.001 -0.12 ***  -0.13 -0.11 -0.01 *** -0.01  -0.002 -0.02 *** -0.03  -0.02 | -0.003 ** -0.01  -0.0003 -0.03  *** -0.04  -0.02
Control Variables
Eeerzzirz/](:r}:j;‘s' 022 ** 014 030 | -0.15 ** 026 -0.04 | 038 *** 024 053 | 029 **x 0.12 045 | -0.06 -0.20 0.09 | -037 ** 060 -0.15
Age 0.02 0.09 012 | -030 *** 045 -0.15 | -0.19 *** 032 006 | 0.10 20.05 025| 035 =+ 052 0.18 | 040 *** 065 -0.15
HH structure 0.81 * -0.07 1.69 -0.95 2,12 0.22 -2.05 ** -3.80  -0.30 2.98 x** 092 5.04 -4.95 *** 627 -3.62 -1.80 * -3.79 0.19
Social index (decile) 0.93 *** 0.77 1.09 1.86 *** 1.65 2.07 0.66 *** 0.42 0.91 1.89 *** 1.62  2.17 0.73  *** 0.50 0.97 0.68 *** 0.33 1.04
Station (km) -0.48 H** -0.58  -0.38 -0.26 *** 040 -0.13 -0.36 Fk* -0.45 -0.27 -0.49 exE -0.60 -0.39 -0.20 *** 031 -0.09 -0.28  kxE -044  -0.12
Highway (km) 0.28 *** 0.15 0.40 0.12 -0.05  0.29 0.09 -0.16 0.33 0.05 -0.23  0.34 -0.27 *¥xE 042 -0.11 -0.42  exE -0.65 -0.18
Constant 3.68 -2.77 1013 | 19.77 *** 11.04 2849 | 24.01 *** 1514 32.88 -1.32 -11.74  9.10 37.89 ***  28.24 47.54 | 40.32 *** 25.86  54.78
Number of observations 1,416 1,416 951 951 458 458
R2 value 0.757 0.738 0.739 0.781 0.702 0.649
*p<0.1 **p<0.05 ***p<0.01
Medium-sized metropolitan regions
Calgary Edmonton Ottawa-Gatineau
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (%) 0.05 -0.06  0.16 0.20 ** 0.02 0.38 0.16 *** 0.05 0.28 0.60 *** 0.32 0.89 0.18 *** 0.05 0.31 0.53 wx* 0.27 0.80
Accessibility? (%?) -0.001 -0.003 0.001 | -0.002 -0.01  0.002 | -0.002 -0.004  0.001 -0.01 *** -0.02  -0.002 -0.003 ** -0.01 -0.001 | -0.005 -0.01  0.001
Control Variables
lii‘:iggg‘z’;“' -0.05 040 031 0.08 039 055 055 *** 018 093] -0.03 0.69  0.64 0.39 002 079| 040 018 098
Age -0.21 ** -0.38 -0.04 | -0.12 -0.33 0.09| -0.19 *** -0.31  -0.06| -0.14 -0.36 0.09 -0.01 -0.21 0.20 0.19 -0.10 0.49
HH structure -0.61 220 099 0.25 -1.88 2.38 | -2.37 *¥x* -4.07  -0.67| -0.69 -3.77 238 1.43 -1.51 4.38 9.04 kx* 479 13.30
Social index (decile) 0.29 *** 0.08 0.51 1.40 *** 1.13 1.68 0.45 *** 0.25 0.65 1.32 *%x* 0.95 1.69 0.70 *** 0.36 1.04 2.19 xx* 1.69 2.68
Station (km) -0.66 *** -0.77 -0.55 -0.64 *** 079  -0.50 | -0.20 *** -0.27  -0.14| -0.35 *** -0.46  -0.23 -0.36  FE* -0.50 -0.22 | -0.45 *** -0.66  -0.23
Highway (km) 0.38 *** 022 0.55 0.17 -0.05 0.38 0.16 *** 0.07 0.26 0.04 -0.13 0.21 0.13 -0.05 0.31 0.14 -0.13 0.41
Constant 23.75 *** 13.81 33.70 | 16.27 ** 341 29.12| 18.65 *** 10.02  27.28| 16.93 1.29 32.58 9.11 -5.94  24.15 | -23.65 ** 4536 -1.95
Number of observations 252 252 257 257 275 275
R? value 0.497 0.668 0.674 0.710 0.432 0.641
*p<0.1 **p<0.05 ***p<0.01
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Smaller-sized metropolitan regions

Halifax Kit-Cam-Wat London
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI

Accessibility Measures

Accessibility (%) 20.13 032 0.06 0.13 024 051 | -0.02 0.4 0.10 0.13 0.18 045 0.15 ** 003 027 | 080 **x 054  1.07
Accessibility? (%?) 0.002 -0.001 0.005 | -0.002 -0.01 0.004 0.004 ** 0.001 0.01 |{-0.00003 -0.01  0.01 -0.002 -0.004 0.001| -0.01 *** -0.01  -0.003
Control Variables

r]?eer‘:)zz/gr};‘j;‘s' 022 2048 093 | -048 4170 073 | 020 2012 051 1.03 ** 0.19 187 0.22 2020 064 | 0.73 172 026
Age 0.03 -0.24 031 -0.40 -0.86  0.07 -0.23 kEk* -0.36  -0.11 -0.30 * -0.61  0.02 -0.16 -0.33 0.01 | -0.51 **=* -0.89 -0.13
HH structure -2.92 -8.62 278 -9.58 19.21 0.04 -2.51 kEkx -4.09 -0.93 -1.63 571 245 -3.33 kE* -5.60 -1.05 | -2.95 -7.86 1.97
Social index (decile) 0.84 ** 0.16 1.53 1.64 *** 0.49 2.80 0.27 *** 0.07 0.47 1.35%** 0.83 1.87 0.36 ** 0.07 0.65 0.82 ** 0.19 1.45
Station (km) N/A N/A N/A N/A N/A N/A

Highway (km) -0.20 *** -0.29  -0.11 -0.32 *** 047 -0.17 0.04 -0.11 0.18 -0.25 -0.62  0.12 0.08 -0.04 0.20 | 0.19 -0.07 0.46
Constant 12.23 -11.12 35.59 49.01 ** 9.62 88.40 1630 *** 746  25.15 19.44 * -3.40 42.28 1435 ** 1.90 26.80 | 28.00 ** 0.61 55.39
Number of observations 92 92 106 106 109 109

R? value 0.472 0.588 0.725 0.680 0.627 0.756

Quebec City Winnipeg
Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI

Accessibility Measures

Accessibility (%) (.28 *** 0.17 040 0.48 *** 0.16 0.80 0.06 -0.05 0.16 0.16 -0.07  0.39

Accessibility? (%?) -0.003 *** -0.01  -0.001| -0.005 -0.01  0.003 | -0.0003 -0.002  0.001 | -0.003 -0.01  0.001

Control Variables

l])):r‘:;zﬂ(:;‘;;“ 0.54 *# 024 083 | 053 * 003 103 0.82 *** 051 1.3 | 132 ** 074 191

Age -0.13 -0.29  0.03 0.26 * -0.02  0.53 -0.23 *¥* -0.41 -0.06 -0.11 -0.44  0.21

HH structure 291 -7.24 1.42 10.13 *** 277 17.49 -2.37 *¥* -4.08 -0.66 -4.40 *** =775 -1.06

Social index (decile) 0.64 *** 0.20 1.08 1.80 *** 1.05 2.56 0.82 *** 0.59 1.05 1.73 *** 128 2.17

Station (km) N/A N/A -0.13 * -0.26  0.01 -0.40 *** -0.65 -0.15

Highway (km) -0.16 ** -0.30 -0.01 -0.54 ***  0.79 -0.28 -0.05 -0.21  0.10 0.08 -0.21 037

Constant 14.62 * -1.58 30.82 | -28.57 ** 56.10 -1.03 20.22 *** 9.25 31.19 | 26.71 ** 546 4797

Number of observations 179 179 171 171

R2 value 0.740 0.643 0.762 0.750
*p<0.1 **p<0.05 ***p<0.01
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Table 11 Model results using accessibility as number of jobs accessible

Largest-sized metropolitan regions

Toronto-Hamilton Montreal Vancouver
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (10,000) 0.43 *x* 0.35 0.50 4.81 *** 445 517 | 0.51 *** 0.40 0.62 | 2.83 *** 2.43 3.22 0.63 *** 0.42 0.84 5.38 k¥ 4.45 6.31
Accessibility? (10,000%) -0.001 -0.002  0.0003 | -0.15 *** -0.17 -0.14 | 0.00 *** -0.01 -0.001 | -0.08 *** -0.10 -0.06 | -0.01 ** -0.01 -0.001 | -0.29 *** -036 -0.21
*p<0.1  **p<0.05 *** p<0.01
Medium-sized metropolitan regions
Calgary Edmonton Ottawa-Gatineau
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (10,000) 0.12 -0.15 0.40 1.00 ** 0.09 1.92 | 045 *** 0.14 0.76 | 3.21  *** 1.69 4.73 047 F*xx 0.13 0.82 2.51 kxx 126  3.77
Accessibility? (10,000%) -0.01 -0.02 0.01 -0.06 -0.16 0.04 | -0.01 -0.03 0.004 | -0.26  ** -047  -0.06 | -0.02 ** -0.04 -0.004 | -0.10 -0.23 0.02
*p<0.1 **p<0.05 ***p<0.01
Smaller-sized metropolitan regions
Halifax Kit-Cam-Wat London
Higher-income Low-income Higher-income Low-income Higher-income Low-income
Coefficient 95% CI Coefficient 95% C1 Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (10,000) -1.04 -2.52 0.45 2.46 439 931 -0.11 -0.84 0.62 | 2.00 -2.73  6.72 1.10 ** 025 195 | 12.74 *** 8.54 1694
Accessibility? (10,0002) 0.13 -0.04 0.29 | -0.72 -2.66 1.23 0.14 ** 0.03 0.26 | -0.01 -1.72 1.71 -0.09 -0.23  0.04 -2.01 FE* -3.30  -0.73
Quebec City Winnipeg
Higher-income Low-income Higher-income Low-income
Coefficient 95% C1 Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (10,000) 1.02 *** 0.61 1.44 4.87 *** 1.65 8.10 0.23 -0.20 0.66 1.61 -0.66 3.87
Accessibility? (10,000?) -0.04 *** -0.07 -0.02 | -0.48 -1.27 031 | -0.005 -0.03 0.02 -0.30 -0.65 0.06
*p<0.]  **p<0.05 *** p<0.01
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To illustrate visually the results being described here, the curves in Figure 8 and Figure
9, which are generated using the model coefficients, show the predicted mode share with respect
to the percentage and the number of jobs that are accessible, respectively, using the regression
coefficients while holding the control variables at their means (refer to Table 9). Higher-income
models are presented together on the top row and the low-income models are on the bottom. With
the quadratic curves shown in these figures, we can observe clearly that perhaps there is an optimal
value of accessibility (the vertex) at which public transport mode share is maximized.

The optimal value of accessibility (accessibility at the vertex) for each model where the
quadratic is representative is presented in Table 12 along with the maximum accessibility value
observed for the dataset. This value can be treated as the target accessibility for census tracts where
existing accessibility is less than the optimal value. This has practical implications where we can
evaluate public transport projects on the basis of how well the increase in accessibility for the
impacted census tracts meets the targeted optimal value. This finding is subject to the following
caveats: the optimal value is specific to each income group in each metropolitan region, they are
only applicable to each group and should not be applied to different regions. In addition, the
interpretation of the vertices is only valuable in models where the quadratic is representative (i.e.
both the Accessibility and Accessibility” terms are significant) of the data. As we can see in Table
12 in the higher-income models for Montreal and Vancouver, the number of jobs accessible at the
vertex are extrapolations from the models as they exceed the maximum observable values,
implying that increases in accessibility in any area is associated with increased mode share for
higher-income individuals. In addition, while public transport mode share is expected to decrease
past the optimal value, it is expected that use of active modes become more prevalent which is also

desirable in the scheme of sustainable and equitable transport plans and projects.
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Table 12 Optimal accessibility value which would maximize public transport mode share for
models where the quadratic relationship is observable

Model Optimal accessibility (10,000 Maximum accessibility in
jobs) dataset (10,000 jobs)
Toronto-'Hamllton 15.63 2453
Low-income
Montreal
Higher-income 7599 63.82
Montreal 16.80 22.72
Low-income
Vancouver 46.62 39.43
Higher-income
Vancouver 9.43 15.03
Low-income
Edmonton 6.14 8.74
Low-income
Ottawa
Higher-income 1191 2582
London 3.16 3.46
Low-income
Quebec City 11.46 17.17
Higher-income

3.5.2 Other variables

From Table 10, we can see that the most influential control variables across all models include the
social deprivation index (Social Index) and the network distance to a rapid public transport station
(Station). The social deprivation index has a positive influence on public transport mode share (i.e.
higher level of social deprivation is correlated with higher use) across all models, confirming the
results from past research (87). The coefficients for this variable ranges from 0.273 in Kitchener-
Cambridge-Waterloo to 0.929 in Toronto-Hamilton for the higher-income group and from 0.683
in Vancouver to 2.186 in Ottawa-Gatineau for the low-income group. It is clear that low-income
individuals living in more socially deprived census tracts (based on the decile ranking where 10 is
most socially deprived) are more likely to use public transport rather than high-income individuals
in a similar socially deprived census tract.

As expected, as distance from a rapid rail station increases, the public transport mode share
is likely to decrease for both income groups (98). The influence of this variable is similar for both

income groups as it ranges from -0.656 in Calgary to -0.126 in Winnipeg for the higher-income
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group and from -0.644 in Calgary to -0.265 in Toronto-Hamilton for the low-income group. It is
likely that this relationship is non-linear and the use of a binary variable for whether an area is
located within a distance threshold may be explored in future research. The relationship between
network distance to closest highway on ramp and mode share is mixed, as it is significant and
positive for the higher-income group in Calgary, Edmonton and Toronto-Hamilton, but it is
negative for both income groups in Vancouver, Halifax and Quebec City.

The average age (Age) of individuals in a census tract is significant in six out of eleven
higher-income models and five of the low-income models. Census tracts with higher average age
tend to have lower public transport use than younger census tracts. As the household size (HH
structure) increases, it seems that public transport mode share for the higher-income group is
expected to decrease in most of the regions whereas the pattern is less clear in the low-income
models. This inconsistency in the influence of household size has been observed in previous
research by Owen and Levinson (/8). In addition, while density tends to have a positive influence
in areas where it is significant, the effect seems to be significant and negative for the low-income
group in Toronto-Hamilton and Vancouver. A possible explanation for this could be the uptake of
walking and cycling in very dense areas by the low-income group as a way to reduce their travel
expenditure in these two areas with very high costs of living. This hypothesis could be further

explored in future research.

3.5.3 Impact of using three income categories

As mentioned previously in the methodology section, we have experimented with carrying out the
models with segmenting the population into low, middle and high-income groups. The definition
of the low-income group is as described previously, based on the lowest paying 30% of jobs
available in a region. A similar method was used for the high-income group but using the highest-
paying 30% of jobs. The middle-income group is everyone that is left. While this may be a crude
method of defining the groups, the results from the regression models are nonetheless as expected
(refer to Table 13): the magnitudes for the accessibility variables are highest in the low-income
model, lower in the middle-income model and lowest in the high-income model. Similarly, the
change in mode share as a function of change in accessibility with other variables held at their

means are shown in Figure 10 for the three income groups. Moreover, it is interesting to see that
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household structure negatively influences mode share for the high- and middle-income groups but

positively for the low-income.

Table 13 Model results using proportional accessibility generated for three income groups
in the Montreal region

High-income Mid-income Low-income
Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI
Accessibility Measures
Accessibility (%) 0.40  *** 0.28 0.53 0.98  #** 0.82 1.13 1.48 H** 1.27 1.68
Accessibility2 (%2) -0.002 * -0.004 0.0001 | -0.01 ***  -0.01 -0.01 -0.02  *E* -0.03  -0.02
Control Variables
Density (thous. persons/kmz) 0.32 ®** 0.15 0.49 0.32  #k* 0.17 0.46 0.29 Hk* 0.12 045
Age -0.29  ¥E* -0.45 -0.14 | -0.10 -0.23 0.03 0.10 -0.05 0.25
HH structure -3.35  ¥Ex -5.41 -1.30 | -2.63  *** 440 -0.85 2.98 Rk 092 5.04
Social index (decile) 0.02 -0.27 0.32 0.63  *k* 0.38 0.88 1.89 Hk* 1.62 217
Station (km) -0.28  ¥Ek* -0.38 -0.17 | -0.35 *** .044 -0.26 | 049 *** -0.60 -0.39
Highway (km) 0.04 -0.25 0.33 0.11 -0.14 0.36 0.05 -0.23 0.34
Constant 33.27  kE* 22.80 4374 | 20.35 *** 1135 2934 | -1.32 -11.74  9.10
R? value 0.565 0.790 0.781
#p<0.]  **p<0.05  ***p<0.01
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Figure 10 Visual comparison of the relationship between proportional accessibility and
mode share for low, middle, and high-income groups in the Montreal region
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3.6 CONCLUSION

To our knowledge, this is the first study to compare the impacts of accessibility on mode share
between low and higher-income groups for numerous metropolitan regions of varying sizes. To do
so, we carried out a series of linear regressions using accessibility to jobs by public transport,
modelled as a quadratic, and other variables related to socio-demographics and the presence of
transport infrastructure that have been found to be influential to model public transport mode share
at the census tract level. The results confirm the importance of accessibility by public transport as
a determinant of mode share, particularly for the low-income group, while demonstrating the
discrepancies between the metropolitan regions.

Firstly, we confirm that a greater proportion of people in the low-income group use public
transport as the main commute mode in all study areas, similar to past research (77). In addition,
while public transport use is much more prevalent in regions with well-developed rapid public
transport systems, this is not necessarily true in medium and smaller-sized regions. Next, more
socially deprived census tracts exhibit higher public transport use and shorter distance to rapid
public transport stations positively influence mode share. As well, through the use of linear
regression models, we find that accessibility is a predictor of mode share as previous researchers
have shown (/11), although our characterization of this relationship as quadratic may not be
applicable to all metropolitan regions. The relationship between the two variables is more strongly
observed in the largest metropolitan regions. A notable result is that accessibility has a higher
predicting power of mode share for the low-income group than higher income groups in the
majority of the regions. In other words, public transport use by the low-income group is more
sensitive to changes in accessibility than the higher-income group.

Furthermore, while these results imply that we would expect significant gains in public
transport mode share for low-income groups in the largest metropolitan regions, we need to be
mindful that at very high levels of accessibility (i.e. past the vertex), increasing accessibility is not
expected to lead to an increase in public transport use. However, since the percentage of jobs
accessible in a census tract would have to be in the 80™ percentile at least for this to be applicable,
improvements in mode share are still expected in the majority of the census tracts where the
accessibility is currently below the optimal accessibility value at the vertex. The optimal value can
be seen as a target for projects that would increase accessibility and maximize public transport use.

Moreover, for metropolitan regions where the quadratic relationship is not strongly observed and
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there is no clear point where increasing accessibility will decrease mode share, accessibility can
be improved throughout the region which would increase the mode share of the low-income group
and to a lesser extent, the higher-income.

With these findings in mind, it’s clear that projects and policies that would greatly improve
the accessibility of the low-income group would bring about a greater increase in public transport
use. Since the low-income group tend to be more dependent on, or captive to, public transport, it
1s paramount that public transport services are able to meet their needs and provide them with
access to more opportunities as stipulated by the concept of vertical equity. In this way, we ensure
that projects are carried out equitably while minimizing the environmental impact that increased
car use would place on society.

Lastly, this research also highlights the importance of context-specific research. Namely,
this study raises important questions, especially with respect to smaller metropolitan regions.
Firstly, the quadratic relationship is not observed for all income groups and not in all the
metropolitan regions. As such, other relationships can be explored between accessibility and mode
share that may improve the model fit and yield more meaningful interpretations. In addition, the
small number of census tracts in Halifax and Kitchener-Cambridge-Waterloo could explain the
inconsistent results observed in the models for these two regions. Further investigations in these

areas may benefit from using information at a smaller geographic scale than census tracts.
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CHAPTER 4: SUMMARY AND CONCLUSIONS

4.1 SUMMARY OF CHAPTERS

While the body of research regarding accessibility is extensive, there has been a lack of research
to incorporate the study of accessibility as a measure of equity and its ability to predict aspects of
travel. The objective of this thesis is to identify whether the impact of accessibility, as a
determinant of travel outcomes, differs between low- and higher-income groups and between
geographic regions. Following the introduction chapter which outlines the need for accessibility
in transport planning and how it has been measured and used, the two subsequent chapters present
the studies that were carried out to explore this research question using commute duration and
public transport mode share as the respective travel outcomes of interest.

Chapter 2 examines the impact of accessibility on commute duration, for car and public
transport commuters in low and higher-income groups, using distinct multilevel mixed effects
regression models for each group of commuters at the census tract level. Control variables that
were shown in previous research to impact commute duration were also included in the regression
models. This study was born out of a need to address the inequalities that exist in transport that
contemporary researchers have identified (36) where the less well-off groups in society are found
to travel a lot slower and covering much shorter distances than those who are better-off. As such,
we wished to examine whether accessibility could be used as a tool to guide policies which would
help to reduce travel times for the low-income group. The methodology used in this study is
inspired from the work previously done by Levinson (34) to consider not just accessibility to jobs
at the home census tract, but also accounting for the effect of accessibility to workers at the place
of work as well as the impact of competition at both home and the place of work.

In this study, we confirm the original hypotheses originally posited by Levinson (34) where
accessibility to jobs at the home census tract is negatively associated with commute duration (i.e.
shorter duration is expected with better accessibility) while at the place of work, the association is
positive. In addition, the association between accessibility to workers at home is positive with
duration whereas it is negative at the place of work. When the impact of accessibility is compared
between the two income groups, we observed that for both car and public transport commuters,
the magnitude of association is consistently higher for the low-income group. These findings

confirm that competition, in the form of workers at the home census tract and jobs at the place of
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work is present and more strongly observed for the low-income group. These findings imply that
improvements made to accessibility can be more effective to lower commute durations for low-
income individuals. In terms of the actions that policymakers can employ based on these findings,
we suggest a mix of land uses at traditionally residential areas should be introduced which would
bring low-income workers closer to low-income jobs. In addition, the effects of competition more
strongly felt by the low-income group may be mitigated through a mix of housing stock (i.e.
through the provision of affordable housing) in residential areas and job type in commercial areas
respectively.

Chapter 3 examines the impact of accessibility to jobs by public transport on the public
transport mode share of low and higher-income commuters leaving a census tract, using a series
of linear regression models that include a similar set of control of variables as Chapter 2. The issue
that is being considered in this study concerns the plateauing use of public transport across Canada
which may be attributed to the unequal investments towards rail transport which tend to serve
higher-income individuals rather than projects that benefit those who actually use public transport
most often i.e. captive riders who tend to be more low-income and less likely to own personal
vehicles. From a social justice perspective, it is paramount that planners provide them with services
to improve their accessibility and these policies should target transport systems that they actually
use. As a response, we examined whether improvements in accessibility would in turn lead to
improvements in public transport use and more importantly, could we expect to see a faster uptake
of public transport for the low-income group?

The results of this study, similar to Chapter 2, indicate that accessibility has a greater
influence on mode share for the low-income group compared to the higher-income in the vast
majority of the eleven study regions. However, we observed that in the largest metropolitan
regions, increasing accessibility for the low-income group is not expected to lead to an increase in
public transport use past when the existing accessibility level is at or greater than the 80™
percentile, as a result of the curve-linear relationship that we modelled between accessibility and
mode share. Nonetheless, gains in mode share is still expected in the majority of the areas within
these regions as well as in the other metropolitan regions where the quadratic relationship was not
representative. These findings reveal that projects and policies that would greatly improve the

accessibility of the low-income group would bring about a greater increase in public transport use.
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Since the low-income group tends to be more dependent on public transport, it is paramount that

they have access to more opportunities using a mode that is less financially burdensome.

4.2 FUTURE RESEARCH

One limitation of the data and methodology employed in both studies is related to the use
of aggregate data at the census tract level. As a result, there may not have been enough observations
to be entered into the regression models for smaller regions being explored in Chapter 3 such as
Halifax where there are only 96 census tracts. An additional limitation is present in Chapter 3 as
variables regarding car ownership or travel expenditure (i.e. transit pass ownership) were not
included in the models due to data not being available at the time of the study. For the reason that
car ownership is a strong deterrent of public transport use as emphasized by previous research
(88), its inclusion in future research of this kind could help to explain the inconsistencies observed
in the results. In addition to the absence of car ownership data, the exclusion of a measure to reflect
the influence of car accessibility on public transport mode share may also be a limitation as
travelers may be dissuaded from using public transport if their accessibility to jobs by car at home
is much greater than by public transport. However, from our experience, accessibility by car was
highly correlated with accessibility by public transport so perhaps a different approach is needed
to address this.

A recommendation for future research concerns the need for context-specific research. In
Chapter 2, we found that commute duration by car is likely to be lower whereas it is likely to be
higher by public transport in Montreal and Vancouver compared to Toronto-Hamilton, while
controlling for all other variables used in the models. We attributed these differences to factors
that we were not able to directly capture such as city structure and the connectedness of the
public transport network. However, it became much more difficult to interpret the differences in
results in Chapter 3 due to the inclusion of many medium- and smaller-sized cities.

Subsequently, it may be beneficial for researchers to apply a similar research topic to medium-
and smaller-sized regions separately to deliver more relevant recommendations specific to these
regions (described as context specific research in Section 3.6. Furthermore, alternative ways of
computing travel times may be used to generate the accessibility measures that would account
for the impact of uncertainty. However, while this may mean that the accessibility measures may

be in a sense more accurate, although the scheduled GTFS data is updated at least three times a
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year by the public transport agency which would account to some degree uncertainty, it is also
uncertain that it will impact various travel outcomes differently in a significant way through the
use of regression models.

Lastly, there seems to be a lack of research on accessibility by active modes such as
walking and cycling. While the process of generating accessibility for active modes may be more
difficult where for example, the generation of travel time by cycling is harder to predict as it is
subject to numerous factors such as the route taken and the cyclist type (/73), it would be
worthwhile for researchers to study this topic further as active transport plays an important role in

the planning of sustainable and equitable transport projects and policies.

60



REFERENCES

[1] Wachs, M., and T. Kumagi. Physical accessibility as a social indicator. Socio-Economic
Planning Sciences, Vol. 7, No. 5, 1973, pp. 437-456.

[2] Proffitt, D., K. Bartholomew, R. Ewing, and H. Miller. Accessibility planning in American
metropolitan areas: Are we there yet? Urban Studies, Vol. 56, No. 1, 2017, pp. 167-192.

[3] Boston Region Metropolitan Planning Organization. Journey to 2040.
[4] Metrolinx. The Big Move.

[5] San Antonio-Bexar County Metropolitan Planning Organization. Mobility 2035 Metropolitan
Transportation Plan.

[6] Boisjoly, G., and A. ElI-Geneidy. How to get there? A critical assessment of accessibility
objectives and indicators in metropolitan transportation plans. Transport Policy, Vol. 55, 2017,
pp- 38-50.

[7] Handy, S. Highway Blues: Nothing a Little Accessibility Can't Cure.In ACCESS, No. 1,
1994. pp. 3-7.

[8] Downs, A. Still Stuck in Traffic: Coping with Peak-Hour Traffic Congestion. Brookings
Institution Press, Washington, D.C., 2004.

[9] Geurs, K., and B. van Wee. Accessibility evaluation of land-use and transport strategies:
Review and research directions. Journal of Transport Geography, Vol. 12, No. 2, 2004, pp. 127-
140.

[10] Blumenberg, E., and P. Ong. Cars, buses, and jobs: Welfare participants and employment
access in Los Angeles. Transportation Research Record, No. 1756, 2001, pp. 22-31.

[11] Smith, D., S. Cummins, M. Taylor, J. Dawson, D. Marshall, L. Sparks, and A. Anderson.
Neighbourhood food environment and area deprivation: spatial accessibility to grocery stores
selling fresh fruit and vegetables in urban and rural settings. International Journal of
Epidemiology, Vol. 39, No. 1, 2010, pp. 277-284.

[12] Neutens, T. Accessibility, equity and health care: Review and research directions for
transport geographers. Journal of Transport Geography, Vol. 43, 2015, pp. 14 - 27.

[13] Luo, J. Integrating the Huff model and floating catchment area methods to analyze spatial
access to health care services. Transactions in GIS, Vol. 18, No. 3, 2014, pp. 436—448.

[14] Kain, J. Housing segregation, Negro employment, and metropolitan decentralization. The
Quarterly Journal of Economics, 1968, pp. 175-197.

[15] Deboosere, R., and A. El-Geneidy. Evaluating equity and accessibility to jobs by public
transport across Canada. Journal of Transport Geography, Vol. 73, 2018, pp. 54-63.

[16] Shen, Q. Location characteristics of inner-city neighbourhoods and employment
accessibility of low-wage workers. Environment and Planning B: Urban Analytics and City
Science, Vol. 25, No. 3, 1998, pp. 345-365.

61



[17] Boisjoly, G., and A. El-Geneidy. Daily fluctuations in transit and jobs availability: A
comparative assessment of time-sensitive accessibility measures. Journal of Transport
Geography, Vol. 52, 2016, pp. 73-81.

[18] Owen, A., and D. Levinson. Modeling the commute mode share of transit using continuous
accessibility to jobs. Transportation Research Part A: Policy and Practice, Vol. 74, 2015, pp.
110-122.

[19] Farber, S., M. Morang, and M. Widener. Temporal variability in transit-based accessibility
to supermarkets. Applied Geography, Vol. 53, 2014, pp. 149-159.

[20] Miller, H. Place-based versus people-based accessibility.In Access to destinations, Elsevier,
Oxford, UK, 2005. pp. 63-89.

[21] Hansen, W. How accessibility shapes land use. Journal of the American Institute of
Planners, Vol. 25, No. 2, 1959, pp. 73-76.

[22] El-Geneidy, A., and D. Levinson. Access to Destinations.: Development of Accessibility
Measures. University of Minnesota Digital Conservancy, Minneapolis, MN.
http://hdl.handle.net/11299/638.

[23] Lucas, K. Transport and social exclusion: Where are we now? Transport Policy, Vol. 20,
2012, pp. 107-115.

[24] Rawls, J. 4 Theory of Justice. Harvard University Press, Cambridge, Mass., 1971.

[25] Martens, K. Transport Justice: Designing fair transportation systems. Routledge, New
York, NY, 2016.

[26] Pereira, R., T. Schwanen, and D. Banister. Distributive justice and equity in transportation.
Transport Reviews, Vol. 37, No. 2, 2017, pp. 170-191.

[27] Krumholz, N., and J. Forester. Making Equity Planning Work: Leadership in the Public
Sector. Temple University Press Philadelphia, PA, 1990.

[28] Carroll, J. Some aspects of the home: Work relationships of industrial workers. Land
Economics, Vol. 25, No. 4, 1949, pp. 414-422.

[29] Kain, J. The journey-to-work as a determinant of residential location. Papers in Regional
Science, Vol. 9, No. 1, 1962, pp. 137-160.

[30] Ericksen, J. An analysis of the journey to work for women. Social Problems, Vol. 24, No. 4,
1977, pp. 428-435.

[31] Quarmby, D. Choice of travel mode for the journey to work: Some findings. Journal of
Transport Economics and Policy, Vol. 1, No. 3, 1967, pp. 273-314.

[32] Wales, T. Labour supply and commuting time: an empirical study. Journal of Econometrics,
Vol. 8, No. 2, 1978, pp. 215-226.

[33] Banister, D. Assessing the reality — Transport and land use planning to achieve
sustainability. Journal of Transport and Land Use, Vol. 5, No. 3, 2012, pp. 1-14.

62


http://hdl.handle.net/11299/638

[34] Levinson, D. Accessibility and the journey to work. Journal of Transport Geography, Vol.
6, No. 1, 1998, pp. 11-21.

[35] Cervero, R., T. Rood, and B. Appleyard. Tracking accessibility: Employment and housing
opportunities in the San Francisco Bay Area. Environment and Planning A: Economy and Space,
Vol. 31, No. 7, 1999, pp. 1259-1278.

[36] Banister, D. Inequality in Transport. Alexandrine Press, Oxford, UK, 2018.

[37] Manaugh, K., M. Badami, and A. EI-Geneidy. Integrating social equity into urban
transportation planning: A critical evaluation of equity objectives and measures in transportation
plans in North America. Transport Policy, Vol. 37,2015, pp. 167-176.

[38] Martens, K., A. Golub, and G. Robinson. A justice-theoretic approach to the distribution of
transportation benefits: Implications for transportation planning practice in the United States.
Transportation Research Part A: Policy and Practice, Vol. 46, No. 4, 2012, pp. 684-695.

[39] Golub, A., and K. Martens. Using principles of justice to assess the modal equity of regional
transportation plans. Journal of Transport Geography, Vol. 41, 2014, pp. 10-20.

[40] Levinson, D. Identifying winners and losers in transportation. Transportation Research
Record, Vol. 1812, No. 1, 2002, pp. 179-185.

[41] Fan, Y., A. Guthrie, and D. Levinson. Impact of light rail implementation on labor market
accessibility: A transportation equity perspective. Journal of Transport and Land Use, Vol. 5,
No. 3, 2012, pp. 28-39.

[42] Manaugh, K., and A. ElI-Geneidy. Who benefits from new transportation infrastructure?

Using accessibility measures to evaluate social equity in transit provision.In For Accessibility
and Transport Planning: Challenges for Europe and North America, Edward Elgar, London,
UK, 2012. pp. 211-227.

[43] El-Geneidy, A., D. Levinson, E. Diab, G. Boisjoly, D. Verbich, and C. Loong.
The cost of equity: Assessing accessibility by transit and social disparity using total travel cost.
Transportation Research Part A: Policy and Practice, Vol. 91, 2016, pp. 302-316.

[44] Levinson, D., and K. Krizek. Planning for place and plexus: Metropolitan land use and
transport. Routeledge, New York, NY, 2007.

[45] Foth, N., K. Manaugh, and A. EI-Geneidy. Towards equitable transit: Examining transit
accessibility and social need in Toronto, Canada 1996-2006. Journal of Transport Geography,
Vol. 29, 2013, pp. 1-10.

[46] Pooley, C., and J. Turnbull. The journey to work: A century of change. Area, Vol. 31, No. 3,
1999, pp. 281-292.

[47] Gordon, P., H. Richardson, and M.-J. Jun. The commuting paradox evidence from the top
twenty. Journal of the American Planning Association, Vol. 57, No. 4, 1991, pp. 416-420.

[48] Giuliano, G., and K. Small. Is the journey to work explained by urban structure? Urban
Studies, Vol. 30, No. 9, 1993, pp. 1485-1500.

63



[49] Levinson, D., and A. Kumar. The rational locator: Why travel times have remained stable.
Journal of the American Planning Association, Vol. 60, No. 3, 1994, pp. 319-332.

[50] Grengs, J. Job accessibility and the modal mismatch in Detroit. Journal of Transport
Geography, Vol. 18, No. 1, 2010, pp. 93-107.

[51] Kawabata, M., and Q. Shen. Commuting inequality between cars and public transit: The
case of the San Francisco Bay Area, 1990-2000. Urban Studies, Vol. 44, No. 9, 2007, pp. 1759-
1780.

[52] Gordon, P., A. Kumar, and H. Richardson. The spatial mismatch hypothesis: Some new
evidence. Urban Studies, Vol. 26, No. 3, 1989, pp. 315-326.

[53] Shen, Q. Spatial and social dimensions of commuting. Journal of the American Planning
Association, Vol. 66, No. 1, 2000, pp. 68-82.

[54] Statistics Canada. Employed Labour Force 15 Years and Over Having a Usual Place of
Work by Income Groups in 2015 (27) and Mode of Transportation (20), for Commuting Flow for
Canada, Ontario, its Census Metropolitan Areas, its Tracted Census Agglomerations, its Census
Tracts, Elsewhere in Ontario and Elsewhere in Canada, 2016 Census - 25% Sample Data.In 20716
Census of Population, 2016.

[55] ---. Employed Labour Force 15 Years and Over Having a Usual Place of Work by Income
Groups in 2015 (27) and Mode of Transportation (20), for Commuting Flow for Canada,Quebec,
its Census Metropolitan Areas, its Tracted Census Agglomerations, its Census Tracts, Elsewhere
in Quebec and Elsewhere in Canada, 2016 Census - 25% Sample Data.In 2016 Census of
Population, 2016.

[56] ---. Employed Labour Force 15 Years and Over Having a Usual Place of Work by Income
Groups in 2015 (27) and Mode of Transportation (20), for Commuting Flow for Canada, British
Columbia, its Census Metropolitan Areas, its Tracted Census Agglomerations, its Census Tracts,
Elsewhere in British Columbia and Elsewhere in Canada, 2016 Census - 25% Sample Data.In
2016 Census of Population, 2016.

[57] ---. Low Income Lines: What they are and how they are created.
https://www150.statcan.gc.ca/nl/pub/75f0002m/75f0002m2016002-eng.htm. Accessed July 21,
2018.

[58] ---. Table 4.2 Low-income measures thresholds (LIM-AT and LIM-BT) for private
households of Canada, 2015. http://www]12.statcan.gc.ca/census-
recensement/2016/ref/dict/tab/t4 2-eng.cfm. Accessed July 21, 2018

[59] Dinca-Panaitescu, M., D. Hulchanski, M. Lafleche, L. McDonough, R. Maaranen, and S.
Procyk. The opportunity equation in the Greater Toronto Area: An update on neighborhood
income inequality and polarization.In, University of Toronto, Toronto, Canada, 2017.

[60] Ivanova, I., and S. Klein. Working for a Living Wage 2015.In, Canadian Centre for Policy
Alternatives Vancouver, Canada, 2015.

64


https://www150.statcan.gc.ca/n1/pub/75f0002m/75f0002m2016002-eng.htm
http://www12.statcan.gc.ca/census-recensement/2016/ref/dict/tab/t4_2-eng.cfm
http://www12.statcan.gc.ca/census-recensement/2016/ref/dict/tab/t4_2-eng.cfm

[61] Wang, C., and N. Chen. A GIS-based spatial statistical approach to modeling job
accessibility by transportation mode: case study of Columbus, Ohio. Journal of Transport
Geography, Vol. 45, 2015, pp. 1-11.

[62] Statistics Canada. 2016 Census Profile Files.In 2016 Census of Canada, CHASS, 2016.

[63] Hu, L., and G. Giuliano. Poverty concentration, job access, and employment outcomes.
Journal of Urban Affairs, Vol. 39, No. 1, 2017, pp. 1-16.

[64] Coffey, W., and R. Shearmur. Agglomeration and dispersion of high-order service
employment in the Montreal Metropolitan Region, 1981-96. Urban Studies, Vol. 39, No. 3,
2002, pp. 359-378.

[65] Palmateer, C., and D. Levinson. Justice, exclusion, and equity: An analysis of 48 U.S.
metropolitan areas. Presented at Transportation Research Board 2018 Annual Meeting (working
paper), Washington, D.C., 2018.

[66] Transport Canada. Active Transportation in Canada.In, Ottawa, Canada, 2011.

[67] Ville de Montréal. Tranportation Plan 2008. Ville de Montréal, Montréal, Canada.
http://ville.montreal.gc.ca/pls/portal/docs/PAGE/TRANSPORTS FR/MEDIA/DOCUMENTS/T
RANSPORTATION%20PLAN%202008 COM.PDF.

[68] City of Vancouver. Transportation 2040. City of Vancouver,, Vancouver, Canada.
https://vancouver.ca/files/cov/Transportation 2040 Plan_as_adopted by Council.pdf.

[69] Statistics Canada. Journey to work: Key results from the 2016 Census.
https://www150.statcan.gc.ca/nl/daily-quotidien/171129/dq171129c-eng.htm.

[70] Miller, E., A. Shalaby, E. Diab, and D. Kasraian. Canadian Transit Ridership Trends Study.
Canadian Urban Transit Association, Toronto, Canada.
http://cutaactu.ca/sites/default/files/cuta_ridership_report final october 2018 en.pdf.

[71] Giuliano, G. Low income, public transit, and mobility. Transportation Research Record:
Journal of the Transportation Research Board, Vol. 1927, 2005, pp. 63-70.

[72] Canadian Urban Transit Association. Measuring success: The economic impact of transit
investment in Canada Canadian Urban Transit Association, Toronto, Canada.
http://cutaactu.ca/sites/default/files/issue_paper 35¢_0.pdf.

[73] ---. The economic impact of transit investment in Canada Canadian Urban Transit
Association, Toronto, Canada.
http://cutaactu.ca/sites/default/files/final issue paper 50 cuta v2.pdf.

[74] Taylor, B., and E. Morris. Public transportation objectives and rider demographics: are
transit's priorities poor public policy? Transportation, Vol. 42, No. 2, 2015, pp. 347-367.

[75] Dodson, J., B. Gleeson, R. Evans, and N. Sipe. Investigating the social dimensions of
transport disadvantage II: From concepts to methods through an empirical case study. Urban
Policy and Research, Vol. 25, No. 1, 2007, pp. 63-89.

65


http://ville.montreal.qc.ca/pls/portal/docs/PAGE/TRANSPORTS_FR/MEDIA/DOCUMENTS/TRANSPORTATION%20PLAN%202008_COM.PDF
http://ville.montreal.qc.ca/pls/portal/docs/PAGE/TRANSPORTS_FR/MEDIA/DOCUMENTS/TRANSPORTATION%20PLAN%202008_COM.PDF
https://vancouver.ca/files/cov/Transportation_2040_Plan_as_adopted_by_Council.pdf
https://www150.statcan.gc.ca/n1/daily-quotidien/171129/dq171129c-eng.htm
http://cutaactu.ca/sites/default/files/cuta_ridership_report_final_october_2018_en.pdf
http://cutaactu.ca/sites/default/files/issue_paper_35e_0.pdf
http://cutaactu.ca/sites/default/files/final_issue_paper_50_cuta_v2.pdf

[76] Martens, K. Justice in transport as justice in accessibility: applying Walzer's 'Spheres of
Justice' to the transport sector. Transportation, Vol. 39, No. 6, 2012, pp. 1035-1053.

[77] Preston, J., and F. Rajé. Accessibility, mobility and transport-related social exclusion.
Journal of Transport Geography, Vol. 15, No. 3, 2007, pp. 151-160.

[78] Waller, M. Opportunity and the automobile. Poverty & Race, Vol. 15, No. 1, 2006, pp. 3-7.

[79] Fol, S., G. Dupuy, and O. Coutard. Transport policy and the car divide in the UK, the US
and France: Beyond the environmental debate. International Journal of Urban and Regional
Research, Vol. 31, No. 4, 2007, pp. 802-818.

[80] Cui, B., and A. El-Geneidy. Accessibility, equity, and mode share: A comparative analysis
across 11 Canadian metropolitan areas. Transport Findings, 2019.

[81] Wang, K., and M. Woo. The relationship between transit rich neighborhoods and transit
ridership: Evidence from the decentralization of poverty. Applied Geography, Vol. 86, 2017, pp.
183-196.

[82] Hess, D. Access to public transit and its influence on ridership for older adults in two U.S.
cities. Journal of Transport and Land Use, Vol. 2, No. 1, 2009, pp. 3-27.

[83] Lee, B., and Y. Lee. Complementary pricing and land use policies: Does it lead to higher
transit use? Journal of the American Planning Association, Vol. 79, No. 4, 2013, pp. 314-328.

[84] Taylor, B., D. Miller, H. Iseki, and C. Fink. Nature and/or nurture? Analyzing the
determinants of transit ridership across US urbanized areas. Transportation Research Part A:
Policy and Practice, Vol. 43, No. 1, 2009, pp. 60-77.

[85] Currie, G. Gap analysis of public transport needs: Measuring spatial distribution of public
transport needs and identifying gaps in the quality of public transport provision. Transportation
Research Record, No. 1895, 2004, pp. 137-146.

[86] Manaugh, K., and A. EI-Geneidy. What makes travel 'local": Defining and understanding
local travel behavior. Journal of Transport and Land Use, Vol. 5, No. 3, 2012, pp. 15-27.

[87] Foth, N., A. ElI-Geneidy, and K. Manaugh. Determinants of mode share over time: How
changing transport system affects transit use in Toronto, Ontario, Canada. Transportation
Research Record, No. 2417, 2014, pp. 67-77.

[88] Boisjoly, G., E. Gris¢, M. Maguire, M. Veillette, R. Deboosere, E. Berrebi, and A. El-
Geneidy. Invest in the ride: A 14 year longitudinal analysis of the determinants of public
transport ridership in 25 North American cities. Transport Research Part A: Policy and Practice,
Vol. 116, 2018, pp. 434-445.

[89] Manville, M., B. Taylor, and E. Blumenberg. Falling transit ridership: California and
Southern California. UCLA Institute of Transportation Studies, Los Angeles, CA.
http://www.scag.ca.gov/Documents/ITS SCAG_Transit Ridership.pdf.

[90] Currie, G., and A. Delbosc. Understanding bus rapid transit route ridership drivers: An
empirical study of Australian BRT systems. Transport Policy, Vol. 18, No. 5, 2011, pp. 755-764.

66


http://www.scag.ca.gov/Documents/ITS_SCAG_Transit_Ridership.pdf

[91] Mercado, R., A. Paez, S. Farber, M. Roorda, and C. Morency. Explaining transport mode
use of low-income persons for journey to work in urban areas: a case study of Ontario and
Quebec. Transportmetrica, Vol. 8, No. 3, 2012, pp. 157-179.

[92] McCray, T., and N. Brais. Exploring the role of transportation in fostering social exclusion:
The use of GIS to support qualitative data. Networks & Spatial Economics, Vol. 7, No. 4, 2007,
pp. 397-412.

[93] Beimborn, E., M. Greenwald, and X. Jin. Accessibility, connectivity, and captivity.
Transportation Research Record, No. 1835, 2003, pp. 1-9.

[94] Legrain, A., R. Builiung, and A. El-Geneidy. Who, what, when, and where: Revisiting the
influences of transit mode share. Transportation Research Record, No. 2537, 2015, pp. 42-51.

[95] Cao, X., P. Mokhtarian, and S. Handy. Examining the impacts of residential self-selection
on travel behavior: A focus on empirical findings. Transport Reviews, Vol. 29, No. 3, 2009, pp.
359-395.

[96] Cervero, R. Traditional neighborhoods and commuting in the San Francisco Bay area.
Transportation, Vol. 23, No. 4, 1996, pp. 373-394.

[97] Chakraborty, A., and S. Mishra. Land use and transit ridership connections: Implications for
state-level planning agencies. Land Use Policy, Vol. 30, No. 1, 2013, pp. 458-469.

[98] Cervero, R., J. Murakami, and M. Miller. Direct ridership model of bus rapid transit in Los
Angeles County, California. Transportation Research Record, No. 2145, 2010, pp. 1-7.

[99] Chen, C., H. Gong, and R. Paaswell. Role of the built environment on mode choice
decisions: Additional evidence on the impact of density. Transportation, Vol. 35, No. 3, 2007,
pp. 285-299.

[100] Ewing, R., and R. Cervero. Travel and the built environment. Journal of the American
Planning Association, Vol. 76, No. 3, 2010, pp. 265-294.

[101] Crowley, D., A. Shalaby, and H. Zarei. Access walking distance, transit use, and transit-
oriented development in North York City Center, Toronto, Canada. Transportation Research
Record, No. 2110, 2009, pp. 96-105.

[102] Horner, M. Exploring metropolitan accessibility and urban structure. Urban Geography,
Vol. 25, No. 3, 2004, pp. 264-284.

[103] Kwan, M.-P. Space-time and integral measures of individual accessibility: A comparative
analysis using a point-based framework. Geographical Analysis, Vol. 30, No. 3, 1998, pp. 191-
212.

[104] Owen, A., and D. Levinson. Access Across America: Transit 2016. University of
Minnesota, Minneapolis, MN. http://ao.umn.edu/research/america/transit/2016/index.html.

[105] Pucci, P., G. Vecchio, L. Boccimuzzi, and G. Lanza. Inequalities in job-related
accessibility: Testing an evaluative approach and its policy relevance in Buenos Aires. Applied
Geography, Vol. 107, 2019, pp. 1-11.

67


http://ao.umn.edu/research/america/transit/2016/index.html

[106] Fransen, K., T. Neutens, S. Farber, P. De Maeyer, D. Deruyter, and F. Witlox. Identifying
public transport gaps using time-dependent accessibility levels. Journal of Transport Geography,
Vol. 48, 2015, pp. 176-187.

[107] ElI-Geneidy, A., R. Builiung, E. Diab, D. van Lierop, M. Langlois, and A. Legrain. Non-
stop equity: Assessing daily intersections between transit accessibility and social disparity across
the Greater Toronto and Hamilton Area (GTHA). Environment and Planning B: Urban Analytics
and City Science, Vol. 43, No. 3, 2016, pp. 540-560.

[108] Cui, B., G. Boisjoly, A. El-Geneidy, and D. Levinson. Accessibility and the journey to
work through the lens of equity. Journal of Transport Geography, Vol. 74, 2019, pp. 269-277.

[109] Rajamani, J., C. Bhat, S. Handy, G. Knaap, and Y. Song. Assessing impact of urban form
measures on nonwork trip mode choice after controlling for demographic and level-of-service
effects Transportation Research Record, No. 1831, 2003, pp. 158-165.

[110] Chow, L., F. Zhao, X. Liu, M. Li, and I. Ubaka. Transit ridership model based on
geographically weighted regression. Transportation Research Record, No. 1972, 2006, pp. 105-
114.

[111] Moniruzzaman, M., and A. Pdez. Accessibility to transit, by transit, and mode share:
application of a logistic model with spatial filters. Journal of Transport Geography, Vol. 24,
2012, pp. 198-205.

[112] Institute for Transportation and Development Policy. The BRT Standard, New York, NY.

[113] Damant-Sirois, G., M. Grimsrud, and A. El-Geneidy. What’s your type: a
multidimensional cyclist typology. Transportation, Vol. 41, No. 6, 2014, pp. 1153-1169.

68



