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Abstract

Public transit systems can reduce road congestion, decrease air pollution, and provide
affordable transportation within the areas they service. Despite continued growth in Canadian urban
transit ridership levels over the past years, public transit systems across Canada consistently earn less
revenue than they spend to remain operational. The difference between transit agencies’ operating
revenue and operating expenditures (known as the operating deficit) is covered by government
subsidies which allow public transit to continue working. As more funding becomes available for new
transit projects and current transit services, it is essential to understand how much each transit agency
requires to remain in operation. This thesis conducts a regression analysis on the determinants of transit
demand to estimate the expected per-trip operating deficit a transit agency will experience. Data
collected by Statistics Canada and the Canadian Urban Transit Association (CUTA) is used to generate
two models which can predict the per-trip subsidy a public transit agency will require based on transit
demand levels in the region it services. Data collected from the years 1981, 1986, 1991, 1996, 2001,

2006, and 2016 from 104 Canadian Transit agencies is used in this study.

Transit demand is accounted for with Canadian census data, and findings show that
demographic and socioeconomic factors that impact ridership levels among transit users have varying
effects on the per-trip subsidy a transit service requires. These effects reveal diseconomies of scale
within large, urban transit agencies and explain the relationship between transit demand and transit
costs. The results from this analysis allow policymakers to predict expected costs for current transit

infrastructure, and determine expected future costs for new transit projects.
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1 Introduction

When determining how subsidies are allocated to transit services it is important to understand
the required costs faced by transit agencies and the factors which affect demand for their services. This
paper examines the connections between transit costs and demand to explain why certain transit
services may require more funding than others. Specifically, the relationships between transit agency
operating deficits and determinants of transit demand will be examined. By understanding these
relationships, a predictive model can be created to estimate the subsidy required to keep a transit

system operational.

Public transit is considered a merit-based good because of the positive externalities it provides
in the areas it operates. When implemented correctly, transit services can reduce congestion, lower
carbon emissions, and provide cost-effective transportation (Buchanan, 2020). Despite this, all
government-owned transit systems operating in North America fail to make a profit, and most only
generate enough revenue through public fares to cover 33% of their operating costs, (Hannan, 2012).
The difference between a transit agency’s operating revenue and operating costs is known as an
operating deficit. This deficit must be covered by the government subsidies for transit systems in North
America to remain operational. Subsidies can either be paid to transit agencies as a lump sum in order
to cover operating costs, or they can be used to subsidize user’s fares which lowers the consumer cost of
transit in the form of reduced trip fares, Hidalgo, Dario (2015). Not only are subsidies able to keep public

transit operational, but they are also able to increase ridership by reducing the cost of transit for users.

For the purpose of this study, the per-trip subsidy that a transit agency requires will be
investigated instead of the total required subsidy. This is because the total subsidy is primarily
determined by the size of the transit service while the per-trip subsidy will reflect the inefficiencies of

transit systems that serve different demographics of transit users.



This research is relevant given the recent Canadian Public Transit fund announced by Canada’s
Federal government in 2019. This fund will provide $14.9 to transit services in 2026 to cover operating
costs and investment for new transit projects. Of the $14.9 billion, $5.9 billion will be made available as
short-term funding to transit projects all across Canada. The remaining $9 billion will be used to create a
permanent transit fund that aims to disburse $3 billion per year to transit services starting in 2026.
These funds will be disbursed to municipalities and their transit system based on their needs and
priorities; however, it is unclear how these services will be assessed when determining how much
money needs to be spent on them. Another fund developed in 2021 by the Canadian government is the
Rural Transit Solutions Fund (Infrastructure Canada, 2023), which is providing $250 million of funding

towards transit projects specifically in rural areas over 5 years.

The development of these funds makes it important to understand how the demand for transit
across Canada is influenced by the demographic, social, and economic factors of the populations using
transit in order to ensure that transit agencies receive the correct subsidy corresponding to the level of
transit demand they service. An efficient way of determining how funds are disbursed to transit projects
is by understanding these trends, comparing them with the costs of transit services, and constructing a
predictive model that would suggest the required transit subsidy allocated to a service/project based on

the characteristics of the transit demand it supplies.

This paper will also examine whether transit systems operate with diseconomies of scale.
Contrary to economies of scale, firms that face diseconomies of scale experience increasing costs per
unit as they grow and service higher levels of demand (Perez, 2021). Coulombel, et al. (2019) find that
public transit can experience diseconomies of scale when demand thresholds are exceeded. When
demand is too high for the supply of public transit in an area, that transit agency will experience
increased congestion causing decreased ridership and a decline in service frequency. Large public transit

systems operating in metropolitan areas can be inefficient in how they provide service to users, and Min
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(2017) finds that transit systems operating in large highly populated cities are often more inefficient
than transit systems operating in smaller cities due to less collaborative transit planning which attempts
to service a wider demographic of transit users. Because of this, when examining the determinants of
ridership demand it is important to understand that an increase in ridership may not always be

consistent with an observed reduction in per-trip operating cost.

Most of the existing research on transit investment in Canada has been conducted using
individual case studies and focuses on the supply of transit, rather than the demand for transit service,
and few studies have examined how diseconomies of scale may impact the operating costs that transit

agencies experience, so this research is unique and provides new analysis to the literature.

This paper will conduct a cross-sectional panel analysis of Canadian transit systems, making it
easier for policymakers to determine how funds should be distributed to Canadian transit agencies.
First, this paper will provide a summation of the current literature available on this topic, then the
methodology of the research will be explained, and finally, the findings from the model will be

discussed.






2 Literature Review

This section examines the results of similar investigations into the effects that transit supply and
transit demand have on transit costs. Additionally, research about the variables describing the socio-
economic characteristics of transit users will be discussed to form expectations about what the models

generated in this study will show.

2.1 Transit Demand

One of the main points of research when determining how transit subsidies should be
distributed is whether or not transit in rural areas should receive more or less funding than transit that
operates in urban areas. This is tested by analyzing the demand for transit in urban and rural areas, and

by determining whether or not transit agencies exhibit economies of scale.

It is important to note that while there have been many studies conducted into the demand for
transit, most of these papers only examine data collected from individual cities, and most studies focus
on urban transit systems rather than rural transit agencies. Because of this, there are few studies that
examine the differences in transit demand between urban and rural areas, and this could pose a
problem for policymakers trying to create transit funds available to both urban and rural transit systems.
Furthermore, few take into account the trade-off that occurs when increasing funding to rural transit
systems at the cost of decreasing funding to urban transit systems. In the context of the recently created
Canadian Public Transit Fund, this is a problem as policymakers have insufficient information on which

to decide where transit subsidies are allocated.

Additionally, the existing literature lacks time series data analysis from multiple Canadian cities.
This poses a problem for policymakers as impacts on transit demand from changes in transit supply and

funding cannot be researched. It is also interesting to note that there have been no studies that attempt



to explain the relationship between the factors which affect transit demand, and the subsidy required

by transit agencies to maintain operations.

While the articles studying transit demand use different methods, they draw many of the same
conclusions about the demographic, economic, and social factors which determine transit demand in
rural areas. Borjesson (2020) examines the optimal level of transit supply and subsidies in rural areas.
Because there is no data on the willingness to pay of transit users, their demand is instead determined
through a utility function created from revealed preference data. This research is done through the use
of a theoretical model which accounts for the demand for transit services in rural areas by using
demographic variables such as population density, household income, and car ownership (Borjesson,
2020). Through this model, it was determined that areas with lower population densities and higher
levels of car ownership have lower expected demand for transit, and therefore the transit subsidy
should be reduced in these areas. Additionally, it is suggested that rural transit should be designed with
the interests of rural residents in mind by targeting routes that provide access to employment
opportunities and regional centers (Borjesson, 2020). This emphasizes the importance of taking the
demand for transit into account when planning for the level of transit that will be supplied to an area.
This theoretical model and research are important because it explains the reasons behind transit
demand in rural areas, and helps quantify the demand. Knowing the level of demand for transit in an
area reveals the optimal level of transit that should be supplied, and so the level of investment needed
can be better estimated. One limitation of this article is that it only uses data collected from 4 Swedish

towns, (Karlstad, Kil, Sunne, and Torsby), and is limited to data collected in one year.

The most recent example of a study that analyzed data from multiple different Canadian cities is
Diab et al (2020). This research used data collected from 103 Canadian transit agencies between 2002
and 2016 and was conducted to investigate the factors that impact transit ridership through time in

different spatial contexts. The research is based on a two-stage least squares model that explains the

6



relationship between environmental and socioeconomic variables, and levels of transit ridership. Similar
to the paper studying optimal levels of transit (Borjesson, Maria 2020), this article finds that lower
population densities are more commonly associated with low levels of transit ridership and that having
greater access to cars also decreases the level of transit ridership. Interestingly, this analysis factors in
the use of Uber among its variables explaining ridership, and found that in rural areas with small transit
systems, the use of Uber had a large negative impact on the level of transit ridership while it had a small
positive impact in urban areas with larger transit systems. These findings suggest that in rural settings
public transit and Uber are substitutes, but in urban areas they are complements. This supports the idea
that the variables impacting demand for transit in rural and urban areas can have different impacts
given the presence of other demographic factors and reinforces the idea that transit solutions and
funding must account for the specific variables present within that transit system’s operating region.
This analysis also suggests that demographic changes can also impact ridership levels. Specifically, the
presence of aging populations and declining birth rates within the service area of a transit agency

resulted in lower levels of transit ridership.

The idea that a higher population density supports a higher level of transit ridership is also
supported by Taylor, et al. (2013) in a study conducted in the United States across 265 urban areas. The
study found that an increase in median household income of 1% would lead to ridership levels
increasing by 0.65%. Additional factors that were found to be linked with increased levels of transit
demand were high proximity to transit stops and a higher availability/frequency of transit service. These
findings suggest that the demand for transit is linked not only to the demographics of transit users but

also to the quality of the transit service.

A study conducted by Gomez and Ibanez (1996) into the factors impacting transit demand in
Boston found that an increase in income decreased transit ridership. The study found that fora 1%

increase in real income, the expected level of transit ridership decreased by 0.75% suggesting that
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transit was an inferior good. This disparity in findings between the two studies was a point of interest in
a study conducted by Guerra and Cervero (2011) into the efficacy of models which used cross-sectional
data collected across different transit systems. They argued that when researchers conduct cross-
sectional system-level studies, it is possible that they obtain biased and inconsistent coefficient
estimates. This is because relevant variables may be omitted from the model, and these omitted
variables may be correlated with both the dependent variable and other independent variables.
Essentially, the study suggests that when researchers do not account for all relevant demand variables,
their results may be misleading. This is because the missing variables may affect both the outcome being
studied and the other factors that the researchers are examining. Even variables that are statistically
insignificant to the regression can serve as controls for other significant variables making their estimates
more efficient within the model. Therefore, it is important to carefully consider all relevant variables
when conducting cross-sectional system-level studies. This appears to be supported by the contradicting
findings from Gomez and Ibanez (1996) and Taylor et al. (2013), although it is addressed by Taylor et al.
(2013). Taylor et al. (2013) suggest that while models based on cross-sectional data can lead to under-
specification bias; this bias can be reduced as long as the number of independent explanatory variables
within the model is much larger than the number of dependent variables they are trying to explain. This
is because the model will better capture the complexity of the relationship between the independent
and dependent variables, which will reduce the impact of under-specification bias on the results.

Based on these findings, panel data was used in this investigation because it controls for time-
invariant systematic differences across transit agencies. This was done to reduce any under-specification

issues that coefficient estimates may develop when based solely on cross-sectional data.

The literature also distinguishes descriptive and causal forms of analyses of transit ridership and
demand. Taylor et al. (2013) describes a descriptive analysis of transit demand conducted with

qualitative data collected from surveys of transit operators and users to describe the factors that impact



transit demand. This method can be flawed as the data collected from these surveys is often subjective
and open to multiple interpretations because the data collected is internal to the transit agency it was
collected from. Taylor et al. (2013) suggest a more effective way of analyzing transit demand is by
examining the social, demographic, and economic factors that impact transit users' demand for transit.
Such studies often include a wider range of variables than the descriptive surveys can include, and the
data used is less subjective and is external to the transit agency itself, as it is not collected solely from
individuals either using the transit system or working for it. It is also noted that studies that use causal
analysis as a research method can generate more robust results if a larger sample of transit agencies is
used in the investigation, and these results are more accurate in predicting the expected results of other
transit systems (Taylor et al. (2013)). For this reason, this study will conduct a causal analysis of the
impacts of transit operating costs using, “regression analysis and a multitude of quantitative
demographic, economic, and transportation variables, many of which (population density, employment
levels, land use, etc.) are ‘external’ to the transit system and its managers.” Taylor et al. (2013).
Additionally, this study will include a large sample of transit agencies in order to create a model that is
more robust and accurate at predicting the operating costs that different transit agencies are expected

to have.

2.2 Independent Variables

In a regression, the independent variables are used to predict an expected outcome from the
dependent variable. In this paper, a combination of variables taken from Canadian Urban Transit
Association (CUTA) data and Canadian census data was used to express transit demand in the model.
The variables used in this analysis were limited by their existence across all years observed in this study
within the collected data and were selected by their relevance to transit demand according to the

existing literature.



2.2.1 Population Density

Population density has been used as a dependent variable in similar regression studies
attempting to predict ridership levels (Borjesson, 2020; Taylor et al., 2009). The findings from these
papers suggest that areas with higher population densities are expected to have higher transit demand
which is reflected in higher ridership levels. This is consistent with other factors influencing transit
demand which could not be accounted for in this investigation as they were not included in all years of
the census data used for this research. One factor that influences demand for transit is the distance to
transit agency stops. The literature finds that as the distance from users' homes to available transit stops
decreases, the level of ridership is expected to increase (EI-Geneidy et al.(2013), Taylor et al. (2009)).
This is because ease of access to transit has a positive impact on the demand for transit. In areas with a
lower population density, it can be expected that the average distance to transit stops for users will be
greater than the average distance to transit stops for users in areas with population density. So, having
population density in the model helps account for the impact of transit stop distance on transit demand
which could not have been included in the model due to data limitations. Population density will be
included as a dummy variable within the model in order to classify service populations as either urban or
rural. This form of analysis has been used by Ong (2021), which found that rural transit agencies were
expected to have 1.5% higher per-trip costs than urban transit systems; however, the rural variable was
also deemed statistically insignificant within that model. Controlling for population density as a dummy
variable will allow this investigation to examine the differences in expected per-trip subsidy between

urban and rural transit systems.

2.2.2 Car Ownership

An important factor in the demand for transit is car ownership within the community the transit

agency operates. This data was taken from the Canadian census variable “total labor force population by
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the method of transportation”, and specifically, the values for truck, car, or van ownership by driver
were used. This data was then converted into a percentage of the population by dividing the total
number of vehicle owners in the census division, by the population of that census division for that year.
This is an important variable to include in the calculation of transit demand because high levels of
vehicle ownership would be associated with lower levels of transit demand. This is because public
transit and private vehicle ownership can be considered substitutionary goods as they are often used in

place of one another (Hayes, Adam 2022).

2.2.3 Income

Household income’s effect on transit ridership will be included in the model through the annual
average family income variable collected from the Canadian Census. This is an important variable to
include because there are different arguments in the literature about what impact family income has on
public transit ridership. An article by Wang, et al. (2017) examines the impacts of changing
socioeconomic factors on transit ridership levels, with an emphasis on evaluating the impact of poverty.
This article finds that transit-rich areas are typically located in densely populated, downtown areas in
cities, and as high-income families move into these areas, they drive lower-income residents out. These
lower-income families are forced to relocate to suburban neighborhoods where they lower the average
family income and increase the ridership levels in the area. Conversely, the high-income families moving
into downtown city cores increase the average family income while not necessarily increasing the transit
ridership levels. This is because higher-income families are more likely to afford private vehicles rather
than rely on public transit relative to lower-income families. So, it is important to include this variable in
the model to determine whether or not this impact is observable across Canadian transit agencies
through time. If this is found, then the conclusion of Wang, et al. (2017) would suggest that increased
funding be allocated to suburban transit systems to support the increased demand for ridership there

and to increase the accessibility of these transit agencies for low-income users.
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2.2.4 Labor force participation rate

The labor force participation rate (LFP) is included in the model as a factor of transit demand.
The current literature suggests that LFP has mixed impacts on transit demand for a variety of reasons.
Sanchez (1998) explores the connection between employment and transit by using a regression model
to estimate the relationship between labor force participation rates and transit accessibility. This study
found that levels of employment and transit availability might not be positively correlated in part
because transit may not be a cost-effective form of transportation if the transit service is not properly
implemented in an area. This finding is backed up by the idea that transit services in areas with low LFP
rates are often inefficient in providing access to workplaces for workers (Sanchez, 1998). It also found
that in areas with high levels of transit accessibility and ridership, LFP rates tend to increase as
accessibility to workplaces increases. As the LFP rates increase, individuals are more likely to purchase
private transportation, and so transit ridership can be expected to decrease. Additionally, employed
individuals may actively choose to live near transit systems with the intent of using them to commute to
work, so there is a possible positive correlation between ridership demand and LFP rates as more
workers use transit to commute. Sanchez, (1998) indicates that the results of the study do not indicate a
conclusive causal relationship between LFP rates and transit access; however, he does note that the
positive relationship between the two may not be purely coincidental because of the aforementioned
reasons. As such, it is important to include LFP rates in this model to better understand the relationship
between employment and the expected operating deficit faced by a transit agency to ensure that transit

agencies operating in areas with low LFP rates can provide better access to workplaces.

2.2.5 Housing Costs

While there is extensive research within the literature on transit accessibility’s impact on

property value (Cao, et al. (2008)), there are few articles that explore the impact housing costs has on
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transit demand (Ong, (2021)). The research conducted in this study will use variables taken from the
Canadian census data to quantify the percentage of both homeowners and apartment renters whose
mortgage/rent payments exceed 25% of their annual income. This variable is similar to the income
variable as it explains how much income an individual can spend on transit; however, this variable also
takes into account the cost of housing in an area being serviced by transit. The effects of household
payments exceeding 25% of owners’ income is expected to have mixed impacts on the expected cost of
transit in an area, as the number of individuals living in an area with lower rates of payments exceeding
25% of owners’ income is expected to have a negative correlation with transit ridership; however, this
relationship will be influenced by the same factors that led to LFP rates and transit accessibility being

positively related.

2. 3 Transit Supply

Most of the literature on transit demand studies includes an analysis of the factors which impact
transit supply, and the effects transit supply can have on transit ridership. Policymakers and transit
agencies need to understand the factors that influence transit supply so that they can determine what
the most effective use of investment will be in transit supply to increase ridership. By determining the
impacts of improved transit frequency, coverage, or other aspects of transit supply, policymakers can
make informed decisions about how to effectively finance transit projects that service different levels of

transit demand in urban and rural areas.

The method used to quantify transit supply by Taylor et al. (2009) and Diab et al. (2020) are
through total vehicle revenue hours. This is a measure of the total time a transit agency operates, and is
able to earn revenue through providing commuters with service. Both of these studies use 2 stage least
squares regressions to determine the effect certain predictors have on transit supply. Diab et al. (2020)

used total direct operating expenses and total population as the independent variables in the model and
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found that for a 10% increase in total population, the expected increase in revenue vehicle hours would
be 5.5%, and for a 10% increase in total operating expenses, the expected increase in revenue vehicle
hours would be 4.7%. Taylor et al. (2009) used two different variables to predict revenue vehicle hours;
however, both models were able to account for over 80% of the variation in the independent variable.
Taylor et al.’s (2009) model found that areas in which a higher percentage of the population voted for
Democrats in the 2000 presidential election were more likely to support transit subsidies funded
through public expenditures, and so predict a higher level of transit supply in those areas. They also
found that populations based in urban areas were linked to 11.5% higher expected levels of vehicle
revenue hours. This means that vehicles of urban transit fleets are expected to operate and generate

revenue along longer routes than rural transit vehicles.

Berechman and Giuliano (1985) find that decreasing returns to scale are often observed in large
public transit services due to congestion issues when transit output is high. Furthermore, transit
agencies that operate primarily with buses experience diseconomies of scale due to complexities
surrounding their fleet organization and garage capacities. Another study conducted by Viton (1981)
examined economies of density by calculating the short-run cost curve of bus transit systems and
determining their cost curve elasticity. The long-run envelope cost curve was then calculated in order to
examine economies of scale when using vehicle miles as a measure of a transit agency’s output. Viton
concluded that diseconomies of scale were observed in transit agencies with higher output levels which

served high levels of ridership demand.
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3 Methodology

3.1 Data Collection

This investigation aims to explain the factors that impact transit demand in different regions and
compare them with the required costs faced by the transit agencies that serve them. This meant
collecting data on the demographic, social, and economic variables of transit users, as well as the

expenditures and revenues of transit agencies across Canada.

Two data resources were used to construct this model. First, was data collected by the Canadian
Urban Transit Association (CUTA) about Canadian transit systems. This source provided information on
ridership levels, fare structures, and expenses for more than 100 transit agencies across Canada. This
data would be used to determine the differences in revenues and expenditures of transit agencies as
well as information on car ownership within the populations of interest. The second resource was
Canadian census data collected by Statistics Canada. Every five years, the Canadian census is conducted
by Statistics Canada through a survey to collect demographic, social, and economic data on the Canadian
population to be used for statistical analysis. This data would provide detailed information about the
populations within the service area of each transit agency and would provide the model with
demographic, social, and economic descriptors of the average rider for each transit agency. These
variables were chosen based on whether or not they were expected to have a measurable impact on

transit operating cost or transit demand based on similar studies reviewed in the literature.

For the scope of this investigation, census data collected every five years since 1981 would be
used along with the corresponding CUTA data from each year. So, the statistics from each data set
would have to be curated into one singular data set which could be inputted into a statistical analysis
software. The first step in creating this resource was to determine the correct area of census responses

that would be used to determine the population characteristics of each transit agency's users. To do
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this, a list of all 104 transit agencies across Canada was taken from the CUTA data and inputted into a

spreadsheet along with the population size within each transit agency’s service area.

To determine the demographic makeup of populations living within these service areas, the
correct area in which survey responses were recorded had to be used. This meant matching the
recorded population within the service area of each transit agency from the CUTA data with the
population surveyed from different census units in the transit agency’s location. Census units are
subdivisions created by Statistics Canada to break larger regions into small areas within which to
conduct their surveys. These subdivisions correspond to Canadian municipalities and are divided into
smaller regions so that researchers can use data collected from specific areas rather than the entire
subdivision as a whole. Because the service area of each transit area varied, this meant using a
combination of smaller census subdivisions, and larger census metropolitan areas when finding the

correct set of survey responses to use for each transit area population.

It should be noted that this form of analysis assumes that individuals living in one transit
agency’s service area solely use that transit agency. This does not account for individuals who commute
outside of their census unit with a neighboring transit agency, but for the point of this analysis, the
census data collected from individuals living within a particular transit agency’s service area should

provide an accurate representation of the population using said transit agency.

After the correct census units had been determined for each transit area's location, the survey
data from those census units was uploaded into 16 separate spreadsheets. Eight spreadsheets
contained the responses to census subdivisions for the years: 1981, 1986, 1991, 1996, 2001, and 2006,
and the other eight contained the responses from census metropolitan areas from the same eight years.
These spreadsheets were generated from the information collected by Statistics Canada and contained

information from every census area in Canada. Next, new spreadsheets were created for each of the
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eight years which would contain only the data from census areas corresponding to the 104 transit
agencies taken from the CUTA data. This meant searching through the larger data files from Statistics
Canada and copying over only the census areas corresponding to transit agency service areas. For each
year, this data was collected from both the census subdivision and census metropolitan area data sets
depending on the transit agency, and the size of its service population. These new spreadsheets
contained all of the survey response data corresponding to each transit agency’s service population for

the years: 1981, 1986, 1991, 1996, 2001, 2006, 2011, and 2016.

3.2 Data Curation

With these newly constructed data sets, the social, demographic, and economic data describing
each transit agency’s population could be analyzed; however, the surveys conducted by Statistics
Canada contained many more population variables than were needed for this research, so the
unnecessary variables were deleted. The remaining population variables would be used as independent

variables when constructing the regression model.

The CUTA data was sourced directly from the Canadian Transit Fact Book (CUTA (2016)), for
each relevant year to this study (1981, 1986, 1991, 1996, 2001, 2006, 2011, 2016). These files contained
information on transit ridership from all of the agencies operating within Canada. The relevant variables
were then extracted from these files, including the total operating expenditures and operating revenues
received in a year by each transit agency, as well as data on car ownership of individuals living within the
transit agency's service areas. Once the data had been collected from both the Canadian Census and
Canadian Transit Fact Book, the resulting data sets were merged into one file which was then used in

the regression analysis.

It is important to note that all variables measured in monetary terms had to be adjusted for

inflation so that they would be consistent across all years when used to run regressions. This was done
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by finding the Consumer Price Index (CPI) value for each relevant year of study dating back to 1981, and
then comparing it to the base year CPI, which was 2016 for this investigation. The calculation to find a
conversion factor to modify each year’s prices to account for inflation is by dividing the 2016 CPI by the
CPI of the year of interest. Then the prices from the year of interest could be multiplied by this

conversion factor to account for inflation.

3. 3 OLS Regression

This analysis used a one-step OLS regression to estimate the operating deficit a transit agency
would be expected to have given certain demographic factors. Regression is a tool used by researchers
to quantify the impacts a set of independent variables will have on one dependent variable. By defining
the relationship between independent variables and the dependent variable, regressions can find the
predicted value of the dependent variable for given values of a set of input independent variables. The
simple one-step OLS regression uses the following basic mathematical equation to describe the

relationship between two variables in the following equation:

yi =c+ px; + e (1)

Where y; is the dependent variable, x; is the set of independent variables, and c and B describe

the parameters of the regression. The B coefficient shows the effect a one-unit change in x will have on
the dependent y variable. For example, if =1, then for every 1 unit increase in x;, the expected value of
y; will increase by 1, holding all other variables in the equation constant. The error term, ¢;, is the
difference between the expected value of y; (the prediction made by the model) and the actual value of
y; . Graphically, the output of the regression is shown below in Figure 1 where the green dots represent

the actual values of y, and the blue slope is the regression’s prediction of expected y values:
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Figure 1: Diagram of an OLS Regression

The goal of the regression is to set parameters (c and ) to minimize the value of this error term.
This is done through the method of ordinary least squares which attempts to minimize the value of the
sum of squared error terms produced by the regression. For this research, a multiple linear regression
was used, which follows the explained methodology of the simple OLS model, but includes additional

independent variables to explain the different impacts on the dependent variable of multiple factors.
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4 Data limitations

When identifying which census unit to use for each transit agency, certain agencies had to be
excluded from the research due to the lack of a clear corresponding census unit. For example, the GO
transit system operates within both the Greater Toronto Area, as well as in Hamilton Ontario (GO Transit
(2023)); however, there are also municipal transit systems that operate separately within Hamilton and
Toronto (CUTA (2016)). The Canadian census includes Toronto and Hamilton as separate census
divisions and therefore collects responses specific to the two separate populations. Because this
investigation aims to explain the operating costs of a transit agency based on the demographic factors of
the population it services, this study is only conducted on transit agencies that service populations that
only exist within one census division, and so GO transit was removed from the dataset. Additionally, the
areas of some census units were combined for some years and were then separated in later years,
meaning there would be no consistent measurement of the same population to describe a transit
agency’s population over time. Because of this, any transit agency within a census division that spatially

changed within the timeframe of this investigation had to be excluded from the dataset.

Another issue with the data was that the data collected by the 2011 Canadian census contained
far fewer population variables than the other surveys. This was because in 2010 the Canadian Federal
Government decided to get rid of the long-form questionnaire from the census and replace it with a
voluntary survey (Okanagan College Library (2022)). So, the 2011 Canadian census dataset is missing
several of the key variables to this investigation. If the data from the 2011 Canadian census had been
included in the dataset used to run this study’s regressions, it would have prevented the model from
taking the missing variables into account for any year they were included, significantly reducing the

number of observations in the model, and so 2011 was omitted from the dataset.
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One of the limiting factors on which variables could be used in the regression was whether or
not they were present and had observable, collected data from all the transit locations included in the
analysis and for all years included in the analysis. This meant that certain variables were omitted from
the model because data were not consistently collected to describe these variables over the years. This
is because the survey conducted by Statistics Canada changes from year to year, and different questions
and methods of measuring similar trends are used for different years. This meant that certain variables
used in other models throughout the literature could not be included in this model because of the wide

time range this investigation covered.

Additionally, certain variables used to create the regression models had high degrees of
correlation with each other. Variables with high degrees of correlation could not be used as
independent variables in the same models or else there would be collinearity within the regression,
UCLA (2021). Highly correlated independent variables would be unable to independently determine the
expected values of the dependent variable and would lead to coefficient estimates that are statistically
insignificant to the model. While this may not cause an issue in studies which had many observations,
the relatively small sample size used in this investigation would allow collinearity to generate large
standard errors and imprecise coefficient estimates. A correlation matrix was generated to deal with
collinearity within regression outputs. Figure 2 displays the correlation coefficients between

independent variables. Figure 3 provides a legend for interpreting the independent variables.

22



. correl poplog rural drivers avgmort2 rvklog rvhlog popimm partic gasprice2log operfu

> el2 opertrans2 unemp medinc tripslog

(obs=148)
poplog rural drivers avgmort2 rvklog rvhlog popimm  partic
poplog 1. 0000
rural -0.3532 1.0000
drivers ©.8149 -0.2298 1.0000
avgmort2 @.1989 -0.2310 0.2240 1.0000
rvklog @.9443 -8.3299 B.7673 0.2080 1.0600
rvhlog @.9468 -08.3398 0©.7406 0.1974 0.9958 1.6000
popimm @.6983 -0.1867 ©.8837 ©.2953 B.7867 B.6876 1.0000
partic -8.8705 -0.2439 -0.0073 B8.5188 -0.8556 -0.8571 -@.e501 1.6000
gasprice2log @.0181 0.1093 9.8587 -0.0900 0.0066 @.0081 ©.0206 -0.1036
operfuel2 @.65380 -0.1784 0.7334 0.2197 0.7215 @.7@98 ©.8994 -0.0565
opertrans2 @.6642 -0.1829 08.7689 9.2387 0.7273 @.715@ 9.9229 -0.0686
unemp -8.0438 0.3734 -0.0316 -0.1254 -0.0376 -0.0476 0.0466 -0.5054
medinc -8.1031 -0.1348 -0.1173 0.6674 -0.0821 -0.0957 -0.1231 0.3634
tripslog @.9337 -0.3229 @.7355 ©.1120 0.9784 0.9839 0.6682 -0.0567
gaspri~g operfu~2 opertr~2 unemp  medinc tripslog
gasprice2log 1.06000
operfuel2 9.8433  1.0000
opertrans2 @.8530 0.9763 1.0000
unemp -9.0238 0.0722 09.0672 1.0000
medinc -8.0649 -0.8925 -0.0902 0.0155 1.0000
tripslog @.0245 ©.7008 0.7015 -0.0578 -0.1578 1.0000

Table 1: Correlation Matrix
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poplog

Population variable

rural

Rural dummy variable

drivers

Vehicle ownership variable

avgmort2

Mortgage payments >25% of

household expenditures

rvklog

Revenue Vehicle Kilometers

rvhlog

Revenue Vehicle Hours

popimm

Immigrant population

partic

Participation rate

gasprice2log

Price of gas

operfuel2

Amount of fuel used

opertrans2

Transit operations

unemp

Unemployment rate

medinc

Median income

Table 2: Legend of Independent Variables

Correlation coefficients range from -1, which represents perfect negative correlation, to +1,
which represents perfect positive correlation between variables. For this research, for pairs of

independent variables with correlation coefficients with absolute values greater than 0.5, only one

variable will be include in the same model to limit collinearity.
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5 Results

5.1 Model 1 Specification

The Model 1 specification in Equation 1 explains the impacts of independent transit demand
variables on the required subsidy variable. The required subsidy variable was generated first by finding
the difference between annual operating expenditures and annual operating revenues for each transit
agency across all years to determine the operating loss for each transit service. Then, the loss value was
divided by the total number of trips conducted by a transit agency for each year to generate the per-trip
loss each transit agency had for each survey year. This loss per trip is equivalent to the required subsidy
per trip that a transit agency needs in order to cover its expenditures and continue operating. The log of
the cost per trip variable was used as the dependent variable to estimate the percent change in required
subsidy per trip a transit agency will face based on the transit demand factors of its users. Table 3 is the

regression output generated by running the following specification:

Cost per Trip = f(population, labour force participation rate, revenue vehicle kilometers, number

of automobile drivers, average mortgage affordability) (2)

The variation in the dependent variable is measured in partial impacts from each variation in the

independent variables, holding all other independent variables constant.

Model 1 uses 217 observations to estimate the impacts of population size, participation rates,
revenue vehicle kilometers, number of owned vehicles, and the average mortgage payments of transit
users to explain the variation of a transit agency’s required subsidy. The r-squared value generated by
the regression output details the percentage of variation in the dependent variable explained by the
independent variables within the model. As can be seen from the r-squared value of 0.866, Model 1 can
explain 86.6% of the variation in the required per-trip subsidy a transit agency will have based on the
included independent variables. Model 1 also includes dummy variables for each transit agency included
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in the regression. This allows the model to control for systemic differences between each transit agency

which otherwise could not be controlled for within the regression. Furthermore, the specification for

Model 1 includes a code that generates robust standard errors to account for heteroscedasticity.

inear regression Number of obs = 217
F(68, 139) - .
Prob > F = .
R-squared = 0.8666
Root MSE = . 2785

Robust
reqsublog | Coefficient std. err. t P>t [95% conf. interval]
poplog 1281686 .2151242 @.56  B.577 -. 3851782 . 2455874
partic - . B701689 . 8214548 -3.27 9.8l -.1125887 -.827741
rvklog . 1836621 . 8967693 1.7 @.286 - . 087668 . 2949922
drivers -3.93e-86 1.46e-06 -2.69 .08 -6.83e-08 -1.84e-86
avgmort2log 2.122924 . 2669447 4.55 Ly e 1.199691 3.846157

5.1.1 Population

Table 3: Model 1 Regression Output

From model 1, the population is positively associated with the required per-trip subsidy a transit

agency will face. Because the log of the population variable is used in the model, a 10% change in

population is shown to have a 1.2% increase in the required per-trip subsidy holding all other variables

constant. For a p-value of 0.57, we cannot reject the null hypothesis that the change in required per-trip

subsidy will be equal to 0 for a change in population so this variable may be statistically insignificant

within the model. This finding is consistent with the literature as transit agencies that service larger

populations are found to have higher vehicle revenue hours consistent with larger transit fleets and

higher operating costs, Amer, S. et al. (2016). Although a larger population size is also correlated with



higher levels of ridership, the increased revenue generated from this additional ridership is unable to

offset the additional operating expenditures required to maintain a larger transit infrastructure.

5.1.2 Labor Force Participation Rate

Model 1 shows the labor force participation rate to be negatively associated with the required
per-trip subsidy. For a 1% increase in the labor force participation rate, the expected per-trip subsidy
required by a transit agency will decrease by 6.8% holding all other variables constant. For a p-value of
0.001, we can reject the null hypothesis that the impact on the dependent variable is equal to 0, and can
determine that this variable is statistically significant to the model at all levels of significance. This
finding is consistent with the observation of Sanchez (1999) that the effects of labor force participation
rates on transit demand are often mixed. In this case, it was observed that the required per-trip subsidy
fell for increasing labor force participation rates. This could be explained by the finding that transit
services in areas with low labor force participation rates are often inefficient in their implementation
and service routes (Sanchez, 1999), and so the operating costs would be relatively high compared to the
operating revenues received by these transit agencies resulting in a higher required per trips subsidy. As
labor force participation rates increase, so does the level of transit demand for individuals commuting to
work, and so transit agencies can develop routes that target specific business districts, and become
more efficient in the routes that they offer. This decreases the difference between operating

expenditures and revenues and reduces the overall subsidy per trip a transit agency requires.

5.1.3 Revenue Vehicle Kilometers

From model 1, the revenue vehicle kilometers variable is positively associated with the required
per-trip subsidy of transit services. The revenue vehicle kilometer variable tracks the number of
kilometers each transit agency’s vehicles travel while earning revenue for the transit agency. In Table 1,

it is observed that a 10% increase in revenue vehicle kilometers is associated with a 1% increase in
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required per-trip subsidy holding all other variables constant. For a p-value of 0.286, the null hypothesis
that this independent variable’s impact on the dependent variable is equal cannot be rejected, so
revenue vehicle kilometers may be statistically insignificant within this specification. The positive
relationship between RVK and per-trip subsidy size is consistent within the literature which finds that
larger transit agencies that cover greater service areas will have higher operating costs, and therefore

require larger per-trip subsidies to function, Amer, S. et al. (2016).

5.1.4 Car Ownership

Model 1 depicts a slight negative relationship between the number of car owners and the per-
trip subsidy required to keep a transit system operating. This specification found that for a 10% increase
in vehicle ownership, the expected per-trip subsidy would decrease by 0.000039% holding all other
variables constant. The p-value associated with this coefficient is 0.008 so the effect is significantly
different from 0 and is statistically significant within the model; however, this finding shows the effect of
vehicle ownership on required per-trip subsidy to effectively be 0. This is most likely because of the
mixed effects vehicle ownership has on transit demand. The existing literature finds that transit and
private vehicles can often be considered substitutionary goods, and so in areas where vehicle ownership
is high the corresponding level of demand for public transit would be low, Hayes, Adam (2022). Because
of this, it would make sense for transit systems in areas with high levels of private vehicle ownership to
be small and require smaller subsidies to operate. However, because of this low level of transit demand
induced by high levels of vehicle ownership, the operating revenues received by these transit agencies
will be smaller because fewer people are using public transit. Because of this, the impact on the
required per-trip subsidy is very close to 0 as there are a variety of factors that influence whether or not

it will positively or negatively affect the required subsidy.
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5.1.5 Average Mortgage Payments

The average mortgage payments variable denotes the number of people in a service area whose
spending on monthly mortgage payments exceeds 25% of their monthly expenditures. Essentially, it is a
measure of how many people in the service area have a high or low amount of additional money for the
consumption of goods and services after making monthly housing payments. In the Model 1
specification, the relationship between the avgmort2 variable and the required per-trip subsidy is
positive. For a 10% increase in avgmort2, the per-trip subsidy is expected to increase by 21%. With a p-
value of 0, the null hypothesis can be rejected, and it is determined that this variable is statistically
significant within the model. This is consistent with the existing literature which finds that areas in which
housing costs are a larger percentage of household expenditures are forced to spend less money on
additional expenditures, such as transit use. Because of this, transit agencies operating within service
areas characterized by high avgmort2 values are expected to generate less operating revenue than in
areas with low avgmort2 values. This supports the findings of Wang, et al. (2017) who suggest that
increased funding through subsidies should be spent on transit infrastructure in low-income

neighborhoods to increase the accessibility and efficiency of these transit systems.

5.2 Model 2 Specification

The second model was generated using a two-stage least squares (2sls) regression and used the
population variable as an instrument to correct for correlation between the drivers variable and the
error term of the dependent variable within the model. Other independent variables were selected for
this regression based on their coefficients of variation in order to minimize collinearity. The number of
vehicle owners in an area is expected to be correlated with the error term of the expected cost per trip

of a transit agency because transit agencies can anticipate vehicle ownership levels within the
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communities they serve and will size themselves accordingly to minimize costs. This creates endogeneity
within the model. To determine an influential instrumental variable to use in the 2sls regression, a
correlation matrix was generated to determine the levels of correlation between variables of interest.
The matrix showed a 0.99 correlation value between drivers and population, and relatively low
correlation values between population and other dependent variables within the model, so the
population size of transit service areas were selected as the instrumental variable to correct for the
endogeneity caused by the drivers variable. This is consistent with the study by Diab (2020) which also
used population as an instrumental variable in their 2sls regression. Model 2 uses gas prices, average
mortgage payments exceeding 25% of household expenditures, a dummy variable indicating whether or
not a transit agency operates within a rural area, the fuel consumption of transit agencies, and transit
operating costs (fleet maintenance in compliance with government regulations) to explain the variation
in the dependent cost per trip variable. The rural dummy variable was generated according to a
definition from Statistics Canada (2016) which delineates rural areas as having a population density of
fewer than 400 individuals per square kilometer, and urban areas as having more than 400 people per
square kilometer. Model 2 is based on 144 observations and can account for 32.4% of the variation in

the cost-per-trip variable.
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Instruments: gasprice2log avgmort2log rural operfuel? opertrans2 pkmlog
poplog
. ivreg costptlog gasprice2log avgmort2log rural operfuel2 opertrans2 (driverslog = p
> plog)
Instrumental wariables 25LS regression
Source 55 df M5 Number of obs = 144
F(6, 137) = 11.32
Model 16.6799113 6 2.77998522 Prob > F = 9. 0000
Residual 34.7992863 137 .254009389 R-squared = a.3248
Adj R-sgquared = 0.2944
Total 51.4791977 143 .359994389 Root MSE = . 58399
costptlog | Coefficient 5td. err. t Pt [95% conf. interwal]
driverslog -.1353289 0442817 -3.86  @.003 -.2228928 -. 8477649
gasprice?log . 7657819 . 3379507 2.27  08.025 N 1.434856
avgmort2log 1.182068 . 2219826 5.32 @.000 . 74308524 1.628963
rural -.@895522 1244675 -@.72 B.473 -.335678 . 1565736
operfuel2 -3.17e-88 1.84e-08 -3.86  B9.883 -5.22e-88 -1.12e-88
opertrans2 4.89%e-09 1.83e-09 2.24 @.027 4.80e-10 ¥.70e-09
_cons -9.482493 2.356295 -4.82 @.000 -14.1419 -4.823081
Instrumented: driverslog
Instruments: gasprice2log avgmort2log rural operfuel? opertrans2 poplog

Table 4: Model 2 Regression Output

5.2.1 Vehicle Ownership

Vehicle ownership is negatively related to the expected per-trip subsidy in Model 2. For a 10%
increase in vehicle ownership, the expected cost per trip will decrease by 1.35% holding all other
variables constant. A p-value of 0.003 is associated with this coefficient, so vehicle ownership is
statistically relevant to this regression model at all levels of significance. The impact on cost per trip
depicted in this model is greater than the impact shown in Model 1, but it is important to note that a
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slight negative relationship between vehicle ownership and expected cost per trip is consistent between
both regressions. This is due to the mixed effects vehicle ownership has on transit demand and transit
supply. Increased personal vehicle ownership is expected to decrease transit demand in an area which
decreases the operating revenue a transit agency will receive; however, the decreased demand for
transit allows transit agencies to operate with fewer routes and lower vehicle costs, (Hayes, 2022).
Model 2 shows that for an increase in vehicle ownership, the operating expenditures of transit agencies
are expected to decrease by more than the operating revenues fall, and so the expected required

subsidy per trip will also decrease.

5.2.2 Gas Prices

Gas prices are positively correlated with the expected per-trip cost in the Model 2 specification.
A 10% increase in gas prices is expected to increase the required subsidy by 7.65% holding all other
variables within the model constant. A p-value of 0.025 is associated with the coefficient for the gas
price variable, and at the 5% level of significance, its impact on cost per trip is statistically significant to
the regression. Model 2 predicts higher required subsidies for transit agencies operating in areas with
higher gas prices, and this is fairly consistent with expectations about transit demand. Higher gas prices
increase the cost of personal vehicle use which raises the demand for public transit as an alternative
method of transportation (APTA 2008). With higher demand for transit, agencies can generate more
revenue by providing service to more transit users. However, in addition to the increase in revenue
transit agencies are expected to receive as a result of higher transit ridership, transit agencies are also
expected to face higher operating costs. This is because higher gas prices will also increase the operating
costs of transit agencies by forcing transit services to pay more to fuel their transit vehicles. Additionally,
to match the increased levels of ridership, transit agencies are often forced to increase the service they
provide along existing routes which further inflates their operating costs (APTA 2008). It is important to

note that this model does not contain data collected during the COVID-19 pandemic. During the
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pandemic, public transit demand was low despite gas prices increasing to record levels due to health
concerns surrounding public transit use (Bakx, 2022). Future research should take this into account

when explaining the relationship between cost per trip and gas prices.

5.2.3 Average Mortgage Payments

Similar to the Model 1 specification, the average mortgage payments exceeding 25% of the
monthly household expenditures variable is shown to have a positive correlation with the expected per-
trip subsidy required by transit service. The specification of Model 2 shows that for a 10% increase in the
avgmort2log variable, the per-trip cost is expected to increase by 11.8% holding all other variables in the
regression constant. A p-value of 0.000 indicates that this variable is statistically significant at all levels
of significance within the regression. While the impact observed in Model 1 was larger (a 21% increase
in per-trip cost for a 10% increase in avgmort2), both specifications depict similar findings that are

consistent with existing research.

5.2.4 Rural

Model 2 includes a dummy variable indicating whether or not the transit agency operates within
a rural or urban location. According to the Model 2 specification, public transit in rural areas is expected
to have 8.9% lower expected costs per trip than public transit operating in urban areas. The p-value
associated with this coefficient is 0.473 which means that this variable may be statistically insignificant
in the model. The negative relationship between rural service areas and required subsidy is consistent
with existing literature which finds that distance to transit stops has a major impact on transit demand,
El-Geneidy et al. (2013), Taylor et al. (2009). Transit services that have larger distances between stops
and commuter dwellings experience less demand for transit. Because transit agencies operating in
population-dense areas are expected to have smaller distances between stops and commuters’

residences, they receive high levels of ridership compared to transit areas in rural areas. The higher
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ridership levels associated with urban areas force transit services to increase service along their routes
to accommodate the high level of transit demand, and this causes operating expenditures to increase at
a faster rate than operating revenues. Because of this, transit agencies operating in densely populated

urban areas require larger per-trip subsidies to operate.

5.2.5 Fuel Consumption and Transit Operations

The fuel consumption and nominal value of transit operations exhibit slightly negative and
slightly positive relationships with the expected cost per trip. While both have statistically significant p-
values associated with their regression coefficients (0.003 and 0.027 respectively), the coefficients
themselves show that the variables have very small impacts on the required subsidy and transit agency
is expected to have. A 10% change in either variable will cause approximately a 0% change in expected
cost per trip according to the -3.17e-08 coefficient value associated with fuel consumption, and the
4.09e-09 coefficient value associated with transit operations. Although these variables appear to have a
low level of significance within the model, it is important to include them in the specification as controls
which allow the regression to provide better estimates for the coefficients of other variables in the

model.
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6 Conclusion

In general, it was found that transit agencies operating in areas with higher levels of transit
ridership required larger operating subsidies. This is because public transit experiences diseconomies of
scale when dealing with high levels of demand. While transit services experience increasing returns to
scale when operating on a small scale by becoming more efficient, when dealing with high levels of
demand they become inefficient as operating expenditures grow faster than operating revenues
(Coulombel, Nicolas, et al. (2019)). Certain variables such as population density, car ownership, and gas
prices highlight the diseconomies of scale experienced by transit agencies, by showing increasing per-

trip costs corresponding to increased demand for transit.

This research created two separate models which can predict the expected per-trip subsidy a
transit agency requires based on the social, demographic, and economic characteristics of the
populations they serve. These models can predict the expected costs of new transit projects, or
currently operating transit systems so that funds can be allocated more effectively to transit agencies.
By using data collected from transit agencies across Canada over a 35-year period of time, these models
can be implemented anywhere in Canada and can account for regional development over time. This is
particularly relevant for estimating the per-trip cost of a new transit development when a new
investment is being proposed. By using the values of the independent variables for the region in which
the new transit system is being developed, the expected per-trip subsidy of the new transit system can
be calculated. Using this predicted value, along with additional capital subsidies, the total opportunity
cost of the transit project can be estimated which can provide important information to policymakers

when conducting cost-benefit analyses of the project.

Average mortgage payments were shown to have the greatest impact of the independent

variables on the expected cost per trip. Specification 1 showed a 21% increase in cost per trip for a 10%
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increase in households with average mortgage payments exceeding 25% of the monthly household
expenditures, and specification 2 showed an 11.% increase in cost per trip when all other variables were

held constant in the regression.

The availability of data limited the number of observations included in each model and reduced
the possible combinations of variables that could be included in the same models. Future research
should attempt to improve upon this by using data taken from a smaller timeframe with more
consistent observations between years and variables. Although the research in this paper used data
collected from 1981 to 2016 to account for regional changes and developments over 35 years, this

limited the quality of the data sets available for use.

This research can also benefit future studies into models of transit demand by providing insight
into which variables may cause collinearity issues if used together in models. Table 1 illustrates the
collinearity estimates between the variables collected for use in this study, and highlights the variables

showing high degrees of correlation that should not be used to predict the same regressions.

The goal of this study was to research the determinants of transit demand, understand their
impacts on transit costs, and predict the expected per-trip subsidies required by transit agencies.
Models 1 and 2 (as shown in Tables 3 and 4) are able to account for 86.6% and 32.4% of the variation in
per-trip costs of the 104 transit agencies currently operating in Canada. The specifications used in this
investigation can be used by policymakers looking to plan future transit investments or to predict the

per-trip subsidies that current public transit systems will require as population demographics change.
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