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ABSTRACT

This paper examines the trends and changes in both spatial and non-spatial income inequality in the
Toronto CMA between 1985 and 2015 at various geographic scales, including both within and between
neighbourhoods. Fixed effects panel regression models are used to uncover which local demographic and
housing characteristics are most significant in explaining changes in inequality within neighbourhoods

over time.

Findings indicate that macro-scale income segregation among neighbourhoods has declined, while micro-
scale intra-neighbourhood income segregation has increased since 1985. Further, compared to overall
changes in income inequality in the region, neighbourhoods have become more homogenous in terms of
their household income distribution. Thus, neighbourhood sorting by households based on income has

increased since 1985.

Consistent with extant literature, local housing characteristics have spillover effects on income
segregation. Specifically, variables associated with greater housing affluence are negatively correlated
with intra-neighbourhood inequality measures, and thus positively correlated with income
homogenization. This confirms and adds to the literature that local land use regulations impact income

spatial inequality.
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1 INTRODUCTION

Income inequality is growing in Canada, with greater inequality being shown to have negative impacts on
both society and on individuals (OECD, 2016; Wilkinson & Pickett, 2009; Wilkinson & Pickett, 2018). Local
and regional land use policies contribute to the way inequality is expressed geographically. Segregation
impacts who is able to live in the city as well as where they can live in the city. In turn, the way in which
inequality manifests across space has implications on the ability of local governments to respond to

households’ needs, as well as the potential extent to which structural inequality is perpetuated.

This paper examines the changes in spatial inequality in the Toronto Census Metropolitan Area (CMA)
between 1985 and 2015, as compared to overall changes in the region’s non-spatial inequality. Of focus
are dynamics both across and within neighbourhoods, the macro and micro-scales, of income segregation,
as the degree of segregation impacts residents’ outcomes differently. Further, the study of inequality at
the neighbourhood level is important because neighbourhood effects have been shown to have significant
impacts on residents’ well-being and intergenerational mobility (Chetty & Hendren, 2018; Currie, 2011;

Johnston et al., 2005; Hulchanski, 2007).

Additionally, neighbourhood level factors — demographics and local housing characteristics - that are most
significantly associated with changes in micro-scale spatial income inequality within the Toronto CMA are

identified.

This research expands extant literature on income inequality and segregation in the Toronto region (Fong
& Shibuya, 2000; Hulchanski, 2007; Murdie, 2013; Murdie, 2014; Walks, 2013), as well as tests predictions
put forth by researchers of inequality in the United States (US). This includes the findings of spillover
effects of housing policy on income segregation and inequality (Fong & Shibuya, 2000; Ganong & Shoag,
2015; Hulchanski, 2007; Lens & Monkkonen, 2016; Reardon & Bischoff, 2011; Saiz, 2010) and the
correlation between race, ethnicity and class segregation (Chetty & Hendren, 2018; Fong & Shibuya, 2000;
Hulchanski, 2018; Reardon & Bischoff, 2011; Sampson, 2018; Walks & Bourne, 2006).

1.1. STUDY OUTLINE
This paper begins by reviewing the literature on neighbourhood effects, to demonstrate the validity of

studying neighbourhood-level phenomena. It then examines the literature on the relationship between



income inequality and income segregation, as well as the potential impacts of several other local

characteristics on income segregation.

The Data section describes each of the neighbourhood characteristic variables to be examined. The
Methods section outlines the framewaork for examining changes in spatial income inequality and explains
the statistical analysis approach used to measure neighbourhood characteristics’ impact on intra-

neighbourhood inequality.

The Results and Discussion section provides a descriptive overview of the trends in spatial income
inequality throughout the Toronto CMA since 1985 using census data. Estimates of the impacts of the

previously examined local characteristics on changes in intra-neighbourhood inequality are presented.

Finally, the Implications and Recommendations section iterates the implications of the findings and offers

recommendations for policy-makers and for future research.



2 LITERATURE REVIEW

This literature review summarizes the main findings and theories relating to spatial and non-spatial
inequality at both the metropolitan and neighbourhood level. The research derives from a variety of

different disciplines including urban studies, economics, sociology, and housing policy.

First, it is important to contextualize the characteristics of spatial and non-spatial inequality, and of the
importance of place in driving social and economic outcomes. A brief summary of the evidence linking

several variables’ potential impacts on income segregation in the city is provided.

This review focuses on evidence from both Toronto and other North American urban areas to inform

trends and factors of interest.

2.1. NEIGHBOURHOOD EFFECTS

There is evidence that the local neighbourhood conditions of ones’ geographic place of residence have a
material impact on one’s well-being and economic outcomes (Chetty & Hendren, 2018; Johnston et al.,

2005; Hulchanski, 2007), and therefore there is value in studying neighbourhood-level phenomena.

There are at least six theories to explain how neighbourhoods influence individual outcomes: 1) through
the quality of local services, particularly schools; 2) socialization; 3) peer influences; 4) social networks; 5)
exposure to crime and violence; and 6) physical distance to jobs (Ellen & Turner, 1997). Regardless, it is
unclear as to which neighbourhood conditions matter the most, as well as how each neighbourhood

characteristic influences behaviour, well-being, and economic outcomes.

Previous studies found significant impacts of neighbourhood conditions on individuals’ labour market and
educational outcomes (Galster, 2012), with the effects stronger on children’s future outcomes from living
in “better” neighbourhoods (Chetty & Hendren, 2018; Ellen & Turner, 1997). The effects found may be
nonlinear, however, with respect to baseline disadvantage (Reardon & Bischoff, 2011), and there is
credible evidence that concentrated disadvantage has causal effects on several individual outcomes, such
as earnings potential and health (Sampson, 2018). The noted neighbourhood effects are smaller, though,
than the effects of observed family characteristics, such as income, socioeconomic status, and educational

attainment (Ellen & Turner, 1997).



The most recent and empirically robust study on the importance of place for intergenerational mobility
comes from a quasi-experimental research paper that measured the impacts of the Moving to
Opportunity (MTO) program in the United States (Chetty & Hendren, 2018). By removing bias and family
effects from the study’s design, the results empirically demonstrated that location has significant effects

on children’s future earning potential and other outcomes at the county and metro area level.

These effects were found to accumulate through childhood exposure, with low-income children’s earning
potential converging to that of the high-opportunity area’s “permanent residents” at a rate of 4% per
every year of exposure, for children between the ages of 9 and 23. Since the effect increased
proportionately to exposure, rather than through the immediate impact on adults, Chetty and Hendren
(2018) argue that local childhood environments matter more than local labour markets in improving

intergenerational mobility.

Still, there is a debate among academics and urban planners as to whether “place-focused” policies are
legitimate ways of addressing poverty. Skeptics argue that the impacts of neighbourhood effects policies
pale in comparison to more structural, macro-level efforts, such as policies that aim to address inequities
within the labour market caused by global economic restructuring (Goetz & Chapple, 2010; Walks, 2013).
Further, neighbourhood effects policies are sometimes associated with the “underclass hypothesis”,
which emphasizes the “undesirable” culture and behaviour of low-income individuals living in high-
poverty neighbourhoods brought about through the contagion effects of place (Deluca, 2012; Goetz &
Chapple, 2010). Both views fail to recognize the impacts that local policies and neighbourhood

characteristics have on individuals.

While addressing the structural forces of income inequality is important and necessary, meso- and micro-
level interventions also have a role to play in ameliorating income inequality and segregation. This
includes urban public policies such as those that address migration, discrimination, growth, and the siting

of employment and residential areas (Goetz & Chapple, 2010).

Sampson’s (2018) core argument is that neighbourhood structures play an important role in the
perpetuation of structural inequality. He notes that neighbourhoods both exert causal effects on a wide
variety of everyday life and are in turn mediated by both macro structures (political, economic, and legal)
and micro processes (such as perception and choice). Therefore, neighbourhoods need effective policy
intervention, both those aimed at enrichment (“place-based”) as well that those that encourage

integration (“person-based”), described as a hybrid approach (Imbroscio, 2011; Sampson, 2018).



2.2. NON-SPATIAL INCOME INEQUALITY

Cities with more equal income distribution perform better, both economically and socially (OECD, 2016;
Wilkinson & Pickett, 2009). Higher levels of income inequality are also highly correlated with lower
intergenerational mobility, a phenomenon known as the “Great Gatsby Curve” (OECD, 2016). This curve
is attributed to the fact that parents, relatives, and community members make greater investments in the
capabilities of their children to provide them with skills that pay off in the labour market. In this sense,
inequality encompasses both income and access to opportunity. Further, factors other than employment
income limit or enable economic mobility and thus indirectly impact income inequality. These factors are
related to how households spend or invest the income they receive (Procyk, 2014), such as the cost of

shelter, and are influenced by local, regional, and national policies.

Though the number of people in absolute poverty has decreased, income inequality in OECD countries
(which are mostly high-income economies) has risen steadily for the past half century (OECD, 2018). This
trend is what likely led Barrack Obama to declare that inequality, and with it the lack of economic mobility,

was “the defining challenge of our time” (Yglesias, 2015).

In Canadian cities, income inequality has increased since the late 1980s, with the most dramatic increase
occurring in the 1990s (Hulchanski, 2018; Walks, 2013). The Organization for Economic Cooperation and
Development (OECD) found that Canada experienced the second largest increase in inequality of its
member countries between the mid-1990s and mid-2000s, as measured by the Gini coefficient (OECD,
2008). This is a similar trend as seen in the Unites States (US), albeit almost a decade later than when they

saw their greatest increases in inequality (Reardon & Bischcoff, 2011).

The high levels of economic growth in Toronto in the last few decades have benefited some more than
others. Although income inequality has stabilized in the Toronto region since 2001 (Hulchanski, 2018), it
is still “the income inequality capital of Canada” (Dinca-Panaitescu et al., 2017, p. 4), exhibiting the largest

gap between rich and poor households of all major Canadian cities.

The unequal distribution of income has negative impacts on individuals (Wilkinson & Pickett, 2018) and
on society (Wilkinson & Pickett, 2009). Wilkinson and Pickett, social epidemiologists, provide evidence
that “inequality promotes strategies that more self-interested, less affiliative, often highly antisocial, more
stressful, and likely to give rise to higher levels of violence, poorer community relations, and worse health”
(2005, p.22). High levels of income inequality have also been found to undermine democratic practices by

concentrating political and economic influence among elites (Glaeser et al., 2002). Thus, the negative



impacts can be perpetuating; as income inequality rises, access to opportunity decreases (Dinca-

Panaitescu et al., 2017).

Income inequality has a spatial dimension as well: it manifests both among and within countries,
provinces, regions, cities, and neighbourhoods (United Nations, 2015; Walks, 2013). The United Way
Toronto, in partnership with the Neighbourhood Change Research Partnership, suggest that as income
inequality grows, the neighbourhood one lives increasingly matters for intergenerational economic
mobility (Dinca-Panaitescu et al., 2017). Therefore, it is important to understand how inequality and

segregation are expressed in Toronto.

2.3.  INCOME SEGREGATION

Spatial income inequality, or segregation, has also increased since the 1980s (Fong & Shibuya, 2000;
Hulchanski, 2007). The income gap between the wealthiest and the poorest census tract in Toronto went
from four times to fourteen times between 1950 and 1985 (Fong & Shibuya, 2000). As well, Toronto’s low-
income neighbourhoods have lower average incomes than low-income neighbourhoods in cities with
slower-growth and wealth generation, as well as some of the highest income neighbourhoods among
cities in Canada (Murdie, 2013). Furthermore, Toronto exhibits one of the highest levels of spatial sorting

by income among Canada’s largest urban areas (Walks, 2013).

2.3.1. PATTERNS OF SEGREGATION

Hulchanski’s three cities (2007) describes segregation trends in the Toronto region. Between 1970 and
2015, census tracts with low average household incomes, referred to as City 3, moved from the core of
the city to the edges of the inner suburbs, while census tracts with high average household incomes
moved into the centre of the city and remained close to subway lines (Hulchanski, 2007). Income
differentiation among households has been highest in neighbourhoods close to the centre of the city since

the 1970s (Walks, 2013).

Segregation varies along two dimensions: 1) the extent to which one socioeconomic group is isolated from

other socioeconomic households, and 2) the scale at which segregation manifests.



2.3.1.1. SEGREGATION OF POVERTY AND SEGREGATION OF AFFLUENCE

The segregation of poverty and of affluence is the extent to which one socioeconomic group is isolated
from households of other groups. This form of segregation matters since some families are more

vulnerable to neighbourhood effects than others.

Poor households’ social ties tend to be more localized and are therefore more likely to be impacted by
the characteristics of their neighbourhood environment, in relation to wealthy households whom are
more likely to have resources and networks outside of their neighbourhood (Ellen and Turner, 1997).
Further, poor individuals are more isolated as measured by the number of unique neighbourhoods visited

on average, a proxy for the extent of one’s network (Sampson, 2018).

Rather than an outcome of income inequality, the segregation of poverty is a suspected consequence
housing policy (Reardon & Bischoff, 2011). Instead, income inequality appears much more strongly linked
to the segregation of affluence (Reardon & Bischoff, 2011), as much of the rise in socio-spatial inequality
is driven by wealthy households sorting themselves into high-income neighbourhoods, rather than poor
households sorting into low-income neighbourhoods (Walks, 2013). The segregation of affluence (“rich
enclaves”) creates significant problems, including fractured politics and concentrated negative social

outcomes (Lens & Monkkonen, 2016).

The level of segregation among high-income households is higher than that of low-income households in
urban areas in the US (Reardon & Bischoff, 2011). A similar pattern was found in Murdie et al.’s (2013)
study of demographic clusters in Canada’s largest metropolitan areas. The “affluent” cluster made up the
largest of the fifteen clusters found in Toronto in 2005. In a follow up paper describing the spatial change
patterns of neighbourhoods, “central city elite enforcement” made up the second largest cluster in the

city (Murdie et al., 2014).

2.3.1.2. GEOGRAPHIC SCALE

The scale at which income segregation manifests within an urban area also varies. These scales impact
the tax base and thus the quality of services available to residents differently (Reardon & Bischoff, 2011).
As well, understanding residential segregation patterns at multiple levels could help planners and policy

makers develop more appropriate interventions for integration (Arcaya, 2018).



Intra-neighbourhood income inequality defines the micro-scale. Overall, household income segregation
has grown both among different neighbourhoods within in CMA as well as among households within the
same neighbourhood (Walks, 2013). This is due to the gentrification of older central city areas and the
movement of lower-income households into previously homogenous suburban neighbourhoods (Walks,

2013).

As with the segregation of poverty, income inequality is not responsible for patterns of small-scale
segregation (Reardon & Bischoff, 2011), such as those resulting from the gentrification of urban
neighbourhoods that are adjacent to poorer, non-gentrifying neighbourhoods. It's suggested that
neighbourhood level inequality captures the process of active household sorting and shorter-term income
changes occurring through labour market shifts or changes in government assistance, rather than the

result of municipal policies (Walks, 2013).

Almost all income segregation found in US urban areas is at the inter-neighbourhood, macro-scale
(Reardon & Bischoff, 2011). Macro-scale segregation may reduce the likelihood that wealthy residents
will have social or casual contact with lower-income residents, thereby making them less willing to invest
in metro-wide public resources that would benefit residents of all income levels. Further, it allows for less
opportunities for disadvantaged families to benefit from the local spillover of public goods (Bischoff &
Reardon, 2011), and potentially for the lower numbers of neighbourhoods visited by poor individuals in a

city (Sampson, 2018).

The trends found in the US are somewhat replicated in the Toronto region. Income segregation between
municipalities in the CMA increased between 1980 and 2005, and again appear to be more linked to the

segregation of higher-income households rather than that of lower-income households (Walks, 2013).

2.3.2. RELATIONSHIP BETWEEN INEQUALITY AND SEGREGATION

There is a robust relationship between income inequality and income segregation (Reardon & Bischoff,
2011; Walks, 2013; Watson, 2009). Research by Reardon and Bischoff (2011) found that inequality can
explain between about half and two-thirds of the variation in segregation in US metropolitan areas, with
the effects stronger in larger areas. Checking for reverse causation, they found that segregation explains

only about one-fifth of the variation in income inequality, showing a small feedback loop.



While income segregation somewhat feeds back into greater income inequality, it more likely leads to
inequality in social outcomes, even more so than the differences in income would predict. There is
credible evidence that segregation, particularly concentrated disadvantage, has causal consequences for
individuals’ income and educational attainment potential, health, and political outcomes (Mayer, 2000;

Quillian, 2007; Reardon & Bischoff, 2011; Sampson, 2018).

High levels of inequality within small spatial units, such as a census tract, are not interpreted in the same
negative light as income inequality within larger spatial units, such as a census metropolitan area. Intra-
neighbourhood inequality must be interpreted in relation to the overall trends in income inequality at
larger scales. Between 1970 and 2005, overall household income inequality grew faster than intra-
neighbourhood inequality in Canada’s major cities, even as inter-neighbourhood income segregation grew
(Walks, 2013). Thus, the income inequality growth was not reflected within neighbourhoods. As well,
segregation was macro-scale in nature, with socio-economic classes living further apart at the same time

that certain neighbourhoods became more homogenous.

While segregation between neighbourhoods is mostly due to underlying increases in inequality at the
metropolitan-area level (and thus to labour market shifts), a small proportion of the changes are explained
by the active sorting of families (Chen et al., 2012). Sorting occurs as households move to different locales
based on the local taxes and level of services offered, also known as the Tiebout hypothesis (Tiebout,
1956). Fong and Shibuya (2000) refer to this form of sorting as economic segregation wherein households
choose their residential location based on the basket of economic prices and goods offered. This is
different from the segregation of poor people, which occurs for reasons other than local economic policy.
They found that little of the spatial separation of low-income households in Canadian cities is due to the
Tiebout hypothesis, as a result of progressive taxation policies that aim to more evenly distribute
resources (Fong & Shibuya, 2000), including the funding and provision of public amenities, particularly

educational facilities. Regardless, considerable segregation of poverty is still occurring in Canadian cities.

Apart from concentrated poverty and forced separation, though, it is unclear whether active sorting into
neighbourhoods with like-households has positive or negative effects on well-being (Walks, 2013). More
homogenous neighbourhoods might encourage stronger social networks (Goetz & Chapple, 2010) or they
might perpetuate structural inequality (Sampson, 2018). Though mixed-income neighbourhoods are a

policy objective in many Canadian cities, in the absence of large variations in service quality income



segregation may have less deleterious effects than in US cities. But although people may “choose their

neighbourhoods, ... it'’s money that buys choice (Hulchanski, 2007, p. 19).

2.4.  OTHER FACTORS INFLUENCE ON INCOME SEGREGATION

As income inequality accounts for about fifty to sixty-six percent of the variation in income segregation
(Reardon & Bischoff, 2011), there are other factors at play impacting income segregation. The following
reviews the relationships between income segregation and other local variables from previous literature

to inform the study of how these factors in turn influence intra-neighbourhood segregation.

2.4.1. HOUSING

Many studies have linked land-use regulations and certain housing policies to socio-spatial inequality,
both at the micro and macro scale (Fong & Shibuya, 2000; Ganong & Shoag, 2015; Hulchanski, 2007; Lens
& Monkkonen, 2016; Reardon & Bischoff, 2011; Saiz, 2010). Reardon & Bischoff (2011) even suspect that

housing policies drive the segregation of poverty more so than income inequality.

It is not clear how much income segregation occurs de facto, due to individual household preferences and
active sorting, and how much occurs de jure, sanctioned by law and government structures, such as
through exclusive zoning practices. Evidence suggests, however, that at least a portion of income
segregation is due to local regulations (Fong & Shibuya, 2000; Ganong & Shoag, 2015; Hulchanski, 2007;
Lens & Monkkonen, 2016; Reardon & Bischoff, 2011; Saiz, 2010). The two are not necessarily mutually
exclusive; voters may prefer policies that enforce such regulations. And while segregation in practice (de

facto) is the result of household choices, segregation by law can be remedied.

At the city level, tight land-use and housing regulations result in less regional income divergence and
greater inequality between urban areas in the US as fewer lower-income households migrate to
productive urban regions (Ganong & Shoag, 2015). This process occurs whereby tight housing regulations
decrease supply (Saiz, 2010), and because higher income households are able to outbid lower-income
households for housing (with the strength of the effect increasing with higher levels of income inequality)
(Reardon & Bischoff, 2011) those higher incomes are capitalized into housing prices, increasing the overall
price of housing and making housing more out-of-reach for lower income households, thereby

perpetuating inequality and segregation (Ganong & Shoag, 2015). Ganong and Shoag (2015) argue that
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land use restrictions have limited access to productive cities and their amenities for less skilled workers

and lower-income households.

At the neighbourhood level, zoning laws that limit where social housing may exist, that prohibit
multifamily housing or a mix of housing types, that require minimum lot sizes, and that place excessive
restrictions on density have been shown to aggravate income segregation, particularly the segregation of
affluence (Goetz & Chapple, 2010; Lens & Monkkonen, 2016; Reardon & Bischoff, 2011). This occurs by

increasing the exclusivity of neighbourhoods, rendering them inaccessible to lower-income households.

Housing regulation and policies also impact the level of (re)development in a city, tenure mix, built form
and housing type, population density, and housing values, which in turn impacts housing costs (Fong &

Shibuya, 2000; Hulchansi, 2007; Walks, 2013).

Homeownership is a policy objective in both Canada and the US to help lower and middle-income
households accumulate wealth. However, wealth inequality is still greater than income inequality in both
countries (Chetty & Hendren, 2018; Walks, 2013). Housing is an “inferior” good, such that within a labour
market, low-skilled workers spend a disproportionate share of theirincome on it (Ganong & Shoag, 2015).
In expensive housing markets, such workers are less able to afford the purchase of a home, and receive
below average returns when they do, after adjusting for maintenance and operating costs. Thus, housing
prices impact the degree to which lower-income households have access to this means of wealth-

generation, as well as the degree of neighbourhood stability or change (Hulchanski, 2007).

Higher levels of redevelopment, particularly in suburban areas, has led to greater spatial separation of the
poor in American cities (Fong & Shibuya, 2000). New development tends to attract middle and upper-
income households, while poor households are left in areas with little new investment or in older
neighbourhoods. In Canadian cities, due to the relatively higher quality of public services and amenities,
property values remain high and thus attract wealthy households to older housing units in older city
centres (Fong & Shibuya, 2000). New development in these central areas, however, may lead to greater
spatial separation of the poor if they are displaced from such development. Uneven development is
therefore another potential cause of spatial income inequality, as poor households have more limited

access to both new (suburban) and redeveloped (gentrifying) land.
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2.4.2. LABOUR AND HUMAN CAPITAL

Shifts in labour market trends has led to greater income inequality and segregation at the macro scale
(Ganong & Shoag, 2015; Walks, 2013). The nature of work has changed in the previous few decades, with
an increased demand for highly-skilled and technology-based occupations at the same time as more jobs
have become precarious - insecure, temporary, and without benefits (Ganong & Shoag, 2015; Hulchanski,

2007).

The wage differentials between occupational groups have increased (Walks, 2013). As well, there has been
increased skill sorting among American cities, as skilled workers move to higher cost and more productive
areas, while unskilled workers move out or stay in less productive cities (Ganong & Shoag, 2015).
Migration used to be directed towards highly productive regions; however, the shift to skill sorting has
weakened human capital convergence, widened the gap between incomes, and contributed to macro-

scale spatial income inequality (Ganong & Shoag, 2015).

2.4.3. DEMOGRAPHICS — RACE, ETHNICITY, AND MIGRATION STATUS

There is a strong relationship between income segregation and racial and ethnic segregation as racialized
communities are more likely to have lower incomes. Historically, the presence of low-income, racialized
households ignited fear of declining property values in middle and upper-class white neighbourhoods

(Rothstein, 2017).

Income segregation is correlated with racial and ethnic separation in both American and Canadian cities
(Chetty & Hendren, 2018; Fong & Shibuya, 2000; Hulchanski, 2018; Reardon & Bischoff, 2011; Sampson,
2018; Walks & Bourne, 2006) and intergenerational racial economic mobility remains low (Sampson,
2018). Using quasi-experimental evidence, Chetty and Hendren (2018) determined that environmental

conditions during childhood have causal effects on racial disparities.

In Canadian cities in the 1990s, both poor Asian and poor black Canadians were found to be moderately
segregated from white Canadians, with poor black Canadians disproportionately more likely to be living
in poor neighbourhoods (Fong & Shibuya, 2000). Racial and ethnic segregation has significant effects on
the spatial separation of poor households, especially among black residents, who are more likely than
other racial groups to be low-income (Fong & Shibuya, 2000, p. 450). Further, high-poverty

neighbourhoods tend to be more racially diverse, while neighbourhoods with high concentrations of a
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single visible minority group typically have higher incomes and lower levels of poverty (Walks & Bourne,
2006). In the Toronto region, visible minority and white populations are increasingly segregated, both

within and between census tracts (Hulchanski, 2018).

Patterns of income segregation differ by race and ethnicity (Reardon & Bischoff, 2011). For instance, since
1980, income segregation among black families in the US was found to be higher than among white
families, with the effect higher on the segregation of affluence (Reardon & Bischoff, 2011). While poor
individuals, regardless of race, face greater isolation (based on the number of unique neighbourhoods
visited), non-poor African-Americans and Hispanics were also found to visit less “neighbourhoods of
opportunity” (Sampson, 2018). Thus, racial segregation not only manifests in where people live but also
where they travel throughout the city and to whom they are exposed. As well, racial segregation in the
US was found to predominantly occur at the meso, census-tract level, rather than at the macro-scale
across urban regions (Arcaya, 2018). Finally, the significance of redevelopment in Canadian cities on the
increased segregation of poor households was found to apply only to black Canadians, whom are more

vulnerable to changes in their residential environment (Fong & Shibuya, 2000).

2.5. KNOWLEDGE GAP AND THEORETICAL FRAMEWORK

Previous studies either offer a more descriptive picture of income segregation in the Toronto region or an
empirical analysis of the impact of a specific aspect on income segregation, mostly in the US. There is a
lack of up-to-date knowledge of the various factors which influence income segregation in the Toronto

CMA.

Further, most studies use point-in-time data, which have a lot of shortcomings and lack the important
insights that longitudinal analyses offer (Ellen & Turner, 1997; Fong & Shibuya 2000), such as the ability
to test predictions. Moreover, most extant literature lacks analysis at multiple scales, which are important
for understanding how geographic levels contribute to segregation in a region (Arcaya, 2018). To address
these opportunities, this study describes the trends and current conditions of income inequality in the
Toronto region at three different scales and examines the linkages between various neighbourhood
characteristics on income segregation. By controlling for location effects, year effects, and overall regional
trends, it uncovers the conditions that are likely to lead to either homogenous or more income-diverse

neighbourhoods.
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Based on previous literature, it is predicted that both income inequality and income segregation have
increased in the Toronto CMA since 1985. Further, it is assumed that the region is not unlike cities in the
US, and therefore that differences in housing, labour, and demographic characteristics influence the

degree to which segregation manifests at the neighbourhood scale.
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3 DATA

The data for this study comes from Statistics Canada’s 1986, 1996, 2006, and 2016 Census of Population,
a common data source for studies of this kind in Canada (Fong & Shibuya, 2000; Hulchanski, 2007; Walks,
2013). The profiles provide information on the labour market conditions, neighbourhood qualities,

housing costs, and socioeconomic characteristics of census tracts within the Toronto CMA.

3.1.  SPATIAL UNITS

Toronto represents the largest metropolitan area in Canada. The Toronto CMA, rather than the

) u

municipality, more accurately represents residents’ “commuting zone” and is common in studies that
consider labour and housing markets (Hulchanski, 2007; Murdie et al., 2013, 2014; Reardon & Bischoff,
2011; Walks, 2013). It thus does not explicitly take into consideration differences in municipalities’ local

policies that affect residential patterns, such as zoning regulations and land-use controls.

Further, the CMA is analyzed, rather than the Greater Toronto Area (GTA), due to the much greater ease
of accessing data. Therefore, the City of Burlington and much of Durham Region are excluded from the
study (see Figure 1). Ideally, the study would include census tracts from the Oshawa, Barrie, and Hamilton
CMAs, as individuals are increasingly making longer commutes to access employment. However, the

boundaries of these CMAs have changed even more so than Toronto’s over time.
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Figure 1: Comparison of Toronto Census Metropolitan Area and the Greater Toronto Area
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Census tracts are commonly used as a proxy for neighbourhoods (Fong & Shibuya, 2000; Hulchanski, 2007;
Murdie et al., 2013, 2014; Walks, 2013), due to their relative size (about 4,000 people on average) and
availability of data. Dissemination areas are smaller (between 400 and 700 people), however they have
high data suppression rates and fewer publicly available variables. Ellen and Turner (1997) study
phenomena at the school division level, which are larger than census tracts. This could be significant as
socialization and peer influences are two mechanisms through which researchers believe neighbourhood
effects children’s outcomes (Chetty & Hendren, 2018; Ellen & Turner, 1997; Sampson, 2018), particularly
in the US due to their alternative method for funding education. In Canada, school districts are less
common in studies, are predicted to have less of an effect, and are more difficult to aggregate data than

are census tracts.

While census tract boundaries mean nothing to most residents and don’t “fully capture the reality of
neighbourhood activity spaces” (Walks, 2013, p.23), they are nonetheless the most commonly used and
comparable small spatial unit available. The total number of census tracts in the Toronto CMA was 732 in

1985; 809 in 1995; 999 in 2005; and 1,151 in 2015, for a total of 3,691 observations.
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3.2.  TIME PERIODS

This study analyzes the change in income inequality and segregation over a 30-year period, from 1985 to
2015, the most recent year for which census data are available. The reasons for the selection of 1985 as
the initial year are: 1) it enables even 10-year study periods up until the most recent census; 2) there are
enough comparable variables for each census year; 3) the CMA boundaries are sufficiently comparable to
2015, except for a couple tracts near Barrie; and 4) it precedes many of the major shifts in the labour

market and in ethnic composition (Murdie et al., 2014).

Census tracts in years prior to 2015 are linked to 2015 tracts through apportionment tables created by
Allen and Taylor in 2018 to help researchers better measure neighbourhood change. The crosswalk tables
in the newly created Canadian Longitudinal Tract Database (CLTD) account for population density and land
use to link boundary identifiers between years using a set of apportionment weights (Allen & Taylor,

2018).

This Canadian crosswalk database provides much more precision and allows one-to-one census tract
comparisons. Previous studies in Canada relied on courser methodologies to match census tracts between
years, such as evenly splitting or averaging values in census tracts that were split over time and dropping

“orphan” tracts (Hulchanski, 2007; Murdie et al., 2014).

3.3.  VARIABLE SELECTION AND DEFINITIONS

The hypothesized relationships between various neighbourhood characteristics and income segregation,
in particular that proxies for high dwelling values are correlated with greater levels of intra-
neighbourhood segregation, are based on previous analyses conducted in Canada and the US. The study

began with 31 variables and was narrowed to 14 by examining the collinearity between the 31 variables.

Income and Inequality. Before-tax total household income is used as the income measure. “Total income”
includes market income, government transfers, and investment income, and is therefore a better
indicator of purchasing power than employment income, which only makes up about two-thirds of total
income (Walks, 2013). While after-tax income data is preferable because changes in taxation on the level
of inequality would be considered (Walks, 2013), only before-tax income data is available before 2000.

The same basic pattern of rising income inequality is true whether looking at before- or after-tax income

17



(Walks, 2013), though, and before-tax income measures are common in studies of this kind (Chetty &

Hendren, 2018; Hulchanski, 2007; Walks, 2013).

Finally, income is measured at the household, rather than the family level for three reasons: 1) households
represent the primary residential and spending unit (Bourne, 1993; Reardon & Bischoff, 2011) and
consumption capacity (Walks, 2013); 2) therefore, they more accurately provide “information on how
individuals might pool resources” to access housing and other goods and services (Walks, 2013, p. 22);
and 3) the location choices and barriers to household mobility largely determine the extent and pattern

of income segregation by neighbourhood (Walks, 2013).

Other researchers, including many Statistics Canada reports, use family income (Chetty & Hendren, 2018;
Reardon & Bischoff, 2011) and some use individual income (Hulchanski, 2007). While segregation by
family income and by household income are highly correlated (Reardon & Bischoff, 2011), non-family
households represent about 30% of households (Statistics Canada, 2006, 2016), and thus family income

measures leave out a significant proportion of the population.

Household income bins are used to compute the Gini coefficient for each census tract (see methodology

section), which is then used as the dependent variable in the regressions.

3.3.1. EXPLANATORY VARIABLES

Dwelling Value. The average value of dwellings within census tracts is used as a proxy for housing costs.
Dwelling values are adjusted for inflation to 2015 Canadian dollars, using Statistics Canada’s consumer
price index (CPI), less shelter costs, in order to provide a consistent measure of purchasing power over
time. Additionally, values are logged to normalize their distribution. Hulchanski (2007) believes that the
presence of more affordable housing may be one way to address income segregation, and that the price
of housing is a key determinant of neighbourhood stability or change. Therefore, this variable aims to

measure the extent to which housing costs have impacted income segregation in the region since 1985.

Rate of Development. The proportion of new housing units, those built within the five years preceding
each census, is used as a proxy for urban development and renewal. Extensive redevelopment is thought
to be positively related to the spatial separation of the poor (Fong & Shibuya, 2000). This variable thus
aims to measure whether increased development leads to greater income mixing, through gentrification,

or to greater economic homogenization within census tracts.
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Dwelling Vintage. In many cities, particularly in the US, lower-income households inhabit older housing
units than do higher income households (Fong & Shibuya, 2000), though this has not been the case in
Toronto’s central city (Fong & Shibuya, 2000). The proportion of housing units constructed before 1960
measures the extent to which the pattern holds in areas outside of the core of the city. Hulchanski (2007)
found that City 1, defined as census tracts with a high average household income, has a much higher
proportion of its housing units built before 1946. Dwelling units constructed before 1946 would be a more

appropriate and informative vintage measure, however this variable is not available in the 2016 census.

Tenure. There is greater wealth than income inequality (Chetty & Hendren, 2018; Walks, 2013), and
homeownership is one way for households to build wealth. In Canadian cities, renter households are much
more likely to be low-income (CANCEA & CUI, 2019) and to spend a greater proportion of their income on
housing costs (Hulchanski, 2007) than are households which own their homes. Renters are also more
prevalent in Hulchanski’s (2007) City 3. The proportion of households which own their dwellings measures

the extent to which tenure mix drives income segregation in the region.

Built Form Type and Density. Housing policies that regulate built form and density impacts income
segregation in US cities (Ganong & Shoag, 2015; Lens & Monkkonen, 2016; Reardon & Bischoff, 2011; Saiz,
2010). Census tracts’ proportion of single-detached housing units, the proportion of apartments with
more than five storeys within a census tract, and population density are proxies for density and for the
potential existence of restrictive housing policies. The former two measure the extent to which built form
impacts micro-scale segregation. The latter measures the extent to which density impacts the

homogeneity or heterogeneity of census tracts.

Labour and Human Capital. The employment rate is often used both as a proxy for neighbourhood
conditions and as an outcome measure (Chetty & Hendren, 2018; Ellen & Turner, 1997). The following
two variables are included: 1) the unemployment rate, constructed as the proportion of individuals in the
labour force without employment; and 2) the proportion of “blue collar” workers, which includes those
employed in manufacturing, construction, transportation, utilities, trades, or processing (Hulchanski,
2007). These variables measure the extent to which labour conditions and the skills of residents drive

income segregation.

Race and Ethnicity. The following racial and ethnic groups are included in the analysis: black, Asian, and
South Asian. The proportion of individuals in these groups within each census tract measures the extent

to which the presence of racialized minorities drives income segregation. Many other studies, particularly
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those looking at US cities, also include Hispanic individuals in comparisons of income inequality and
segregation (Currie, 2011; Fong & Shibuya, 2000; Reardon & Bischoff, 2011; Sampson, 2018). However,
the information is not included in the 1986 census and has too few cases within each census tract to be

informative.

Migration Status. The proportion of immigrants measures the extent to which Canadian newcomers
impact income segregation. The proportion of residents in a census tract who moved in the five years
preceding the census in question is a proxy estimate for net migration (Danong & Shoag, 2013). Like the
rate of development, the variable measures the extent to which resident stability or change effects

income segregation at the micro-scale.
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4 METHODOLOGY

This paper verifies previous descriptions of the spatial and temporal trends in income inequality and
segregation in the Toronto region since 1985 (Fong & Shibuya, 2000; Hulchanski, 2018; Walks, 2013) using
more robust measurement techniques. The combination of both multiple geographic scales and temporal
changes reveals trends in how segregation has evolved in different places over time (Arcaya, 2018). A
closer look at intra-neighbourhood trends answers the following: what various neighbourhood level

factors are significant in explaining variations in micro-scale income segregation?

The analysis includes three major steps: 1) descriptive mapping; 2) descriptive statistics at multiple
geographic scales; and 3) multivariate analysis, using ordinary linear regression (OLS) and fixed-effects
models. It describes the patterns, trends, and changes that have occurred in the Toronto CMA since 1985,
as well as determines how much of the variation in income segregation within census tracts is due to

various neighbourhood characteristics.

The data are analyzed at three scales. First, non-spatial inequality is measured using household income
bins for the entire CMA. Second, inequality between neighbourhoods in the CMA is measured using
census tracts as the unit of analysis. Third, inequality within neighbourhoods is measured using household
income bins. This study examines how income inequality and segregation at all three scales has changed
over time. This multi-scalar approach examines how segregation occurs at different geographic levels in

the Toronto CMA (Arcaya, 2018).

This project uses R programming language, RStudio (R Core Team, 2018) for data management,

processing, and statistics, and ArcGIS software (ESRI, 2018) to produce maps and perform spatial analysis.

4.1.  GINI COEFFICIENT

The Gini coefficient is calculated at two scales to measure both non-spatial and spatial income inequality.
The Gini coefficient is a ratio measure of the deviation from an absolutely equal income distribution
(Hulchanski, 2018), as shown in Figure 2. It is the most commonly used measurement of inequality and is

the best measure to capture shifts in both inequality and segregation (Walks, 2013).
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Figure 2: The Gini Coefficient’s Lorenz Curve and Line of Perfect Equality
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A Gini coefficient value of 0 represents perfect income equality, where all households receive the same
income, while a value of 1 represents complete inequality, where one household captures all the income
and leaves all other households with nothing. Therefore, the higher the Gini coefficient, the greater the
inequality. In reality, Gini coefficients usually range from a low of about 0.24 to a high of about 0.62 among
OECD countries, with most countries falling below 0.4 (OECD, 2019). Canada’s overall Gini coefficient was

0.31in 2016 (OECD, 2019).

The equation to estimate the Gini coefficient is:

n—1
Z |%;Yis1 — Xiv1Yil
i=1

where, x; represents the cumulative proportion of the population in census tract (or CMA) i, using
population weights from income bins, and y; represents the cumulative proportion of household income

in census tract (or CMA) i.
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4.2. MEASURING OVERALL INCOME INEQUALITY

The Gini coefficient is first used to calculate non-spatial income inequality for each year, using household
income bins for the entire Toronto CMA. The ratios are used to verify previous findings regarding income
inequality trends in the region, and to interpret neighbourhood level Gini coefficient values, as changes
in micro-scale inequality can only be interpreted in relation to the overall changes in income inequality at

the regional scale (Walks, 2013).

4.3. MEASURING AND MAPPING INCOME SEGREGATION

Segregation can exist at several levels simultaneously. Spatial income inequality is measured both among

neighbourhoods within the Toronto CMA and among households within each census tract in the region.

Neighbourhood segregation is first calculated through a cluster and outlier analysis using Anselin Local
Moran’s | statistic in ArcMap. Moran’s | measures the extent that similar income levels cluster and
determines the degree of similarity between nearby census tracts. The resulting z-scores reveal the
statistically significant clusters and census tract outliers, at a 95% confidence level. High positive z-scores
produce the following cluster types: 1) high-income tracts surrounded by other high-income tracts and 2)
low-income tracts surrounded by other low-income tracts. High negative z-scores produce the following
outlier types: 3) high-income tracts surrounded by low income tracts and 4) low-income tracts surrounded

by high income tracts. Low z-scores represent census tracts that are not significantly clustered.

Like Hulchanski’s (2007) study, this measure uses the average income of each census tract to estimate the
degree of neighbourhood spatial segregation. This measure aims to both verify the previous patterns
found as well as provide a more robust and statistically significant measure of neighbourhood income

clustering within the Toronto CMA.

While many studies have looked at income inequality among census tracts (Fong & Shibuya, 2000;
Hulchanski, 2007) not many have not looked at income inequality within census tracts. The Gini coefficient
is calculated using household income bins within each census tract to measure intra-neighbourhood
inequality. This measure of micro-scale inequality captures the degree of class homogeneity in each

census tract. This provides more detail about changes in income segregation in the region.

Gini coefficients at the neighbourhood level are not interpreted in the same way as they are at larger

geographic scales, such as the region or country. Low Gini coefficients at larger scales represent more
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equal societies, while at the micro-scale can be an indication of class concentration. Likewise, high Gini
coefficients at macro-scales represent more unequal societies, while at the neighbourhood level may
either represent class integration, an aim of “mixed-income community” policies, or may be indicative of

increased income polarization or gentrification in a neighbourhood.

The Neighbourhood Sorting Index (NSI), developed by Kim and Jargowsky (2005), gives a relative measure
of the inequality one would expect in each census tract, based on the overall level of inequality in the
CMA. The NSl is calculated by dividing the census tract Gini coefficients (segregation) by the CMA’s overall
Gini coefficient (inequality). The result measures the level of neighbourhood sorting and “provides a
picture of the proportion of total household income inequality accounted for by differences between
neighbourhoods” (Walks, 2013, p. 51). That is, the extent to which micro-scale inequality is or is not
explained by the region’s level of inequality. An NSI below 1 indicates that the income distribution within
each census tract is less varied than the CMA, while an NSI above 1 indicates that the income distribution

within a census tract is more varied, or unequal, than the CMA as a whole.

4.4. MULTIVARIATE ANALYSIS

In addition to merely describing the trends and current level of intra-neighbourhood income inequality,
statistical analysis identifies and evaluates the influence of various neighbourhood characteristics on

micro-scale income segregation.

To account for variation in income segregation, the within census tract Gini coefficient is regressed on 14
explanatory variables including housing characteristics, labour conditions, racial and ethnic composition,

and rate of stability or change.

There are six regression specifications: 1) a baseline OLS regression with lagged variables, 2) an ordinary
least squares (OLS) pooled regression using panel data, 3) a panel regression controlling only for year
fixed-effects, 4) a panel regression controlling only for neighbourhood fixed-effects, 5) a panel regression
controlling for both neighbourhood and year fixed-effects, and 6) OLS regressions for each year in the

series to determine the significance of each variable in each year.

The OLS regression with lagged variables measures the extent to which conditions in the previous time

period influences intra-neighbourhood inequality in the following period and is used as a baseline. The
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pooled OLS regression models combines all census years into one regression but ignores unmeasured

heterogeneity inherent in the time-constant neighbourhood effects.

The equations for the baseline OLS regression using lagged variables and the pooled OLS regression,

without the fixed-effects, are:
Yie = B1Yie1 + B1Xie1 + Uit [baseline OLS regression using lagged variables]
Yie = B1Xic + Wi + uie [pooled OLS regression, without fixed-effects]

where, Yi: represents the Gini coefficient (the dependent variable) for census tract i at year t, Yic1
represents the lagged Gini coefficient for census tract i at the previous year t-1, Xi:represents the time-
variant independent variables (IV) for census tract i at the previous year t-1, wj represents the time-
invariantindependent variables (IV) in census tract i, such as distance to the downtown core, 31 represents

the coefficient for the IVs, and uicrepresents the unobserved errors.

4.4.1. CONTROLLING FOR BIAS USING FIXED-EFFECTS MODELS

Fixed-effects models control for confounding factors and unobserved bias, thereby removing
heterogeneity. They are commonly used in neighbourhood effects literature to control for family effects,
both observed (income, race, etc.) and unobserved, such as values (Chetty & Hendren, 2018; Ellen &
Turner, 1997), as well as in economics research to control for metropolitan-area confounding covariates

(Galster, 2012; Reardon & Bischoff, 2011; Watson, 2009; Yang & Jargowsky, 2006).

Fixed-effects are a sophisticated method for controlling for bias in non-experimental research design
(Galster, 2012), and get closer to causal, rather than merely descriptive, explanations (Chetty & Hendren,
2018; Ellen & Turner, 1997; Reardon & Bischoff, 2011). The models treat census tracts and years as sets
of dummy variables and removes the effect of their time-invariant characteristics in order to assess the
net effect of the predictors on the outcome variable, the intra-neighbourhood Gini coefficient. Thus, any
time-constant variable gets “absorbed” by the fixed effect. The equation for the entity (census tract) fixed-

effects model is:

Yic = B1Xic + ai + uje
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where, o represents an unobserved time-constant unit effect (“fixed effect”), Yi: represents the Gini
coefficient (dependent variable) for census tract i at time t, Xicrepresents the independent variables (IV),

B1represents the coefficient for the IVs, and ui:represent the unobserved errors.

The time-effects capture temporal changes that are common to all census tracts in the Toronto CMA
(Angrist & Pischke, 2015). The final regression model combines the census tract and year effects to control
for both fixed location characteristics, such as suburban effects, and overall trends in the region, including
declining household size and the strength of the economy and labour market. The equation for the time

and entity fixed-effects model is:
Yic = Bo+ BiXvic+...+ B KXkie+ Y2 E2+...4 YnEn + 62 T2 +...4 6: T + uie

where, Yiirepresents the Gini coefficient (dependent variable) for census tract i at time t, Xy it represents
the independent variables (IV), Bk represents the coefficient for the IVs, ui represents the unobserved
errors, E, represents census tract n (since they are binary there are n-1 entities included in the model,
totalling 1,150 census tracts), Y2 represents the coefficients for the binary regressors (census tracts), Tt
represents time as a binary variable (so we have t-1 time periods, totalling 3 years), and §:represents the

coefficients for the binary time regressors.

If the unobserved variable does not change over time, then any changes in the Gini coefficient can be said
to be due to influences other than these fixed characteristics. By controlling for place and time effects,
the fixed-effects regression models are able to attribute the degree to which each variable impacts the
micro-level inequality within neighbourhoods in the Toronto CMA. The hypothesis is that each of the
explanatory variables will have a significant effect on the level of household income inequality in a

neighbourhood.

4.4.72. CHECKING FOR MULTI-COLLINEARITY

When two or more predictor variables are correlated with each other in multiple regression there is
redundancy in the model, known as collinearity. Multi-collinearity, an overcounting type of bias, is the
extreme version where collinearity exists between three or more variables. For each predictor variable,
multi-collinearity can be assessed by computing the variance inflation factor (VIF), which measures how
much of the regression coefficient is inflated due to multicollinearity in the model (James et al., 2014).

The smallest VIF value is 1, representing an absence of multi-collinearity, while a VIF value that exceeds 5
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or 10 indicates a problematic amount of collinearity. The predictor variables with VIFs above 8 are not
included in the final model, since their presence indicates that the information provided is redundant in

the presence of other variables.
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5 RESULTS AND DISCUSSION

5.1. OVERALL TRENDS
In line with other research, the non-spatial Gini coefficient measure of income inequality increased
substantially between 1985 and 1995, levelled off in the early 2000s, and has risen slightly since, though
still not returning to 1995’s inequality level (Hulchanski, 2018; Walks, 2013), as shown in Figure 3. While
the overall income inequality measure describes trends in household income distribution for the region
over time, it says nothing about how inequality is expressed geographically and distributed throughout

the region.
Figure 3: Overall Non-Spatial Gini Coefficient for the Toronto CMA, 1985-2015
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5.2. INCOME SEGREGATION BETWEEN NEIGHBOURHOODS

Between 1985 and 1995, clusters of high-income neighbourhoods spread slightly throughout the 905
region, and clusters of low-income neighbourhoods spread slightly to the northwestern and northeastern
parts of the City of Toronto, as shown in Figures 3 and 4. For a comparison of the data using original census

tract boundaries, before apportioned with the crosswalk table, see Appendix A.
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Figure 4: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 1985

Household Income Cluster
and Outlier Types

- High Income Cluster
High Income Outlier
Low Income Outlier

- Low Income Cluster

Not Significant

No Data

Subway (2018)

Figure 5: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 1995
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In 2005, the remaining clusters of high-income neighbourhoods were located in a few pockets in the outer
suburbs, and along the Yonge subway line, north of Bloor (see Figure 6). At the same time, many of the
clusters of low-income neighbourhoods moved out of the downtown core, apart from the areas in and
around Parkdale. Most of the low-income clusters at this time were located in Scarborough, the northwest

of the City of Toronto, and parts of Peel Region, including Brampton.

Figure 6: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 2005
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The clusters of high-income neighbourhoods along the Yonge subway line, around the High Park subway
station, and in the south part of Halton Region, including Oakville, appear to be reinforced in 2015, while
the high-income clusters in the northern part of the CMA lost significance in 2015 (see Figure 7). The
clusters of low-income neighbourhoods, on the other hand, expanded in the Peel Region and in the
eastern and northwestern parts of the City of Toronto, while the low-income cluster around Parkdale lost

significance.
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Figure 7: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 2015
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The period with the highest levels of spatial clustering by neighbourhood was in 1995 and the lowest
levels was in 2005 (see Figure 8). However, this study does not account for the possibility of polarization.
High polarization signals that household incomes are in the extremes and that the middle class is
hollowing out. Gentrification in the core could lead to this scenario, resulting in medium average incomes
and masking inequality trends at the micro-scale. Walks (2013) found intra-neighbourhood income

polarization increased between 1970 and 2005 in Toronto.

Figure 8: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 1985 — 2015
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Using Anselin Local Moran’s | statistic of spatial autocorrelation, it seems that contrary to much of the
literature (Lens & Monkkonen, 2016; Reardon & Bischoff, 2011), increasing income inequality in the
Toronto CMA has not led to an increase in the segregation of affluence, based on the number of census
tracts that have high average household income values and that are surrounded by other census tracts
with high values, at least not at the macro-scale. As well, outlying neighbourhoods with high average
incomes surrounded by census tracts with low average incomes decreased substantially since 1995, while
outlying census tracts with low average incomes surrounded by census tracts with high average incomes
have increased slightly over time. This could potentially be the result of increasing gentrification of
previously lower-income, central neighbourhoods. Finally, neighbourhoods with low average household

incomes have remained relatively constant over time.

In general, most census tracts within the CMA have either not changed their cluster or outlier type or their
cluster or outlier type lost their significance since 1985 (see Figure 9). The emerging clusters of low-income
neighbourhoods are in and towards the northeast and northwest corners of the City of Toronto, including
in Scarborough, Rexdale, and Brampton. Clusters of high-income neighbourhoods emerged along the

Yonge subway line, the eastern waterfront, in and around Richmond Hill, and in and around Oakville.

Figure 9: Change in Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA,
1985- 2015
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The overall clustering of wealthy neighbourhoods, based on average household incomes, declined in the
Toronto CMA between 1985 and 2015, but the difference between the clusters that remain may be more
extreme. While Fong and Shibuya (2000) found that the income gap between the wealthiest and the
poorest census tract in Toronto went from four times to fourteen times between 1950 and 1985, the
highest average income census tract is now over 27 times the lowest average census tract income. As
shown in Figure 10, the peak in inequality among neighbourhoods occurred in 2005, when the highest

census tract was over 30 times greater than the lowest census tract.

Figure 10: Highest Income Neighbourhood as a Multiple of the Lowest Income Neighbourhood, 1985-2015
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5.3. INCOME SEGREGATION WITHIN NEIGHBOURHOODS
While the preceding shows changes in income inequality between census tracts, it does not say anything
about changes within them. For instance, it does not necessarily mean that households within
neighbourhoods have become more mixed in terms of income. It is sometimes incorrectly presumed that
census tracts are homogenous, and household income diversity within neighbourhoods is masked when

comparing averages.

Along with the greatest number of significantly clustered census tracts, the mean within-census tract Gini
coefficient was also highest in 1995 (see Figures 11 to 15). Thus, while income segregation among
neighbourhoods was widespread in 1995, there was at the same time relatively more income mixing
within them. High Gini coefficients have always been present in the central areas of the City of Toronto,
indicating much greater household income variation than in the outer suburbs. This contrasts most starkly
with the 905 region in 2015, which for the most part has become relatively homogenous in terms of

household income.
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Figure 11: Boxplot Diagram of Gini Coefficients Within Census Tracts, Toronto CMA, 1985- 2015
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Figure 12: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 1985
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Figure 13: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 1995
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Figure 15: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 2015
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Even though the Gini coefficients in the central areas of the City have remained relatively higher than
elsewhere in the region, these areas have also experienced a decline in intra-neighbourhood inequality
since 1985 (see Figure 16). The areas that have seen an increase in intra-neighbourhood inequality are
located along the outer edges of the City of Toronto, particularly in the northeast of Scarborough and

North York, as well as the southern regions of Peel and Halton.
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Figure 16: Change in Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 1985 - 2015
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5.4. NEIGHBOURHOOD SORTING

Between 1985 and 2005, the mean Gini coefficient was only slightly lower than the overall CMA Gini
coefficient at the time, signalling that the income range within census tracts closely mirrored the overall
makeup of the city (see Figure 17). Between 2005 and 2015, however, the gap between the two measures
increased substantially, potentially meaning that there has been both an increase in income

homogenization within census tracts as well as an increase in income segregation among census tracts.

Figure 17: Comparison of Overall Non-Spatial Gini Coefficient and Mean Within Census Tract Gini Coefficient for the Toronto
CMA, 1985-2015
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The high intra-neighbourhood Gini coefficients in 1995 may just be reflective of the overall high regional
Gini coefficient in the same year. The Neighbourhood Sorting Index (NSI) measures the deviance from the
CMA’s overall level of inequality for each census tract, and therefore better accounts for overall regional

changes in intra-neighbourhood income inequality (see Figures 18 to 21).

In 1985, many census tracts had a similar income distribution, as measured by the Gini coefficient,
compared to the CMA as a whole (plus or minus 0.2). Most of the neighbourhoods that had much greater
household income distributions than the CMA as a whole were located in the City of Toronto (see Figure

18).

Figure 18: Neighbourhood Sorting Index Within Census Tracts, Toronto CMA, 1985
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In 1995, many neighbourhoods’ Gini coefficients decreased in comparison to the overall CMA Gini
coefficient, though many parts of the 905 region were still within 0.2 of the CMA’s overall Gini coefficient
(see Figure 19). Thus, although intra-neighbourhood income inequality was highest in 1995, on average,

much of this can be explained by the drastic increase in the CMA’s overall income inequality.
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Figure 19: Neighbourhood Sorting Index Within Census Tracts, Toronto CMA, 1995
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The most drastic change in NSI scores occurred in 2015, when most census tracts had substantially lower
income distribution ranges than the Toronto CMA overall (see Figure 21). Further, quite a few census
tracts within the City of Toronto also exhibited more household income homogeneity than the CMA, a

departure from trends in the preceding three decades.

Figure 21: Neighbourhood Sorting Index Within Census Tracts, Toronto CMA, 2015

Census Tract Gini Coefficient
as a Proportion of the CMA Gini Coefficient

I 0.0t00.60

0.61t0 0.80
[ ] osg1to1.00
[ 101t01.20

i No Data
== Subway (2018)

The strongest evidence that neighbourhoods have become more homogenous since 1985 is that the NSI
decreased in most census tracts in the CMA (see Figure 22). Due to the fact that the rate of intra-
neighbourhood inequality is lower than the income inequality among all households in the CMA, there
has been greater sorting of households into different neighbourhoods based on socio-economic status.
Thus, although overall income inequality is high, as measured by the CMA’s Gini coefficient, the region’s

income distribution is not represented within each neighbourhood.
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Figure 22: Change in Neighbourhood Sorting Index Within Census Tracts, Toronto CMA, 1985 - 2015
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Taking together, it's found that macro-scale income segregation decreased in the Toronto CMA (as
indicated by Moran’s | statistic), while micro-scale income segregation increased (as indicated by the

within-census tract Gini coefficients) between 1985 and 2015.

5.5. REGRESSIONS

The trend of increased micro-scale income segregation within the Toronto CMA is clear. Next, this paper
examines the extent to which various neighbourhood characteristics each influence intra-neighbourhood

income inequality, as measured by the Gini coefficient within census tracts.

The cross-sectional time-series dataset, created from the census profiles for the years 1985, 1995, 2005,
and 2015 produced a balanced panel, meaning that all census tracts have data for all years. Summary

statistics reports for the variables used in the analysis are available in Appendix B.
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5.5.1. CORRECTING FOR MULTI-COLLINEARITY

Seven variables were removed because they had an unacceptably high level of multi-collinearity (a VIF
above 8) and were thus redundant and adding bias into the models. The 7 variables that were removed
are: the Moran’s Index of spatial autocorrelation z-scores, socioeconomic status, average household
income, average monthly gross rent, average monthly payments for owned dwellings, the proportion of
renter households, and the proportion of residents with a bachelors’ degree or higher. The original

regression outputs with the high-VIF variables are included in Appendix C.

5.5.2. PANEL REGRESSION MODELS

The years studied are significant and are therefore included in the final model using both census tract and
year fixed-effects. A regular pooled regression model, without controlling for any area or year fixed-effects
shows that the distance from the centre of each census tract to the downtown (as proxied by City Hall) is
significantly correlated with intra-neighbourhood income inequality. Table 1 presents the results of the

five series of regressions.

Table 1: Regression Results for 5 Panel Models

Dependent variable:

Gini Coefficient

baseline pooled fixed effects
year only census tract only two-way
(1) (2) (3) (4) (5)
Average Dwelling Value -0.115™" -0.060""" -0.047" -0.086""" -0.016™"
(0.003) (0.002) (0.002) (0.003) (0.003)
(0.009) (0.008) (0.006) (0.009) (0.005)
zzz::g:;g:gi’!i:gzo 0.039°" 0.067°" 0.068°" 0.034°" 0.105""
(0.004) (0.004) (0.003) (0.009) (0.005)
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Proportion of Owner Households

Proportion of Single-Detached
Dwellings

Proportion of Apartment
Dwellings with More than 5
Storeys

Population Density per 1,000

Unemployment Rate

Proportion of Blue-Collar Workers

Proportion of Black Canadians

Proportion of Asian Canadians

Proportion of South Asian
Canadians

Proportion of Movers in Previous
5 Years

Proportion of Immigrants

Lagged Gini Coefficient

Distance to City Hall

-0.239""

(0.008)

0.035™*"

(0.005)

-0.006

(0.006)
-0.0003
(0.0002)
-0.044
(0.040)
-0.030"
(0.018)
-0.184"*
(0.018)
-0.018"*

(0.011)

-0.166™"

(0.011)

-0.060""

(0.014)
0.189"**
(0.010)
0.063"**

(0.017)

-0.181™"

(0.007)

-0.009™"

(0.004)

-0.006

(0.005)
-0.001"**
(0.0002)
0.803"*

(0.033)
0177

(0.015)

0.025"

(0.015)
0.075™

(0.008)

-0.077"*

(0.008)

-0.007

(0.012)
0.129"**

(0.010)

-0.005""
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-0.187"*"

(0.005)

-0.015™**

(0.003)

0.021**"

(0.004)
-0.0004***
(0.0001)
0.428"
(0.028)
0.039"**
(0.011)
-0.025™*
(0.011)
0.090"**

(0.006)

-0.054™**

(0.006)

-0.067**"

(0.009)
0.071"**

(0.006)

-0.198™*

(0.012)

0.008

(0.009)

0.010

(0.010)
-0.002"**
(0.0003)
0.791***

(0.035)
-0.309""*

(0.021)
0.191***

(0.022)
0.210"**

(0.014)

-0.036™"

(0.013)

0.077**"

(0.015)
0.042"**

(0.016)

-0.161""

(0.007)

-0.026™"

(0.005)

0.071""

(0.006)
-0.0005"*
(0.0002)
0.174"
(0.022)
-0.043""*
(0.013)
-0.011
(0.013)
0.071"*

(0.008)

-0.030™"

(0.007)

0.007

(0.008)
0.142"

(0.009)



(0.002)

Distance to City Hall? 0.002™"
(0.0003)
1995 (dummy) 0.081"*"
(0.001)
2005 (dummy) 0.051""
(0.002)
2015 (dummy) -0.013™"
(0.004)
Constant 1.851"" 1.108""
(0.044) (0.033)
Observations 3,378 4,521 4,521 4,521 4,521
R2 0.754 0.741 0.815 0.575 0.873
Adjusted R? 0.752 0.741 0.814 0.428 0.829

685.130™"" (df = 807.274™*" (df = 1,415.074™" (df = 324.756"" (df = 1,359.603"*" (df =

F Statisti
atistic 15; 3362) 16; 4504) 14; 4503) 14; 3359) 17; 3356)

Note: *p<0.1; *"p<0.05; ***p<0.01

The reported R? for both the year-only and census tract-only fixed-effects models comes from “within”
regressions, as only one fixed-effects dummy variable is considered in each. The year-only fixed-effects
produces a stronger model than the census tract-only fixed-effects model. Indeed, all the years in the final
model (with 1985 as the base) are significant as covariates in explaining changes in intra-neighbourhood

income inequality.

The reported R? for both the pooled (without fixed-effects) and two-way fixed-effects models comes from
“between” regressions. After controlling for both year and census tract fixed-effects, the “between”
model improves. Thus, the final model performs best in helping predict the significance of the impact from

each neighbourhood characteristic variable on intra-neighbourhood income inequality.

Dwelling Value. For a given census tract, a 10% increase across time in a neighbourhood’s average dwelling

value results in a 0.0015 decrease in intra-neighbourhood inequality, as measured by the within-census
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tract Gini coefficient which ranges from 0 to 1. This validates Hulchanski’s (2007) prediction that the
presence of affordable housing can decrease segregation. This is intuitive, as average dwelling value
within a census tract increases, dwelling units within the neighbourhood become more unaffordable and

thus exclusionary to lower-income households.

Rate of Development. For a given census tract, a 10-percentage point increase across time in the
proportion of dwellings within a neighbourhood built in the preceding 5 years results in a 0.0019 decrease
in intra-neighbourhood inequality. Thus, Fong and Shibuya’s (2000) prediction that extensive
redevelopment leads to greater economic homogenization within census tracts is validated. However,
while they found that the relationship between urban redevelopment and the economic segregation of

the poor pertained only to Black Canadians, this model finds that the prediction holds more generally.

Dwelling Vintage. For a given census tract, a 10-percentage point increase across time in the proportion
of dwellings within a neighbourhood built before 1960 results in a 0.0105 increase in intra-neighbourhood
inequality. Thus, neighbourhoods with an older housing stock are associated with greater income mixing
among households, and because the model controlled for census tracts fixed-effects, the pattern can be

said to hold in neighbourhoods both in and outside of the downtown core.

Tenure. For a given census tract, a 10-percentage point increase across time in the proportion of
households in a neighbourhood that own their dwelling results in a 0.0161 decrease in intra-
neighbourhood inequality. Thus, the increased presence of households with wealth, as proxied by those

which own their home, is correlated with greater micro-scale segregation.

Built Form Type and Density. For a given census tract, a 10-percentage point increase across time in the
proportion single-detached dwellings in a neighbourhood results in a 0.0026 decrease in intra-
neighbourhood inequality. Like average dwelling value, the increased presence of a single-detached
dwelling unit on a property lot is significantly linked with greater household homogeneity within a
neighbourhood, likely through increasing the exclusivity of the neighbourhood for low-income

households.

Inversely, a 10-percentage point increase across time in the proportion of apartments with five or more
storeys in a neighbourhood results in a 0.0071 increase in intra-neighbourhood inequality. Thus, the
presence of higher density dwellings on property lots is correlated with greater heterogeneity of income
classes in a neighbourhood. The combination of these two variable coefficients validate previous studies

which find that built form impacts micro-scale segregation.
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Additionally, a 10-percentage point increase time in a neighbourhood’s population density, measured per
1,000 inhabitants, results in a 0.00005 decrease in intra-neighbourhood inequality, in contrast to the
previous variable. However, the effect of density on intra-neighbourhood inequality is less strong than

the effects from the dwelling type variables.

Labour and Human Capital. For a given census tract, a 10-percentage point increase across time in a
neighbourhood’s unemployment rate results in a 0.0174 increase in intra-neighbourhood inequality. This
implies that neighbourhoods with higher rates of unemployment have more heterogeneity in terms of
household incomes. On the other hand, a 10-percentage point increase in the proportion of “blue collar”
workers in a neighbourhood results in a 0.0043 decrease in intra-neighbourhood inequality. This validates
previous findings that neighbourhoods are becoming more segregated by occupation type (Ganong &

Shoag, 2015; Walks, 2013).

Race and Ethnicity. For a given census tract, a 10-percentage point increase across time in the proportion
of residents in a neighbourhood who identify as black, as East Asian, and as South Asian resultsina 0.0111
increase, a 0.0071 increase, and a 0.0030 decrease in intra-neighbourhood inequality, respectively.
However, the result for Black Canadians is not statistically significant. Thus, while the presence of
individuals of east Asian descent is indicative of more mixed-income neighbourhoods, the presence of

individuals of South Asian descent is correlated with higher levels of income homogeneity.

Migration Status. There is not a significant effect from the proportion of a neighbourhood’s residents who

have moved in the previous five years on intra-neighbourhood income inequality.

Alternatively, for a given census tract, a 10-percentage point increase across time in the proportion of
immigrants in a neighbourhood results in a 0.0142 increase in intra-neighbourhood inequality. Thus,

Canadian newcomers in the Toronto CMA are settling in relatively more mixed-income neighbourhoods.

5.5.3. OLS REGRESSIONS BY YEAR

The relationship between most of the variables and intra-neighbourhood inequality was fairly stable over
time (see Table 2). However, the proportion of newly constructed dwellings, of single-detached dwellings,
of residents of Asian descent, and of the population which had moved in the previous five years did not

have a significant impact on within-census tract income inequality in 1985. Additionally, the proportion of
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“blue collar” workers in a neighbourhood was only significant in 1995 and the proportion of Black

Canadians in a neighbourhood was not significant in 2005.

Table 2: Regression Results for Each Year Independently

Dependent variable:

Gini Coefficient

1985 1995 2005 2015
(1) (2) (3) (4)
Average Dwelling Value -0.032™*" -0.041™*" -0.048™*" -0.041™"
(0.005) (0.005) (0.005) (0.004)
E:ZS;TS°S"$;?;"’€"]”€S Constructed in -0.004 0.064" 0.076" 0.038"
(0.013) (0.011) (0.011) (0.012)
i;cg%ortion of Dwellings Constructed Before 0.090"** 0.070"* 0,064 0.048"*
(0.007) (0.006) (0.006) (0.006)
Proportion of Owner Households -0.172™" -0.204™" -0.196™" -0.187""
(0.011) (0.011) (0.010) (0.008)
Proportion of Single-Detached Dwellings 0.002 -0.025""" -0.054""" -0.023"""
(0.009) (0.007) (0.007) (0.006)
:/:gf:::g: :gf\;’rzr;"e”t Dwellings with 0.045"" 0.016" 0.021"* 0.020"**
(0.010) (0.008) (0.007) (0.006)
Population Density per 1,000 -0.001 -0.001™" -0.0003 -0.0003
(0.0004) (0.0002) (0.0002) (0.0002)
Unemployment Rate 0.727"*" 0.379™" 0.298™" 0.266™"
(0.079) (0.048) (0.059) (0.049)
Proportion of Blue-Collar Workers 0.049" -0.084™"" 0.036 0.019
(0.028) (0.023) (0.026) (0.020)
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Proportion of Black Canadians 0.239™" 0.082™" -0.020 -0.038™

(0.055) (0.025) (0.019) (0.015)
Proportion of Asian Canadians 0.043 0.097™** 0.056™*" 0.085™""
(0.027) (0.013) (0.011) (0.007)
Proportion of South Asian Canadians -0.282™" -0.126™" -0.032™" -0.042™"
(0.047) (0.018) (0.011) (0.008)
Proportion of Movers in Previous 5 Years -0.007 -0.143™" -0.163™" -0.072™"
(0.019) (0.019) (0.019) (0.016)
Proportion of Immigrants 0.140™" 0.132™* 0.120™*" 0.081™*"
(0.019) (0.016) (0.014) (0.010)
Distance to City Hall -0.004 0.0003 -0.014™" -0.007"""
(0.004) (0.003) (0.003) (0.003)
Distance to City Hall? 0.002"*" 0.002"*" 0.003"*" 0.002""
(0.001) (0.0004) (0.0004) (0.0004)
Constant 0.620""" 0.961""" 1.053"" 0.875""
(0.067) (0.068) (0.068) (0.058)
Observations 1,117 1,134 1,136 1,134
R2 0.813 0.850 0.853 0.857
Adjusted R? 0.811 0.848 0.851 0.855
Residual Std. Error 0.035 (df =1100)  0.031 (df=1117) 0.031(df=1119) 0.025 (df = 1117)
F Statistic 299.489™"" (df = 16; 394.818™" (df = 16; 407.256"" (df = 16; 417.086™"" (df = 16;
1100) 1117) 1119) 1117)
Note: *p<0.1; **p<0.05; **p<0.01

Finally, while all years perform similarly as measured by their R%, the strength of the overall regressions
increase slightly in each subsequent year. This could be contributed to the fact that intra-neighbourhood

income inequality increased in the Toronto CMA between 1985 and 2015.
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5.6. SUMMARY

After controlling for fixed-effects in the final model, the coefficients can be interpreted as the expected
change in the intra-neighbourhood Gini coefficient from a 10-percentage point change (or a 10% change
for the logged average dwelling value) in each variable over time. While the findings are particular to the
Toronto CMA, they validate findings from previous research on other cities in North America. As predicted,
an increase in the proxies for high dwelling values, including average dwelling value, newly constructed
dwellings, owner households, and single-detached dwellings, are significantly correlated with greater
levels of micro-scale segregation. In turn, these variables are significantly impacted by local land use
regulations (Fong & Shibuya, 2000; Ganong & Shoag, 2015; Hulchanski, 2007; Lens & Monkkonen, 2016;
Reardon & Bischoff, 2011; Saiz, 2010).

5.7. LIMITATIONS

While these results are further proof that built form and wealth indicators influence intra-neighbourhood
income inequality (Fong & Shibuya, 2000; Ganong & Shoag, 2015; Goetz & Chapple, 2010; Hulchanski,
2007; Lens & Monkkonen, 2016; Reardon & Bischoff, 2011), they do not show how each variable is related
to macro-scale income segregation, as well as whether they more strongly influence the segregation of
affluence or of poverty. Additionally, they do not say whether high Gini coefficients within census tracts
are due to income polarization, that is whether they only contain households at the extreme ends of the

income distribution, or due to a true mix of incomes.

Further, and more importantly, these results do not say anything about how changes in the homogeneity
or heterogeneity of household incomes impacts residents’ outcomes, such as well-being or
intergenerational mobility. Nor does it say whether increased intra-neighbourhood income homogeneity
is the result of new higher income households replacing lower income households, or the result of lower-

income households converging to outcomes of higher earning households in their neighbourhood.

At the macro-scale, this paper also does not account for whether low-income households have left the
CMA altogether for other, more affordable regions. The overall Gini coefficient for the Toronto CMA
somewhat levelled off since 2005. Thus, perhaps the increased intra-neighbourhood income

homogenization is due to the out-migration and reduced influx of lower-income households, similar to
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Ganong and Shoag’s (2015) finding that unskilled workers have been migrating away from productive

areas in the US.
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6 PROFESSIONAL IMPLICATIONS AND RECOMMENDATIONS

The increase in income inequality over the past few decades requires action from higher levels of
government, such as taxation and labour force strategies that are aimed at ensuring all segments of the
population benefit from the relative wealth and economic growth of the country. Policies to reduce
income inequality are recommended, as there is very strong evidence that greater levels of equality are
better for both society and the individuals within them (OECD, 2016; Wilkinson & Pickett, 2009; Wilkinson
& Pickett, 2018).

At the same time, this study further proves that local land use policies have significant impacts on the way
income inequality is expressed spatially. While it is not yet completely clear whether active sorting, in and
of itself, has positive or negative impacts on residents, there is strong evidence that concentrated poverty
and segregation have negative impacts on low-income households and on the perpetuation of structural
inequality (Dinca-Panaitescu et al., 2017; Glaeser et al., 2002; Lens & Monkkonen, 2016; Mayer, 2000;
Quillian, 2007; Reardon & Bischoff, 2011; Sampson, 2018). Further, the concentration of affluence and
poverty affects municipalities’ capacity for delivering services, collecting property taxes, and undertaking

redistribution programs.

Thus, while segregation by household choice is one thing, local governments and policy-makers should
limit exclusionary policies that enforce or perpetuate income segregation. Such policies create barriers

for households at the lower end of the income distribution to be able to choose their neighbourhood.

Income segregation can concentrate negative social outcomes and fracture politics (Lens & Monkkonen,
2016). Therefore, municipal and regional governments should worry about the extent to which they are
creating more such neighbourhoods. The exclusionary nature of some land-use regulations and housing
policies impact who is able to live in the city as well as where they can live in the city. Thus, the Toronto
CMA will likely see more income segregation in neighbourhoods with more exclusionary zoning

regulations and in municipalities with stricter housing policies.

The creation of mixed-income communities is a stated policy objective for both the federal government
(through Canada’s National Housing Strategy) and for the city of Toronto (in its Official Plan). However,
policies such as minimum lot sizes and the prohibition of built form diversity, as encoded in the City’s
Zoning By-Law, are directly counter to city’s stated policy objectives. The city of Toronto and all other
municipalities within the CMA should move towards more inclusionary policies, as “inclusionary policies

have a greater potential to reduce income segregation than bringing higher-income households into
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lower-income parts of the city” (Lens & Monkkonen, 2016, p. 6). Thus, removing single-detached only
zones and minimum lot sizes from the Zoning By-Law, or relaxing density restrictions, could have a greater

impact on income integration than other more costly projects, such as the revitalization of Regent Park.

6.1. NEXT STEPS
There are three areas ripe for further research to build off this study. For one, future research should
expand on our current understandings of the consequences of segregation, as this study only looks at the
patterns and potential causes of income segregation in the Toronto CMA since 1985. Additionally, a
regression model could be run on the household income clusters and outliers in order to explain changes
in macro-scale segregation over time. Finally, future research should study the effect of specific local land
use regulations and policies, such as property taxes, and their impact on income segregation in the

Canadian context.

6.2. CONCLUSION

Macro-scale income segregation among neighbourhoods in the Toronto CMA declined between 1985 and
2015, while micro-scale intra-neighbourhood income segregation increased. Compared to overall changes
in income inequality in the region in the same time period, neighbourhoods have become more
homogenous in terms of their household income distribution. Thus, neighbourhood sorting by households

based on income has increased.

Consistent with extant literature, this study finds that local housing characteristics have significant
spillover effects on income segregation. Specifically, variables associated with greater housing affluence
are negatively correlated with intra-neighbourhood inequality measures, and thus positively correlated
with income homogenization. This confirms and adds to the literature that local land use regulations
impact income spatial inequality. Thus, municipal and regional governments should reduce their

exclusionary housing policies and land-use regulations and instead enact more inclusionary policies.
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APPENDIX A: COMPARISON OF MAPS WITH ORIGINAL CENSUS TRACT BOUNDARIES

A.1: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 1985

Household Income Cluster
and Outlier Types

- High Income Cluster

High Income Outlier

Low Income Outlier

- Low Income Cluster
Not Significant
= = = Subway (2018)
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A.2: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 1995

Household Income Cluster
and Outlier Types

- High Income Cluster
High Income Outlier

Low Income Outlier

- Low Income Cluster
Not Significant
- == Subway (2018)

A.3: Statistically Significant Household Income Clusters and Outliers among Neighbourhoods, Toronto CMA, 2005

Household Income Cluster
and Outlier Types

- High Income Cluster

High Income Outlier

Low Income Outlier

I Low Income Cluster
Not Significant
—- -~ Subway (2018)
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A.4.: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 1985
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A.5.: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 1995
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A.6.: Gini Coefficient of Income Inequality Within Census Tracts, Toronto CMA, 2005
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A.8.: Neighbourhood Sorting Index Within Census Tracts, Toronto CMA, 1995
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APPENDIX B: SUMMARY STATISTICS BY YEAR

B.1.: 1985 Summary Statistics

Statistic N  Min Median Mean Max
Population 1,130 3,235 3,032 8,674
Households 1,130 1,040 1,062 4,657
Dwellings 1,130 1,041 1,062 4,657
Average Dwelling Value (2015 $) 1,123 279,548 305,717 1,552,553
Dwelling Units Built Between 1980 and 1985 1,130 31 116 1,602
Dwelling Units Built Before 1960 1,130 164 411 2,460
Owner Households 1,130 598 619 2,222
Renter Households 1,130 230 443 4,606
Single-Detached Dwellings 1,130 365 458 1,935
Apartments with 5 or More Storeys 1,130 17 300 4,526
Population Density 1,130 2,524 3,547 59,651
Unemployment Rate 1,121 0 0 0
Blue Collar Workers 1,130 677 711 2,463
White Canadians 1,130 1,336 1,363 4,410
Black Canadians 1,130 32 81 1,075
Asian Canadians 1,130 34 112 2,065
South Asian Canadians 1,130 34 94 1,399
Residents Who Moved Between 1980 and 1985 1,130 1,254 1,316 6,262
Immigrants 1,130 922 1,091 4,459
Average Household Income (2015 $) 1,123 93,324 92,928 371,830
Average Monthly Rent (2015 S) 1,123 1,132 1,206 5,020
Average Owner Payments (2015 $) 1,120 1,285 1,320 3,120
Population with a Bachelors’ Degree or Higher 1,130 231 334 2,545
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B.2.: 1995 Summary Statistics

Statistic N  Min Median Mean Max
Population 1,145 0 3,951 3,722 12,157
Households 1,141 0 1,330 1,303 5,525
Dwellings 1,141 0 1,330 1,303 5,525
Average Dwelling Value (2015 S) 1,136 109,412 325,165 356,441 1,889,971
Dwelling Units Built Between 1990 and 1995 1,141 O 25 94 1,166
Dwelling Units Built Before 1960 1,141 O 175 420 2,540
Owner Households 1,141 O 785 762 2,180
Renter Households 1,141 O 344 541 5,513
Single-Detached Dwellings 1,141 O 505 566 2,035
Apartments with 5 or More Storeys 1,141 O 90 367 5,418
Population Density 1,145 0 3,138 4,395 86,836
Unemployment Rate 1,141 O 0 0 0
Blue Collar Workers 1,141 O 841 843 3,333
White Canadians 1,141 0 2,560 2,562 6,453
Black Canadians 1,141 O 124 240 2,670
Asian Canadians 1,141 0 170 358 4,029
South Asian Canadians 1,141 O 125 289 3,215

Residents Who Moved Between 1990 and 1995 1,141

Immigrants
Average Monthly Rent (2015 S)
Average Owner Payments (2015 $)

Average Household Income (2015 $)

Population with a Bachelors’ Degree or Higher

1,141

1,137

1,136

1,134 0 62,994 64,379

1,141

0 1,580 1,592 6,875

0 1,423 1,553 8,240

571 1,187 1,249 2,996

830 1,536 1,580 2,757

356,109

0 472 561 3,110
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B.3.: 2005 Summary Statistics

Statistic N  Min Median Mean Max
Population 1,146 6 4,479 4,458 12,273
Households 1,146 0 1,555 1,571 5,716
Dwellings 1,146 0 1,550 1,568 5,716
Average Dwelling Value (2015 $) 1,142 0 430,737 472,903 1,896,813
Dwelling Units Built Between200 and 2005 1,146 O 30 180 3,040
Dwelling Units Built Before 1960 1,146 0 195 401 2,350
Owner Households 1,146 0 1,051 1,061 2,920
Renter Households 1,146 0 305 507 5,670
Single-Detached Dwellings 1,146 O 597 654 2,275
Apartments with 5 or More Storeys 1,146 O 90 417 5,615
Population Density 1,146 4 3,707 5,010 87,665
Unemployment Rate 1,143 0 0 0 0
Blue Collar Workers 1,146 O 820 840 2,833
White Canadians 1,146 0 2,352 2,525 7,353
Black Canadians 1,146 0 179 305 2,515
Asian Canadians 1,146 O 325 575 5,225
South Asian Canadians 1,146 0 301 595 5,775
Residents Who Moved Between 2000 and 2005 1,146 0 1,772 1,863 6,582
Immigrants 1,146 0 1,904 2,020 7,770
Average Monthly Rent (2015 S) 1,141 0 1,163 1,215 3,058
Average Owner Payments (2015 S) 1,140 0 1,601 1,636 2,814
Average Household Income (2015 $) 1,144 0 96,390 107,676 953,257
Population with a Bachelors’ Degree or Higher 1,146 0 860 958 3,950
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B.4.: 2015 Summary Statistics

Statistic

N Min Median Mean Max

Population
Households
Dwellings

Average Dwelling Value (2015 S)

Dwelling Units Built Between 2010 and 2015

Dwelling Units Built Before 1960
Owner Households

Renter Households
Single-Detached Dwellings
Apartments with 5 or More Storeys
Population Density
Unemployment Rate

Blue Collar Workers

White Canadians

Black Canadians

Asian Canadians

South Asian Canadians

1,151 O 4,995 5,150 23,401

1,148 20 1,740 1,861 11,890

1,148 15 1,738 1,861 11,890

1,146 0 664,090 732,166 2,902,556

1,146 O 20 155 6,285

1,146 O 200 382 2,285

1,146 O 1,170 1,239 5,140

1,146 O 375 624 6,810

1,148 O 662 737 4,095

1,148 O 125 546 11,500

1,151 O 3,970 5,567 84,436

1,146 O 0 0 0

1,146 15 1,025 1,080 5,450

1,146 O 2,262 2,488 11,060

1,146 O 235 386 3,455

1,146 O 275 629 8,960

1,146 O 400 849 15,220

Residents Who Moved Between 2010 and 2015 1,146 10 1,610 1,869 18,210

Immigrants
Average Monthly Rent (2015 S)
Average Owner Payments (2015 $)

Average Household Income (2015 $)

Population with a Bachelors’ Degree or Higher

1,146 O 2,142 2,361 14,245

1,146 0 1,278 1,328 3,622

1,146 O 1,646 1,706 3,250

1,145 32,799 101,077 114,330 896,861

1,146 15 1,205 1,419 12,575
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B.5.: Summary Statistics for All Years

Statistic N  Min Median Mean Max
Population 4,572 0 4,152 4,095 23,401
Households 4565 0 1,435 1,451 11,890
Dwellings 4565 0 1,435 1,450 11,890
Average Dwelling Value (2015 $) 4,547 0 392,350 467,859 2'9062’55
Dwelling Units Built in Previous 5 Years 4563 0 25 137 6,285
Dwelling Units Built Before 1960 4563 0 185 404 2,540
Owner Households 4563 0 905 921 5,140
Renter Households 4,563 0 310 529 6,810
Single-Detached Dwellings 4,565 0 525 604 4,095
Apartments with 5 or More Storeys 4,565 0 75 408 11,500
Population Density 4572 0 3,365 4,635 87,665
Unemployment Rate 4,551 0 0 0 0
Blue Collar Workers 4563 0 850 869 5,450
White Canadians 4563 0 2,050 2,237 11,060
Black Canadians 4,563 0 121 254 3,455
Asian Canadians 4,563 0 180 420 8,960
South Asian Canadians 4563 0 165 458 15,220
Residents Who Moved in Previous 5 Years 4,563 0 1,550 1,661 18,210
Immigrants 4563 0 1,590 1,759 14,245
Average Monthly Rent (2015 S) 4,547 0 1,187 1,250 5,020
Average Owner Payments (2015 S) 4542 0 1,544 1,562 3,250
Average Household Income (2015 $) 4,546 0 89,533 94,909 953,257
Population with a Bachelors’ Degree or Higher 4,563 0 649 820 12,575
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APPENDIX C: ORIGINAL REGRESSION OQUTPUTS WITH HIGH-VIF VARIABLES

C.1.: Regression Results for 5 Panel Models Before Removal of High VIF Variables

Dependent variable:

Gini coefficient

baseline pooled fixed effects
year only census tract only two-way
(1) (2) (3) (4) (5)
Average Dwelling Value -0.084™*" -0.043™" 0.005™* -0.089™*" 0.005
(0.004) (0.003) (0.003) (0.003) (0.003)
(0.008) (0.007) (0.005) (0.008) (0.005)
z;‘:}zmgz;gmfg':g;() 0.033"" 0.056™" 0.054"" 0.055""* 0.072""
(0.004) (0.004) (0.002) (0.009) (0.005)
Proportion of Owner Households -0.255 0.017 -0.084 0.076 -0.061
(0.213) (0.075) (0.054) (0.082) (0.046)
E:I’z”oi::s’” of Single-Detached 0.017"" -0.007 -0.027" -0.002 -0.017"
(0.005) (0.004) (0.003) (0.009) (0.005)
Proportion of Apartment
Dwellings with More than 5 -0.008 0.014™" 0.034™" 0.005 0.072™"
Storeys
(0.006) (0.005) (0.003) (0.009) (0.005)
Population Density per 1,000 0.0004"" -0.0005"*" 0.0002 -0.001™" 0.0002
(0.0002) (0.0001) (0.0001) (0.0003) (0.0002)
Unemployment Rate -0.082*" 0.674™" 0.348™" 0.651""* 0.194™"
(0.039) (0.031) (0.024) (0.034) (0.021)
Proportion of Blue-Collar Workers -0.182™*" -0.327™" -0.135™" -0.345™" -0.096™""
(0.021) (0.016) (0.012) (0.019) (0.012)
Proportion of Black Canadians -0.195™" -0.094"* -0.043™" 0.016 -0.042™*

63



Proportion of Asian Canadians

Proportion of South Asian
Canadians

Proportion of Movers in Previous
5 Years

Proportion of Immigrants

Spatial Autocorrelation Z-Score

Low Socioeconomic Status

Middle Socioeconomic Status

High Socioeconomic Status

Very High Socioeconomic Status

Average Household Income

Average Monthly Rent

Average Monthly Owner
Payments

Proportion Renter Households

(0.018)
-0.0001

(0.010)

-0.135"*

(0.011)

0.036™

(0.015)
0.154***

(0.010)

-0.027"
(0.003)
-0.010"*
(0.003)
-0.023"*
(0.004)
0.024"*
(0.003)
-0.0001
(0.001)
-0.004

(0.004)

-0.037"*

(0.006)
-0.054

(0.213)

(0.014)
0.040***

(0.007)

-0.090™*

(0.008)

0.050""

(0.012)
0.129"
(0.009)
-0.001
(0.0004)
-0.009"**
(0.002)
-0.025""*
(0.003)
-0.041**
(0.003)
-0.049"**
(0.004)
-0.005**
(0.001)
-0.062""*

(0.003)

0.075™"

(0.005)
0.121

(0.075)
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(0.010)
0.064***

(0.005)

-0.044™*

(0.006)

0.049**"

(0.009)
0.050"*
(0.006)
-0.0003
(0.0003)
-0.001
(0.002)
-0.017"
(0.002)
-0.029"*
(0.002)
-0.045"*
(0.003)
0.001
(0.001)
-0.063""*

(0.002)

-0.015"*

(0.004)
0.011

(0.054)

(0.021)
0.154***

(0.013)

-0.050™""

(0.012)

0.045™""

(0.014)
0.088"**
(0.015)
-0.0001
(0.0004)
-0.010"*
(0.003)
-0.029"
(0.003)
-0.042"**
(0.004)
-0.040"**
(0.005)
-0.003"**
(0.001)
-0.037""*

(0.004)

0.095"""

(0.006)
0.235***

(0.082)

(0.013)
0.060***

(0.007)

-0.019™"

(0.007)

0.044™

(0.008)
0.118"
(0.008)
-0.0005*
(0.0002)
0.004"**
(0.002)
-0.006™"*
(0.002)
-0.015™*
(0.002)
-0.024"*
(0.003)
0.0001
(0.0005)
-0.025™"*

(0.002)

-0.018™*

(0.004)
0.050

(0.046)



Proportion Highly Educated -0.207™" -0.138"" -0.104™" -0.064™"" -0.126™"
(0.015) (0.012) (0.009) (0.017) (0.010)
Lagged Gini Coefficient 0.162™"
(0.020)
Distance to City Hall -0.014™"
(0.002)
Distance to City Hall? 0.003™*"
(0.0003)
1995 (dummy) 0.087"*"
(0.002)
2005 (dummy) 0.056"""
(0.002)
2015 (dummy) -0.003
(0.004)
Constant 1.830"" 0.774™
(0.222) (0.090)
Observations 3,361 4,495 4,495 4,495 4,495
R2 0.784 0.805 0.868 0.663 0.894
Adjusted R? 0.782 0.804 0.867 0.544 0.856

F Statistic

503.034"* (df = 709.602"* (df = 1,218.982*** (df =
24; 3336) 26; 4468) 24; 4467)

272.283"* (df = 1,033.659**" (df =
24; 3324) 27;3321)

Note:
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*p<0.1; *"p<0.05; ***p<0.01
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