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Abstract 

 

Constructing a Geographic Perspective: Using GIS to Understand Patterns of 

Infrastructure Development under Neoliberal Policies in Windsor, Ontario 

 

This thesis explores the uneven development of infrastructure in the City of 

Windsor, Ontario Through the use of a spatio-temporal clustering analysis spatial patterns 

of Windsor’s infrastructure issues are analyzed and visualized.  A multinomial regression 

model is then used to compare these spatial patterns against the socio-economic indicator 

of median household income.  Through these empirical analyses, discoveries of potential 

inequities and social injustices in terms of resident’s access to maintained infrastructure 

are realized.  This thesis then considers how neoliberal policies may provide a reason for 

this inequity.  The results produce a space for critical analysis into the impacts of policy 

decisions under neoliberalism to be pursued in the future, and offer lessons in how GIS 

can be used to potentially improve the decision-making process. 

Keywords: spatial analysis, GIS, infrastructure, social inequity, neoliberalism, Windsor, 

Ontario 
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Chapter 1:  Introduction and The City of Windsor, Ontario 

 This research is interested in investigating how cities have developed, maintained, 

and enhanced infrastructure since the rise of neoliberal polices in the later 1970s and 

1980.  I have selected one city, Windsor, Ontario, a city in Southwestern Ontario, Canada 

to investigate.  This city was chosen for two main reasons.  First, its is a former industrial 

city facing public budget constraints, thus has been a prime subject to neoliberal 

development policies.  Second, Windsor has a database of reported infrastructure issues, 

as well as a separate database that contains some geographic data such as roadways and 

property boundaries, but there is no evident geospatial data or analysis available.  

Therefore, there is a space to create new data with geospatial analysis to create a new 

geographic perspective on infrastructure development and maintenance in Windsor that 

was previously unavailable.  This data has the potential to offer insight into inequities and 

social injustices present in Windsor, and help planners mitigate them in future policy 

decisions. 

Windsor is situated along the southern bank of the Detroit River opposite the city 

of Detroit, Michigan, United States (Smith, 1846, p. 221).  Windsor is composed of an 

amalgamation of former townships, and was first composed of Windsor, Sandwich, East 

Windsor, and Walkerville in 1935 as an attempt to overcome debt and social issues 

resulting from the Great Depression (City of Windsor, 2020).  The city continued to 

annex surrounding townships throughout the 1900s until its present borders were reached 

in 2003 (City of Windsor, 2020). 

The former townships that now compose the larger City of Windsor each had 

their own unique development history and industries.  The former Walkerville focused 
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development around Hiram Walker’s distillery and mills, while Ford City focused on the 

automotive industry, and Riverside developed as a primarily residential district (City of 

Windsor, 2020).  The diverse history of different microspheres of development in 

Windsor, as a result of the amalgamation of numerous townships, set a foundation for 

unevenness and disparities in different regions.  This unevenness has been compounded 

by shifting global trends to accept neoliberal policies, and its impact on the local level 

(Brenner, 2003; Macleod and Jones, 2011; Roberts and Schein, 1993; Short, 2018) 

Like many cities in North America, Global economic restructuring and the decline 

of manufacturing industries impacted Windsor.  The reduction in available national funds 

and tax base from a lack of employment opportunities can be considered part of the cause 

of Windsor's reported infrastructure issues.  The limited public funds Windsor has to 

work with to maintain and fight against urban decay has led the Windsor to pursue a 

prioritized approach to development.  Windsor’s Official Plan, notes how it wants to 

direct growth into appropriate locations within existing and planned neighbourhoods to 

reduce the City’s development and infrastructure costs (City of Windsor, 2019a, p.2).  

Windsor’s clearly stated approach to prioritize it’s spending and investments ties in 

closely with the concerns of uneven urban development raised as a result of new global 

economic and development trends. 

 In addition to the financial restraints faced by Windsor when it comes to the 

maintenance of its infrastructure, there appears to be a lack of geospatial data available to 

city officials to use in their planning and policy decisions.  The City of Windsor appears 

to have a dedicated GIS department, but its capabilities and domain over city data seem 

to be limited.  The department appears to be responsible for the production of 
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cartographic data, such as shapefiles for roads and sewer lines, but additional attribute 

data is maintained and managed by a separate operations department.  Furthermore, there 

seems to be no data available, at least which is accessible to the public or made apparent 

to be accessible to city officials in the Official Plan, which incorporates spatial statistics 

and analysis.   

 

Research Question and Objectives 

 The main research question of this study is: how has infrastructure been unevenly 

distributed in cities due to neoliberal policies since their rise in the late 1970s and 1980s, 

with Windsor Ontario as an example. From this larger question, a series of smaller 

questions guide this research: 

• What may be reasons for this pattern of uneven infrastructure development? 

• How can GIS be used to analyze patterns in infrastructure development?  

• How can GIS be used to contribute to the larger discussions about inequitable 

urban development?   

To answer these research questions, three objectives will be pursued.  First, a spatio-

temporal analysis to understand infrastructure patterns.  Second, a regression analysis to 

correlate the spatial patterns of infrastructure to socio-economic indicators.  Third, an 

investigation of the literature on neoliberalism and uneven development to attempt to 

explain the patterns observed in the spatio-temporal cluster and regression analyses.  This 

will extend to a discussion on the role of GIS in policy and development decisions. 
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Literature Review 

This thesis is informed by two main sets of literature.  The first is work on uneven 

urban development, particularly critiques of neoliberalism that creates this uneven 

development. The second literature is by scholars who use geospatial tools to examine 

spatial patterns. 

Uneven Development and Critiques of Neoliberalism 

  Urban scholars have shown that cities have been subject to uneven development 

throughout history leading to inequality and social injustice (Blackwell, 2001; Bourne, 

2001; Brenner, 2003b; Golubchikov et al., 2013; Roberts & Schein, 1993; Ross et al., 

2004; Shearmur, 2007).  Uneven urban developments can affect the ability or 

opportunities of certain residents to benefit from the development differently (Blackwell, 

2001; Bunce, 2004).  For example, the difference in access to infrastructure in particular 

has been highlighted in the work of Roberts and Schein (1993) who investigated urban 

infrastructure development in Syracuse, New York.  They found redevelopment was 

focused into only some areas of the city, although all citizens paid for the redevelopments 

through taxes (Roberts & Schein, 1993, p. 31). 

The pattern of uneven urban development and the issues of inequity it causes have 

been discussed in depth.  Farmer (2010) investigated the impacts of uneven public 

transportation development in Chicago and the impacts it had on different socio-

economic classes of citizens.  She found that the development had a disproportionate 

impact on citizens of lower socio-economic status (Farmer, 2010).   
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Work has also been done on cities in the Global South. Swyngedouw (1995) 

investigated water infrastructure in Guayaquil, Ecuador, and noticed that a combination 

of factors such as financial constraints and production biases of public water 

infrastructure excluded some residents from access to water.  Those without access to 

water tended to be poorer residents (Swyngedouw, 1995).  

Many geographers and other scholars believe recent uneven development to be 

the result of neoliberalism (Bradford, 2003; Brenner, 2003; Brenner & Theodore, 2002; 

Golubchikov et al., 2013; Macleod & Jones, 2011; Roberts & Schein, 1993; Short, 2018; 

Siemiatycki, 2005; Walks, 2009; Zimmer, 2010).  “Neoliberalism reflects a laissez-faire 

approach to the economy's operation, where the efficiency of market competition and 

roles of individuals are preferred to the perceived distortions associated with government 

regulation and intervention” (Palley, 2004, p. 30).  Since the 1980s, neoliberal policy has 

become seen as the ideal method for development (Bradford, 2003; Peak et al., 2009).  It 

is thought that under neoliberalism, many policy decisions prioritize development efforts 

into locations that see the greatest potential economic returns, which are often areas of 

higher income, thus exacerbating already inequitable development (Brenner, 2003; 

Golubchikov et al., 2013; Macleod & Jones, 2011; Roberts & Schein, 1993; Walks, 2009; 

Zimmer, 2010).  This form of policy decisions translates onto the local scale through 

municipal government policies, and their impacts on the urban socio-spatial structure 

(Brenner, 2003; Short, 2018; Siemiatycki, 2005; Zimmer, 2010). 

Another factor leading to uneven development has been deindustrialization in the 

global North. The decline of manufacturing industries had created a situation of 

“intensifying socio-economic problems such as capital flight, mass unemployment and 
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infrastructure decay” (Brenner, 2003, p. 197).  This decline in manufacturing has 

impacted regions setup to be industrial cores such as southwestern Ontario in Canada 

(Bradford, 2003).  This situation created a trend where local governments were forced to 

abandon the equal distribution of benefits and create policies which prioritized areas of 

the city that would see the better returns from the local government’s investments 

(Macleod and Jones, 2011). 

McGuirk and Dowling (2009) and Haughton and McManus (2012) investigate 

infrastructure investments in Sydney, Australia.  McGuirk and Dowling (2009) discuss 

prioritized residential development in the form of Master Planned Residential Estates, 

and found that this form of development creates patterns of segregation and inequality in 

the urban landscape.  Additionally, Haughton and McManus (2012) found that the Cross-

City Tunnel Project guided under neoliberal development policies produced an outcome 

of uneven access and benefits for different residents to utilize the new infrastructure.  The 

conclusions of Haughton and McManus (2012) are similar to those found by Roberts and 

Schein (1993) in regard to resident’s ability to access and benefit from new 

developments. 

When transportation infrastructure development guided under neoliberal policies 

was investigated by Siemiatycki (2005) and Siemiatycki (2012), similar patterns of 

uneven development and inequity were noticed.  Siemiatycki (2005) investigated mass 

rapid transit infrastructure in Vancouver, Canada and noticed that uneven opportunities to 

benefit from the development occurred, as specific population segments were targeted for 

ridership.  The occurrence of inequities in the development of transportation 
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infrastructure discussed in Siemiatycki (2005) and Siemiatycki (2012) echoes that which 

was found by Farmer (2010) in the city of Chicago. 

The financial constraints placed on old manufacturing cities as a result of 

economic restructuring (Bradford, 2003; Brenner & Theodore, 2012), and the prioritized 

development efforts it leads to under neoliberalism is led me to investigate whether this 

was also the case in the City of Windsor, Ontario (Brenner, 2003; Flinders, 2005; 

Golubchikov et al., 2013; Macleod & Jones, 2011; Roberts & Schein, 1993; Walks, 2009; 

Zimmer, 2010).  Research has shown the city of Windsor has prioritized infrastructure 

development as a result of limited available public funds and that plans seek to direct 

investment into specific areas of Windsor (Cappucci & He, 2019; City of Windsor, 

2019a; City of Windsor, 2019b; City of Windsor, 2020a; City of Windsor, 2020b;, 

Janisse, 2019; Melmer, 2017). 

Privileged Places  

The work of Blackwell (2001), Krumholz (1999), Ross et al. (2004), Shearmur 

(2007), Squires and Kubrin (2005), and Walks (2009) focus on the idea of ‘privileged 

places’ as a result of uneven urban development.  The idea of a privileged place in a city 

is described as a location or extent which receives a distinctly greater amount of policy or 

development attention than others (Shearmur, 2007; Squires and Kubrin, 2005; Walks, 

2009; Zimmer, 2010).  The transportation infrastructure development in Chicago 

(Farmer, 2010), and urban redevelopment efforts in Syracuse (Roberts & Schein, 1993) 

are examples of this.  The developments discussed were areas of Chicago and Syracuse 

that received more development attention than other areas of the cities.   
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These privileged places and uneven urban development are not limited to 

American cities.  Patterns of uneven urban development exist in Europe (Brenner, 2003; 

Golubchikav et al., 2013; Swyngedouw, 2005), Australia (Haughton & McManus, 2011; 

McGuirk & Dowling, 2009), and Canada (Bourne, 2001; Brenner, 2003; Bunce, 2004; 

Hall & Hall, 2008; Ross et al., 2004; Siemiatycki, 2005; Walks, 2009).  These same 

patterns of uneven urban development have been noticed in the developing world too 

(Swyngedouw, 1995).  Uneven metropolitan development is a result of a range of policy 

decisions made by public officials and policy-related actions that have been taken 

(Squires & Kubrin, 2005, p. 48).  The potential reasons cities across the globe experience 

uneven development and the resultant inequities has been explored by many authors. 

The work of Haughton and McManus (2011), McGuirk and Dowling (2009), 

Siemiatycki (2005), Siemiatycki (2012), Swyngedouw (1995), and Swyngedouw (2005), 

serve as examples of how local governments prioritize areas to invest into, and again 

further uneven urban development through the creation of privileged places discussed by 

Blackwell (2001), Krumholz (1999), Ross et al. (2004), Shearmur (2007), Squires and 

Kubrin (2005), and Walks (2009). 

Uneven development has thus created privileged places in the urban environment 

(Blackwell, 2001; Farmer, 2010; Krumholz, 1999; Roberts & Schein, 1993; Ross et al., 

2004; Shearmur, 2007; Squires & Kubrin, 2005; Walks, 2009). Neoliberal policy 

decisions and actions taken on the municipal level have created what has been referred to 

as the ‘entrepreneurial city’ (Brenner, 2003; Bunce, 2004; Roberts & Schein, 1993; Short, 

2018).  The entrepreneurial city is a result of the rule of capital under neoliberalism 

(Brenner, 2003; Macleod & Jones, 2011; Short, 2018; Roberts & Schein, 1993).  Cities 
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compete with one another for investment due to the limited public funds they have 

available to them as a result of national and global development and economic trends 

(Bradford, 2003, Short, 2018).  Windsor is a city facing constraints to the public funds it 

has available, while still needing to maintain and develop its infrastructure.  This may 

cause Windsor to have to prioritize its development into areas that will be most likely to 

attract investment and future funds.  

Applications of GIS  

The literature on uneven development also raises the question: do tools exist to 

better understand, show, and mitigate uneven development?  This thesis seeks to answer 

that question and uses recent quantitative analysis to provide a methodological 

framework for this thesis. 

A primary literature that informs this thesis is around geospatial techniques.  

Geographic Information Systems or GIS is a tool which can be utilized to interpret and 

analyze spatial data and patterns (Malczewski, 2006; Keenan & Jankowski, 2019).  GIS 

serves as a tool to satisfy both the description and the anticipation of the problem 

(Webster, 1993).  GIS operates as a tool which can consider different variables in a 

spatial context, to produce an evaluation of importance or cartographic output to aid in 

the decision-making process (Malczewski, 2006, p. 703).  These outputs allow decision-

makers to identify potential issues through a visual output of the raw data (Anselin, 1995; 

Getis & Ord, 1992; Haining, 1990; Keenan & Jankowski, 2019).  This ability of GIS will 

allow for the detection of uneven infrastructure across Windsor, as it can identify where 

significant groupings of infrastructure issues occur in the city. 
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GIS and its ability to produce spatial data and visualizations has been used by 

many scholars (Chaix et al., 2006; Coutinho-Rodrigues, 2011; Diggle and Chetwynd, 

1991; Gallo & Ertur, 2003; Jacquez et al., 2005; Kuletz et al., 2015; Prasannakumar et al., 

2011; Satria and Castro, 2016; Smith et al., 2013; Steenberghen et al., 2003; and Xie & 

Yan, 2013).  All of these studies use GIS and spatial analysis techniques to identify 

where current problems, the anticipation of where future problems may occur, and better 

inform policies to mitigate them (Webster, 1993, p. 711).   

The two most prominent spatial analysis techniques are the Local Moran’s I and 

Getis-Ord Gi* tests, with the Local Moran’s I test used in this research.  Both of these 

create a visualization of identified hot and cold spots across a spatial extent (Anselin, 

1995, p. 94; Getis & Ord, 1992, p. 190).  To improve the accuracy of the results of the 

Local Moran’s I or Getis-Ord Gi* tests it is recommended to standardize the analysis 

with the empirical bayes rate tool (Assunção and Reis, 1999), and false discovery rate 

(ArcGIS Pro, 2018; Shaffer, 1995).  In the case of this research, the Local Moran’s I 

result serves the purpose of identifying if infrastructure issues are uneven across 

Windsor, and if not, where in the city they tend to be. 

The ability of GIS to detect and visualize patterns across space, through the use of 

the Local Moran’s I test, can not only identify areas of uneven development but could be 

a valuable tool to help prevent patterns of uneven urban development (Malczewski, 2006; 

Keenan & Jankowski, 2019; Anselin, 1995; Getis & Ord, 1992; Wong & Lee, 2005).  

GIS can also analyze spatial patterns across time through a spatio-temporal clustering 

analysis (Keenan & Jankowski, 2019; Kisilevich et al., 2009). 
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Spatio-temporal clustering analysis expands on spatial functions like the Local 

Moran’s I test.  Spatio-temporal clustering analysis attempts to group objects or variables 

based on both spatial and temporal similarity (Kisilevich et al., 2009, p. 855), or to factor 

in the input of time to standard spatial clustering techniques (Tork, 2012, p. 200).  The 

main challenge to this analysis technique is the moving cluster problem, or how to 

monitor the integrity of a cluster as it moved through time (Kalnis et at., 2005; Kisilevich 

et al., 2009).  To avoid the moving cluster problem and potentially incorrectly identifying 

a persistent cluster of infrastructure issues from 2017 to 2019, the spatial analysis for the 

2017, 2018, and 2019 datasets were done independently.  

The application of spatio-temporal clustering analysis has been used in 

environmental management studies (Kuletz et al, 2015; Smith et al., 2013).  Furthermore, 

the application of spatio-temporal clustering analysis has been seen in transportation 

studies to investigate traffic issues (Prasannakumar et al., 2011; Satria & Castro, 2016), 

and urban crime (Grubesic &Mack, 2008).  These methodologies can be used in a similar 

way to identify where infrastructure issue clusters in Windsor.   

A specific tool to interpret changes in the local conditions of a location between 

two different points in time is the Differential Local Moran’s I test.  There has been little 

literature that has utilized this statistical test, or theorized about its concept outside of 

what Anselin (2019) has written.  The Differential Local Moran’s I statistic is based on 

change over time, which interprets the standardized differences between the original 

values for the variable (Anselin, 2019).  The result of the Differential Local Moran’s I 

statistic allows the user to interpret areas of positive or negative change in space across a 

set amount of time (Anselin, 2019).  I will use to map urban infrastructure.  I will then tie 
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the results back into the larger discussions of GIS as a decisions tool (Malczewski, 2006; 

Keenan & Jankowski, 2019; and Webster,1993).   

Additionally, to further the discussion of how the outputs of GIS can be utilized, 

the literature on regression analysis offers insights into establishing correlations.  

Scholars agree that this type of analysis can be used to investigate how a change in one 

variable affects the value of another (Chi and Zhu ,2008; Sen & Srivastava, 2012; Slini et 

al., 2002; Wakefield, 2006; and Zhang et al, 2009).  I will use this to establish a 

correlation between where infrastructure issues occur in Windsor, and the socio-

economic conditions of those locations in the city.  This will allow an investigation into 

social inequities and injustices by producing information on the socio-economic 

conditions of locations where infrastructure issues tend to occur and if they are 

disadvantaged. 

Models such as a logistic regression model may be utilized to investigate the 

correlation between a response and explanatory variable (Bewick et al, 2005; Crawley, 

2005; Stoltzfus, 2011).  A multinomial regression model is used when there are more 

than two possible outcomes in the response variable (Darlington and Hayes, 2016b, pp. 

47-49).   

A successful regression analysis that establishes a correlation between the output 

of a spatio-temporal analysis from GIS software, and a socio-economic variable would 

contribute to the larger pools of GIS literature and urban geography literature.  The 

production and utilization of GIS produced data would support the arguments of GIS as a 

decision support tool (Coppock, 1974; Cumbers & MacKinnon, 2004; Malczewski, 2006; 

Keenan & Jankowski, 2019; Webster, 1993).  In the context of this research, a successful 
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regression would show that there is a potential issue of social inequity and injustice in 

Windsor, as infrastructure issues tend to be in the same locations as socio-economically 

disadvantaged populations. 

When data analysis is conducted, the occurrence of bias must be considered.  This 

bias stems from how there is always a trade off when the user decides to weigh factors 

differently in the analysis based on their personal opinion, which may preserve or neglect 

certain intricacies of the data (Malczewski, 2006, p. 708).  Another bias the researcher 

must be aware of when data analysis is performed is the occurrence of outliers and how 

to consider them in the result (Anscombe, 1960; Anselin, 1995; ArcGIS Pro, 2018; 

Barnett & Lewis, 1994).  As outlier is an extreme value that falls outside the normal 

range of the data, and has the ability to influence or obscure the results (Osbourne and 

Overbay, 2004).   

In addition to data that is produced with GIS, there are recommendations made 

which can both utilize GIS data or simply make policy makers more conscious of the 

impacts of their decisions.  These practices may help to mitigate the issues associated 

with uneven urban development.  Krumholtz (1999) suggests a movement away from 

speculations of investment returns, how cities should find a market niche they have a 

natural advantage, and policymakers should openly address redistributive issues.  

Blackwell (2001) recommends that there be systems in place to allow disadvantaged 

communities easier access to report issues.  Sotomayor (2015) presents the integrated 

urban development approach, which incorporates the principles presented by Blackwell 

(2001) and Krumholtz (1999), and has room to include outputs from GIS.  The integrated 

development approach encompasses physical, social, and institutional dimensions within 
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a define territory for development (Sotomayor, 2015).  These strategies to development 

are more inclusive and potentially more equitable. 

Through a comprehensive incorporation of GIS utilization and more the inclusive 

development strategies patterns of uneven urban infrastructure development and the 

resultant inequities and social injustices may be avoided.  The avoidance of these patterns 

of uneven urban development would help to mitigate the occurrence of the idea of 

privileged places (Shearmur, 2007; Squires & Kubrin, 2005; Walks, 2009; Zimmer, 

2010).  Through the mitigation of privileged places, fewer social injustices and more 

equitable urban development may be possible. 

 

Methodological Outline 

In this section, I outline the methodology used to investigate the thesis research 

questions.  First, this data was gathered through two primary methods.  The first was field 

verifications of reported sewer manhole damages in the summer of 2019.  This field data 

was then compiled and uploaded onto Windsor’s Open Data Catalogue website.  The 

Open Data Catalogue website serves as a repository for all of the raw infrastructure data 

in Windsor and is open to the public.  This website served as the second method of data 

acquisition for this study.  It housed data for other infrastructure issues such as potholes, 

road cave-ins, road surface damage, broken side walks, broken parking meters, alley way 

damages, broken curbs, property floods which were also acquired and analyzed in the 

subsequent chapters. 
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The first part of the data analysis was a spatio-temporal cluster analysis technique 

to investigate the locations of infrastructure issues across Windsor to determine if they 

are clustered.  In addition to this spatial component, a temporal component was 

incorporated.  The first step of this analysis technique was to perform a global 

exploratory statistics test to determine if reported infrastructure issues did in fact cluster 

across the extent of Windsor.  These statistics were run for reported infrastructure issues 

in 2017, 2018, and 2019. 

The exploratory global statistics tests detected some degree of significant 

clustering across the datasets for 2017, 2018, and 2019.  The detection of spatial 

clustering on the global scale recommended the decomposition of the global statistics to 

the local level through the use of the Local Moran’s I statistics to locate ‘where’ the 

detected global clusters were (Anselin, 1995, p. 94).  In the case of this research, the local 

statistics were meant to find which dissemination areas in Windsor clusters of reported 

infrastructure issues were located in. 

The application of the Differential Moran’s spatio-temporal cluster analysis 

technique was used to add a temporal component, and detected changes in, or lack of, 

where reported infrastructure issues occurred from 2017 to 2019 in Windsor.  The spatio-

temporal cluster analysis found the persistence of low-high clusters in certain 

dissemination areas of Windsor, which indicated that these areas continually had less 

reported issues than those around them. 

 The second step of the data analysis was to perform a multinomial regression to 

correlate the results of the spatial analysis to the socio-economic variable of median 

household income within the dissemination areas of Windsor.  The goal was to 
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investigate what socio-economic factors may be correlated with areas of high or low 

numbers of reported infrastructure issues.  The regression discovered that dissemination 

areas with relatively low numbers of reported issues within them compared to those 

surrounding them were more likely to have higher median household incomes.  These 

results suggest that richer dissemination areas may have less reported infrastructure 

issues within them compared to others in Windsor. 

 The third part of the analysis was to investigate the potential explanations to the 

results seen from the previous two objectives.  The goal was to consider the degree to 

which the scale of neoliberalism has influenced the patterns of urban geography observed 

in Windsor.  Through an investigation of neoliberalism, and its impacts on how cities 

plan for infrastructure, a potential explanation into why the results observed occurred was 

presented.  Under neoliberalism, policy decisions shifted to prioritize development efforts 

into locations that would see the greatest benefits and potential economic returns rather 

than an equitable distribution (Brenner, 2003; Golubchikov et al., 2013; Macleod and 

Jones, 2011; Roberts and Schein, 1993; Walks, 2009; Zimmer, 2010).  The general lack 

of budget, along with the pressures to attract a return on investment through market 

mechanisms has potentially influenced Windsor’s urban policies, and there is the 

potential for expanded urban inequality and social injustices.  

 

Thesis Outline 

This thesis is composed of 5 chapters.  Chapter 2 will highlight the results of 

performing a spatio-temporal cluster analysis the Local Moran’s I statistic and 
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Differential Moran’s I test will be utilized.  The Local Moran’s I statistic will allow for 

the detection of where the variable of interest clusters across space (Anselin, 1995), in 

this case reported infrastructure issues.  The Differential Moran’s I test will allow for the 

temporal component of the analysis to be satisfied, as it performs a difference function 

between the results at two points in time to detect change between them (Anselin, 2019).  

The spatio-temporal cluster analysis is performed on the dissemination areas scale, and 

will analyze reported infrastructure issues data for the years 2017, 2018, and 2019 in 

Windsor. This chapter shows that infrastructure issues are not evenly distributed across 

Windsor.  

 Chapter 3 presents the results of a multinomial regression, which correlates the 

results of the Local Moran’s I statistic to median household income.  The script for the 

regression was be written in R Studio software, from where it was run on the data to 

produce statistical and graphical outputs.  These outputs were then utilized to understand 

how median household income and where infrastructure issues in Windsor occurs.  The 

results showed a correlation between areas of higher income and less infrastructure issues 

in 2017 and 2018, but not 2019.  

Chapter 4 presents a more theoretical investigation of the potential reasons behind 

uneven infrastructure development. I will briefly review the literature which investigates 

neoliberalism will seek to propose reasons and trends as to why Windsor has developed 

the way it has and what constraints it faces to its development.  This investigation into the 

influences and constraints of neoliberalism will be supplemented with the inclusion of 

literature that investigates the impacts of prioritized development in infrastructure 

projects.  The goal of relating the observations seen in this research to these two types of 
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literature is to establish a discussion and speculate into why cities like Windsor might 

favor infrastructure investment in some areas but not others.  Through this literature 

review, I conclude that there are potential inequities and social injustices present in 

Windsor when it comes to access to new or maintained infrastructure. 

Chapter 5 discusses the applications and benefits of GIS as a tool in the urban 

planning decision-making process.  This will be done to present and support GIS as a 

beneficial tool to be used in urban planning and policy decisions, such to lead to more 

educated decisions and equitable development.  As Windsor is a city limited in the 

geospatial data it has available due to the infantile nature of its GIS department, this study 

will show how cities like Windsor, through the expansion of their GIS department and 

integration of geographic knowledge into their development decisions, can potentially 

mitigate the presence of social injustices in the city caused from geographic negligence. 

The results of this study created a space to justify the applications of GIS as an 

analysis method to help prevent inequitable urban development patterns, with Windsor, 

Ontario as a case study.  Through this study it was found that there was evidence of 

spatial clustering in the locations of reported infrastructure issues, and areas of higher 

income may correlate with less reported issues.  The findings contribute to the arguments 

on spatial unevenness in cities as a potential result of prioritized urban development 

policies.  This thesis cannot prove the patterns shown in the results are the direct result of 

deliberate decisions however, it still shows that the way infrastructure conditions are 

clustered around Windsor is an issue of inequity and social. There is room to expand the 

scope of this research and further explore the causes of the observed results in the future. 
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Chapter 2: Local Indicators of Spatial Auto Correlation 

The study of urban infrastructure is a valuable asset in city decision and planning 

processes to implement a new policy.  In the process of infrastructure planning and policy 

decisions, it is important to understand the characteristics of the infrastructure in the city, 

and consider the spatial aspects of where issues occur. Through an investigation of the 

literature on GIS and urban use cases, it is evident there is a space where GIS techniques 

can be used to analyze whether or not infrastructure maintenance is uneven across a city.  

The City of Windsor, Ontario, Canada served as a case study, through which the 

application of GIS and spatio-temporal clustering analysis was used to identify potential 

locations of systemic issues in infrastructure maintenance across the city. 

 Through policy decisions made by local governments, many urban places develop 

“privileged places as result of uneven development” (Squires & Kubrin, 2004, pp. 47-48).  

The idea is that investments and development policies are prioritized in the suburbs as 

these areas are more socioeconomically favorable (Squires & Kubrin, 2004, pp. 48-52).  

This unevenness and prioritization of development efforts may be explained by cities’ 

needs to attract and retain hyper-mobile investment (Macleod & Jones, 2011, p. 2443) 

under the new global economy where global capital flows and investments are the 

overarching force of the restructuring of urban space (Short, 2018, p. 1).  The question of 

“Are policy makers biased in where they decided to prioritize development?” extends to 

the maintenance of infrastructure in cities. 

The role of geography and its role in contributing to public policy decisions and 

spatial problems is not new (Coppock, 1974).  When the question of unevenness to the 

maintenance of damaged infrastructure in Windsor is presented, a geographic analysis 
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can be used to better understand the true nature of the issue.  Through a geographic 

perspective, how clusters of infrastructure issues move, or don’t, across Windsor through 

time is a means to assess if the concerns of unevenness in maintenance prioritization is 

warranted. 

To assess the geographic conditions of infrastructure issues in Windsor, first a 

spatio-temporal cluster analysis was performed.  Spatio-temporal clustering is a process 

of grouping objects based on spatial and temporal similarity (Kisilevich et al. 2009, p. 

855).  The spatio-temporal clustering technique attempts to factor in a temporal 

component to spatial clustering techniques (Tork, 2012, p. 200), like the Local Moran’s I 

and Getis-Ord Gi* tests.  The temporal component is introduced as a comparison of 

cluster locations across the same spatial extent are compared at two different points in 

time (Kisilevich et al., 2009; Tork, 2012). The goal of the spatio-temporal cluster analysis 

was to assess where statistically significant clusters of reported infrastructure issues 

occurred in Windsor, and then analyze if and where the locations of these clusters 

changed through time.   

In a spatio-temporal cluster analysis, the spatial data is classified as one of three 

types.  Events, a single occurrence at a given time, geo-referenced, which have non-

spatial values related to them in addition to their spatial and temporal location, or moving 

objects, which are unique data items that occur at different spatial locations at different 

temporal locations (Tork, 2012, pp. 200-202).  The data used as part of the Windsor study 

qualified as event type data, as each infrastructure issue was a single report given at an 

individual time.  Furthermore, when the temporal input is considered, ‘the moving cluster 

problem’ must be accounted for.   
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The moving cluster problem refers to the maintenance of a cluster’s integrity as it 

moves through time, and at which point it can no longer be considered the same cluster of 

features, as different features have the ability to move in and out of the cluster through 

time (Kalnis et at., 2005; Kisilevich et al., 2009).  The issue of the moving cluster 

problem has led to the recommendation that the spatial part of the analysis for each point 

in time be conducted independently, and the temporal comparison conducted afterwards 

(Kisilevich et al., 2009, p. 856; Tork, 2012, p. 207).  Though there are considerations that 

must be accounted for when a spatio-temporal clustering analysis is conducted, the 

success of the technique has been seen in environmental management and traffic pattern 

analysis literature (Grubesic & Mack, 2008; Kuletz et al., 2015; Prasannakumar et al., 

2011; Satria & Castro, 2016; Smith et al., 2013), thus it is considered a viable method to 

assess infrastructure issue patterns. 

 

Data Collection and Preparation 

The first step of the spatio-temporal cluster analysis, and the succeeding 

regression analysis in the next chapter, was data collection.  Windsor utilizes an open 

data catalogue, from which the public can freely access data on the City’s infrastructure 

(City of Windsor Opendata, 2019).  Data obtained included reported road potholes, road 

cave-ins, road resurfacings, broken sidewalks, broken parking meters, alley maintenance, 

curb maintenance, property floods, and sewer manhole maintenance requests.  This data 

was obtained from the City of Windsor Opendata (2019) website, and is referred to as 

‘reported infrastructure issues’ for the remainder of this analysis.   
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The data collected for this study was decided on for two primary reasons.  First, 

the goal was to find a balance and adequate assessment of the state of Windsor’s 

infrastructure as a whole, while the sample was kept to a manageable size.  Second, the 

listed datasets allowed for an assessment of Windsor’s transport (in the form of road), 

roadside or sidewalk, and subterranean (sewer manhole and property foundations or 

grading) infrastructure.  Reported infrastructure issues for the datasets were collected for 

the years 2017, 2018, and 2019, as the three-year span allowed for a temporal component, 

and Windsor only had comprehensive data available for these three years.  

To collect its data on reported infrastructure issues, Windsor utilizes an open311 

citizen reporting system.  This data represents an overall portion of the total locations of 

service requests in the city, as during the request fulfillment process, it could be 

determined that the customer's request may not be valid or may need to be adjusted (City 

of Windsor Opendata, 2019).  As part of this system, citizens of the city are able to report 

by phone, web, or app the locations of infrastructure issues they notice (City of Windsor 

Opendata, 2019), similar to the open311 systems used in the United States as described in 

(Offenhuber, 2014).  This open311 form of data collection is a type of citizen science, a 

technique that enlists the public in gathering information (Bonney et al., 2009, p. 977).  

When citizen science data is used, data quality is a concern often raised, as issues of bias 

can arise from instances of over reporting or under reporting depending on the 

circumstances, and the citizen who makes the observation (Bonney et at., 2009, p. 980).  

Different citizens have different motivations, interests, or the ability to report data 

(Offenhuber, 2014, p. 97). 
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Despite the consideration for inherent biases in the open311 data, citizen science 

data is still suited to computing indices of relative abundance, and facilitate geographic 

comparisons (Bonney et al., 2009, p. 981).  For example, just as if you were to go sample 

soil in a field, you would not collect a sample from every point on that field possible, but 

would still be able to determine which parts of the field were mostly clay vs sand vs 

topsoil.  Think of it the same way here, where samples of infrastructure are being 

collected across the area of the Windsor, but not every single possible point gets selected.  

Additionally, citizen science programs have seen successful cases, like that in New York, 

where open311 reports turned out to be more reliable than official government 

departments (Offenhuber, 2014, p. 95).    The general agreeance in the literature on the 

acceptability of citizens collected data reporting to use in scientific studies (Bonney et al., 

2009, p. 977), is why it has been decided that it is acceptable to use the open311 data 

reports for Windsor in this research. 

The second set of data to be collected as part of this research was Canadian 

census data from 2016, and shapefiles at the dissemination area scale for the City of 

Windsor.  Statistics Canada (2019) provided access to the dissemination area shapefiles 

for Windsor, and defines them “as a small, relatively stable geographic unit composed of 

one or more adjacent dissemination blocks. It is the smallest standard geographic area for 

which all census data are disseminated” (Statistics Canada, 2019).  Next, census data for 

median household income was collected from the 2016 census.  The 2016 census data 

was then joined into the dissemination area shapefile’s attribute table based on a primary 

key.  Finally, the dissemination area shapefile was clipped to only include the 

dissemination areas within the city limits as defined by Windsor.  This clip was done for 
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two reasons.  First, the dissemination areas provided for Windsor from Statistics Canada 

represent the Windsor Census Metropolitan Area (Statistics Canada, 2019), which was 

found to include smaller townships outside of Windsor’s city limits.  Second, Windsor 

only services 311 reports within its defined city limits (City of Windsor Opendata, 2019), 

thus the spatial extent of the 311 data was only inside those dissemination areas within 

the city limits defined by Windsor. 

Once all the raw data was collected, the 311 reported infrastructure issue data 

needed to be geocoded.  The 311 data needed to be geocoded as Windsor stored this data 

as comma separated value files (City of Windsor Opendata, 2019).  To geocode the 

reported infrastructure issue data, the ‘mmqgis’ plugin was used in the Quantum GIS 

software.  The mmqgis plugin is a set of Python plugins, one of which uses the standard 

Python comma separated value file interface functions to query an online database to 

output a shapefile (Minn, 2019).  In the case of this research, the online database queried 

was OpenStreetMap with Nominatim, as it is free and allowed for an unlimited number 

of queries as long as it was limited to one query per second (Nominatim Usage Policy, 

2019).  Though there was a failure rate associated with the geocoding process of all the 

reports in the 311 data (Table 1), this is attributed to data quality control issues in 

Windsor’s collection and cataloging. The data collection and cataloging issues were due 

to how infrastructure issue report locations were based on block number and street name, 

not a latitudinal and longitudinal location (City of Windsor Opendata, 2019).  

Additionally, report locations had to be assigned by street location as it was found in the 

infrastructure issue report data that the block number field was left empty in some entries.  

Given that report locations had to be aggregated up to the street level, duplicate points 
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were preserved to account for multiple reports that occurred on different blocks of the 

same street.  

Table 1 

Failure Rates for Geocoding Results 

Year Total 

open311 

Records 

Data 

Points 

Found 

Data 

Points Not 

Found 

Failure 

Rate 

2017 4510 2999 1511 33.5% 

2018 5649 3275 2374 42.0% 

2019 3583 2207 1376 38.8% 

 

Note. This table summarizes the total number of reported infrastructure failure data points 

that were able to be located in Windsor’s open311 data for the years 2017, 2018, and 

2019. 

Source:  by author.  

 

Next, before spatial analysis could begin, a geodatabase was created to contain the 

project.  To create this geodatabase, the ArcCatalog “create new geodatabase” tool was 

used.  After the new geodatabase was created, a new feature set named “Windsor” was 

created.  This feature set was created so that a coordinate system in meters could set and 

applied to all the layers to be used in the study.  The coordinate system was set to 

UTM83 Zone 17N because the Local Moran’s I test requires that a dataset be in a 

projected coordinate system (ArcGIs Pro, 2018; Anselin, 1995; Wong & Lee, 2005).  

Meters were used as the project’s spatial extent is within Canada, a country that uses the 

metric system.  All the shapefiles were then imported into the geodatabase feature set, 

each year’s reported infrastructure issues were merged together to form 2017, 2018, and 

2019 infrastructure issues shapefiles, and analysis began. 
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The Spatial Weights Matrix 

 To determine if a given cluster is considered significant, the Local Moran’s I test 

needs weighted values (Wong & Lee, 2005).  To establish these weighted values spatial 

variance in the data must be established (Wong & Lee, 2005).  Variance can be 

established through the creation of quadrats (Wong & Lee, 2005), of which the edge 

length of each quadrat is determined by √
2𝐴

𝑟
 where (A) is the area of the study area in m2 

and ( r ) is the number of features as suggested by Greig-Smith (1952), and has been used 

by Kuletz et al. (2015), and Smith et al. (2013).  Additionally, irregular polygons can be 

used to establish variance in the data (Gallo & Ertur, 2003), where the authors used 

European regions.  The regions used were European Community Region and European 

Administrative Units as defined by Eurostat in their regional database (Gallo & Ertur, 

2003, p. 180).  The established variance allows the Local Moran’s I test to determine if 

the null hypothesis of randomly permuted values holds true, as it allows spatial 

conceptualizations between features to be created, and the non-normal distribution is 

compensated for by the selected number or permutations or simulations (Anselin, 1995, 

p.96). 

  Part of the Local Moran’s I test requires the conceptualization of how each 

feature influences the surrounding features and at which point there is no longer an 

influence.  The conceptualization is required as the Local Moran's I is a spatial 

relationship (Anselin, 1995).  The conceptualization is formed through a spatial weights 

matrix, and can be established through a variety of methods.  The choice of the spatial 

weight matrix is a difficult and controversial methodological issue in exploratory spatial 
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data analysis and spatial econometrics (Anselin 1988; Anselin & Bera 1998; Flora & Rey 

1995 in Ertur & Gallo, 2003, p. 177).  Through the method selection, the researcher 

decides the importance of each variable (Malczewski, 2006, p. 708), and it is important to 

keep in mind that all subsequent analyses are conditional to the spatial weights 

conceptualization chosen (Gallo and Ertur, 2003, p. 180).  The critical cut-off in the 

weights matrix can be expressed as a distance d or as a fixed number k of nearest 

neighbors (Gallo & Ertur, 2003, p. 177).  

Distance based conceptualizations weigh the influence of other features on the 

target feature based on a specified fixed distance band where feature i and feature j are 

considered neighbors whenever j is within a critical distance from i.  Once the distance 

threshold has been exceeded, feature j no longer holds influence on the target feature i 

(ArcGIS Pro, 2018).  As defined by Anselin (2019), this function can be written as: 

𝑤𝑖𝑗 = 1 when 𝑑𝑖𝑗 ≤ 𝛿 and 𝑤𝑖𝑗 = 0 , when the critical distance 𝛿 is exceeded 

 The degree of influence that features within the distance band have on the target 

feature can also be conceptualized to degrade as the distance from the target increases 

(ArcGIS Pro, 2018).  Distance based spatial conceptualizations have been used to 

determine the range of influence of features on the target feature in their hotspot analyses 

(Chaix et al., 2005; Kuletz et al., 2015; Prasannakumar et al, 2011; Smith et al., 2013).  

Contiguity based conceptualizations, similar to a Distance Band function, 

quantifies the influence of other features on the target feature.  The queen’s case is a 

polygon contiguity conceptualization, which considers contiguity of edges and corners.  

Queen’s case excludes target features that do not share an edge or corner with the target 
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feature i from the computation, and is best used when spatial relationships are a function 

of similar polygons in close proximity (ArcGIS Pro, 2018).  This relationship is 

expressed as: 

𝑤𝑖𝑗 = 1 when j shares a boundary with i and 𝑤𝑖𝑗 = 0  

when j does not share a boundary with i. 

Finally, the k nearest neighbor conceptualization assesses features within the 

spatial context of a specified number of its closest neighbors (ArcGIS Pro, 2018), 

calculated from a great circle distance between polygon centroids, such that each polygon 

has k number of neighbors (Anselin, 2019; Gallo & Ertur, 2003, p. 180).  Nearest 

neighbor matrices are used in a variety of contexts (Baller et al; 2001; Diggle & 

Cheywynd, 1991; Gallo & Ertur, 2003; Jacquez et al., 2005; Pace & Barry, 1997).  This 

relation can be defined as: 

𝑤𝑖𝑘(𝑘) = 0 if i = j 

𝑤𝑖𝑘(𝑘) = 1 if  𝑑𝑖𝑗 ≤ 𝑑𝑖(𝑘) and 𝑤𝑖𝑗
∗ (𝑘)/ ∑ 𝑤𝑖𝑗(𝑘)𝑗   

𝑤𝑖𝑘(𝑘) = 0 if 𝑑𝑖𝑗 > 𝑑𝑖(𝑘) 

 

Spatial Weights Matrix Creation 

The Moran’s I test is a spatial indicator (Anselin, 1995), thus a way to 

conceptualize the manner and degree to which features relate to one another, or the 

weight to which each feature influences another, was needed.  To conceptualize the 

spatial weights matrix, the polygons for the dissemination areas were used.  

Dissemination area polygons were used, similar to the use of regional polygons for 
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Europe in (Gallo & Ertur, 2003), to limit the amount of bias that would be introduced into 

the data through the use of quadrats in the regression performed later on.  The issue of 

bias comes in the preservation of the socioeconomic data within each dissemination area 

polygon.  In the event quadrats were used to establish variance, there would be quadrat 

cells that crossed multiple dissemination areas.  In this event, a decision would have 

needed to be made on how to assign the dissemination area information to that quadrat, 

either as a sum or average, which would have induced bias into the data.  The decision 

would have induced bias as the researcher made a conscious decision to preserve or 

neglect certain intricacies of the data (Malczewski, 2006, p. 708). 

 The variable that was used to add weight to the dissemination areas polygons in 

the weight matrix for the data was decided to be infrastructure issues per capita.  The per-

capita infrastructure issues was used to standardize, and to mitigate, inherent bias in 

citizen science data (Bonney et al., 2009; Crowley et al., 2012; Offenhuber, 2014), where 

areas with greater population are likely to have a greater number of reports.  To create the 

infrastructure issues per-capita variable, the reported infrastructure issues point layer was 

joined to the dissemination area layer based on spatial location, with intersection as the 

requirement.  This created a shapefile of dissemination areas with a Count_ column in its 

attribute table, which contained the number of reported infrastructure issue points 

contained within each dissemination area.  Next, a new field was created named 

percapita, and the field calculator tool with the function percaptia=Count_/Pop_2016 

was used to determine the infrastructure issues per capita.  All data processing was then 

performed in ArcGIS 10.6 and GeoDa v1.14 software. 
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To conceptualize the spatial relationships between the features, the k nearest 

neighbor conceptualization was selected.  The k nearest neighbor conceptualization was 

selected due to the use of dissemination area polygons, which were not equal in size. 

When irregularly sized polygons are used, the conceptualization of spatial relations used 

is suggested to need to be less restrictive than first order contiguities (Chaix et al, 2006; 

Diggle & Chetwynd, 1991; Gallo & Ertur, 2003; Jacquez et al., 2005; Prasannakumar et 

al., 2011).  In each of these studies, a fixed distance band or neighbor-based 

conceptualization of spatial relations was used with data contained within irregular 

polygon features.  The k nearest neighbor conceptualization ensures that each polygon 

has exactly k number of neighbors, and was selected to avoid the issues associated with 

the use of a fixed distance band conceptualization.  The k nearest neighbor weights 

matrix was calculated with the below function, which is the recommended minimum as 

suggested by Kelejian and Prucha (2007): 

𝑘 = √𝑛
3

 

where n is the number of features, and k is the number of neighbors.  In this study there 

were 376 dissemination area features within the boundary of Windsor such that n = 376, 

and k = 7. 

 

Exploratory Spatial Data Analysis (Global Moran’s I) 

As the Local Moran’s I is a decomposition of global spatial autocorrelation 

(Anselin, 1995, p.94), a Global Moran’s I test was performed first as part of the 

exploratory data analysis to determine if the data had significant variation from a random 
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distribution.  The Global Moran’s I Statistic was first suggested by Moran (1948), and 

can be expressed as: 

𝐼 =
∑ ∑ 𝑤𝑖𝑗𝑧𝑖𝑗 ∗ 𝑧𝑗/𝑆0𝑗𝑖

∑ ∗ 𝑧𝑖
2

𝑖 /𝑛
 

where 𝑤𝑖𝑗 is the features of the spatial weights matrix, 𝑆0 = ∑ ∑ 𝑤𝑖𝑗𝑗𝑖  is the sum of all 

the weights, and n is the number of observations.  The above equation calculates the 

mean and variance for the attribute under evaluation (in the case of this test, the per-

capita reported infrastructure issues).  Once the variance has been calculated, for each 

feature value, the mean is subtracted which creates a deviation from the mean (ArcGIS 

Pro, 2018).  The deviation values for all neighboring features are then multiplied together 

to create a cross-product, which is then summed in the numerator of the equation 

(ArcGIS Pro, 2018).  The numerator is then normalized by the variance of the attribute 

under question such that in most cases the result falls between -1.0 and +1.0.  A result 

close to -1.0 indicates a dispersed pattern, and a result closer to +1.0 indicates a clustered 

pattern (Anselin, 1995, ArcGIS Pro, 2018). 

   The global test was done with the “Moran’s I Statistic” tool in ArcMap 10.6 and 

the “Moran’s I with Empirical Bayes rate” tool in GeoDa 1.14 with 1000 permutations as 

a second method to test for global clusters.  The Empirical Bayes rate is a standardization 

method to correct the Moran’s I spatial autocorrelation test statistic for varying 

population densities across observational units, when the variable of interest is a rate or 

proportion (Assunção and Reis, 1999), as is the case with the per capita variable used in 

this study.   
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The standardization of the raw rate 𝑟𝑖is represented as: 

𝑧𝑖 =
𝑟𝑖 − 𝛽

√𝛼 + (
𝛽
𝑃𝑖

)

 

where 𝛽 is an estimate of the mean and the denominator as an estimate of the standard 

error (Assunção & Reis, 1999). 
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Figure 1 

Global Moran’s I statistic results for 2017 as produced by ArcMap 10.6 

 

Note.  This figure depicts the results of the Moran’s I statistic when applied to the 

reported infrastructure issues per capita on the dissemination area level in the year 2017 

for Windsor. 

Source:  by author.    
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Figure 2 

Global Moran’s I statistic results for 2018 as produced by ArcMap 10.6 

 

Note.  This figure depicts the results of the Moran’s I statistic when applied to the 

reported infrastructure issues per capita on the dissemination area level in the year 2018 

for Windsor. 

Source: by author. 
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Figure 3 

Global Moran’s I statistic results for 2019 as produced by ArcMap 10.6 

 

Note.  This figure depicts the results of the Moran’s I statistic when applied to the 

reported infrastructure issues per capita on the dissemination area level in the year 2019 

for Windsor. 

Source: by author. 
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 The Global Moran’s I statistic test for the 2017 and 2019 reported infrastructure 

issues datasets produced significant results that were significantly different from random 

for per-capita clusters at the dissemination area scale across Windsor.  The results for 

2017 had a z-score of 1.943343 and a p-value of 0.051975, which indicated that there was 

less than a 10% chance that the observed pattern in the results occurred by chance (Figure 

1).  The results for 2019 had a z-score of 1.703833 and a p-value of 0.088412, which 

indicated that there was less than a 10% chance that the observed pattern occurred by 

chance (Figure 3).  Contrary to the Moran’s I statistic test run in ArcMap 10.6 for the 

2017 and 2019 datasets, the dataset for 2018 produced results of not significantly 

different from random.  The results for 2018 had a z-score of 1.603974 and a p-value of 

0.108720 (Figure 2).  The results that were produced by the Global Moran’s I test in 

ArcMap 10.6 indicated that only the 2017 and 2019 datasets had an observed distribution 

that was clustered as opposed to random for per-capita reported infrastructure issues.  

These results indicated that the Local Moran’s I statistic test only needed to be performed 

on the 2017 and 2019 datasets, and not the 2018 dataset.  However, when the second 

exploratory test was run, the “Moran’s I with Empirical Bayes rate” tool in GeoDa 1.14, 

which is explored in the next section, the results for the 2018 dataset reported a pattern of 

clustering significantly different from random as well.    

 

Exploratory Spatial Data Analysis (Moran’s Scatterplot) 

A second form of exploratory spatial data analysis is the Moran’s Scatterplot, 

where the x-axis is the original variable's z-scores, and the y-axis is the weighted average 

of the neighboring spatial object's z-scores, where the slope of the linear fit to the 
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scatterplot equals the Moran’s I value (Anselin, 1995; Anselin, 2019; Gallo & Ertur, 

2003).  As the plot is centered on the mean, points to the right of the mean have  𝑧𝑖 > 0 

and all points to the left have  𝑧𝑖 < 0 respectively referred to as high and low compared 

to the average (Anselin, 2019).  The plot is then divided into four quadrants, each of 

which help to identify atypical features within the global pattern.  The upper-right 

quadrant and the lower-left quadrant correspond with positive spatial autocorrelation, or 

high-high and low-low spatial autocorrelation.  Additionally, the lower-right and upper-

left quadrant correspond to negative spatial autocorrelation, or high-low and low-high 

spatial autocorrelation (Anselin, 2019; Gallo & Ertur, 2003, p. 186; Wong & Lee, 2005).  

Each point on the plot represents an individual feature in the dataset (Anselin, 2019).  

The calculation of the Moran’s I is expressed as: 

𝐼 =
∑ (𝑧𝑖 ∗ ∑ 𝑤𝑖𝑗𝑧𝑗)𝑗𝑖

∑ 𝑧𝑖
2

𝑖

 

where the slope of the regression is ∑ 𝑤𝑖𝑗𝑧𝑗𝑗  on 𝑧𝑖. 

Next, the Moran’s Scatterplot was produced with the “Univariate Moran’s I” tool.  

Here, per capita was chosen as the variable, and the previously produced k nearest 

neighbor weights matrix with k = 7 selected as the spatial weights conceptualization, and 

run with 1000 permutations. 
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Figure 4 

Moran’s I Scatterplot results for 2017 

 

Note.  This figure depicts the Moran’s scatterplot results for the reported infrastructure 

issues per capita on the dissemination area level in the year 2017 for Windsor. Each point 

represents a feature, and the Moran’s I index of 0.052 is represented by the slope of the 

line on the graph. 

Source: by author. 
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Figure 5 

Moran’s I Scatterplot results for 2018 

 

Note.  This figure depicts the Moran’s scatterplot results for the reported infrastructure 

issues per capita on the dissemination area level in the year 2018 for Windsor.  Each 

point represents a feature, and the Moran’s I index of 0.042 is represented by the slope of 

the line on the graph. 

Source: by author. 
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Figure 6 

Moran’s I Scatterplot results for 2019 

 

Note.  This figure depicts the Moran’s scatterplot results for the reported infrastructure 

issues per capita on the dissemination area level in the year 2019 for Windsor.  Each 

point represents a feature, and the Moran’s I index of 0.046 is represented by the slope of 

the line on the graph. 

Source: by author. 

 

 In the year 2017 (Figure 4), the Moran’s Scatterplot for the per capita reported 

infrastructure issues at the dissemination area scale resulted in a Moran’s index of 0.052.  

The Moran’s Scatterplot for the per capita reported infrastructure issues at the 

dissemination area scale in 2018 (Figure 5) resulted in a Moran’s index of 0.042.  In 2019 

(Figure 6) the per capita reported infrastructure issues at the dissemination area scale 
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produced a Moran’s index of 0.046.  In all three years, a large portion of the result plots 

are located in around the average, with some noticeable extension into the upper right 

quadrant, which represents a high-high cluster.  The Global statistic must then later be 

decomposed as there is no discrimination in locations of spatial clustering of high and 

low values in the case of a global positive spatial autocorrelation (Anselin, 1995, Gallo & 

Ertur, 2003, p. 182). 

 

Local Statistics 

The Getis-Ord Gi* and the Local Moran’s I tests are the two most known 

techniques to discover the locations of significant spatial clusters.  Both the tests 

decompose the global indication to a local level and aim to discover if there is a 

statistically significant clustering result or not (Anselin, 1995, p. 94; Getis & Ord, 1992, 

p. 190).  The global statistic must be broken down to assess the regional structure of the 

spatial autocorrelation (Getis & Ord, 1992). Though similar in operation and objective, 

the Getis Ord-Gi* and Local Moran’s I each go about the task in different ways. 

The Getis Ord-Gi* statistic measures the degree of association resultant from the 

concentration of weighted points and all other weighted points included within a radius of 

a specified distance from the original point to detect “pockets” of dependence (Getis & 

Ord, 1992, p. 190) and can be represented as: 

  𝐺𝑖
∗ =

∑ 𝑤𝑖𝑗𝑥𝑗𝑗

∑ 𝑥𝑗𝑗
 

where 𝑤𝑖𝑗 is the features of the spatial weights matrix, and 𝑥𝑖 is the value of feature i. 
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Each feature is compared to its neighbor features, and this local summation then 

compared to the global sum of the dataset.  If a feature’s value is high and the values for 

all neighboring features are also high, it is part of a hotspot, and vice versa for cold spots 

(Getis & Ord, 1992).  Though the Getis-Ord Gi* test has been used successfully in 

spatio-temporal cluster analysis (Kuletz et al., 2015; Prasannakumar et al, 2011; Smith et 

al., 2013), a Local Moran’s I test was conducted in this research to determine if there 

were significant clusters of reported infrastructure locations in this research.   

Similar to the Getis-Ord Gi* test, the Local Moran’s I test has been used 

successfully in the literature as a tool to detect clusters.  Traffic cluster detection studies 

show the applicability of GIS and the Local Moran’s I function to urban uses (Xie & 

Yan, 2013; Steenberghen et al., 2003).  The primary reason the Local Moran’s I test was 

chosen is its ability to detect, as with the Gi*, concentrations of high values, and low 

values, but additionally spatial outliers in a dataset (Anselin, 1995, ArcPro, 2018)  The 

ability of the Local Moran’s I test to identify concentrations of high and low values fits 

the objective of this study to detect areas of high and low concentrations of reported 

infrastructure failures across The City of Windsor. The second reason the Local Moran’s 

I test was selected over the Getis-Ord Gi* test was to conduct a Differential Moran’s I 

calculation, outlined in (Anselin, 2019), as part of the temporal component of the analysis 

which was conducted successive to the spatial component. 

The Local Moran’s I test decomposes the global indicators of spatial 

autocorrelation into the contribution of each individual feature (Anselin, 1995, p.94), thus 

answering the question of where the clustering occurs.  The Local Moran’s I test 

indicates the extent of the spatial clustering of similar values around each given 
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observation (Anselin, 1995, p. 94), and expanded by (Gallo and Ertur, 2003) for each 

region (i) and year (t) to be written as: 

𝐼𝑖,𝑗 =
(𝑥𝑖,𝑡−𝑢𝑡)

𝑚0
∑ 𝑤𝑗,𝑡(𝑥𝑗,𝑡 − 𝑢𝑡)𝑗  with 𝑚0 = ∑ (𝑥𝑖,𝑡 − 𝑢𝑡)2/𝑛𝑖   

where 𝑥𝑖𝑡 is the observation in dissemination area i and year t, µt is the mean of the 

observations across dissemination areas in year t and where the summation over j is such 

that only neighboring values of j are included (Anselin, 1995; Gallo & Ertur 2003, p. 

179). 

 Another consideration to be made includes the need to account for the potential 

for a false positive or Type I Error.  Similar to how most local indicators of spatial 

autocorrelation tests inherently violates the independence of tests (Smith et al., 2013, p. 

235), because each feature is evaluated within the context of its neighbors (ArcGIS Pro, 

2018), the independence of tests is inherently violated here as well.  This violation may 

lead to Type I Errors, or false positives, which the Local Moran’s I test may be prone to 

as well.  A false positive is a situation in which the null hypothesis is falsely rejected.  An 

example of a false positive would be if the Local Moran’s I test labeled a high 

concentration of reported infrastructure issues within a given dissemination area, when 

there actually is not.  To help mitigate a false rejection of the null hypothesis, a false 

discovery rate can be applied (Shaffer, 1995, p. 566), which estimates the number of false 

positives for a given confidence level and adjusts the critical p-value accordingly 

(ArcGIS Pro, 2018).  In this estimation “statistically significant p-values are ranked from 

smallest (strongest) to largest (weakest), and based on the false positive estimate, the 

weakest are removed from this list” (ArcGIs Pro, 2018).  This will produce a test result 



44 
 

that is less prone to a Type I Error for the spatial component of the spatio-temporal 

cluster analysis.  The false discovery rate test is preferred to more conservative tests such 

as 𝛼/𝑛, the Bonferroni correction (Bonferroni, 1936). 

 

Local Indicators of Spatial Association Methodology and Results 

 The Local Moran’s I test was run with the “Local Moran’s I with Empirical Bayes 

rate” tool to once again correct the test statistic for varying population densities across 

observational units, when the variable of interest is a rate or proportion (Assunção and 

Reis, 1999).  A k nearest neighbor conceptualization was used in the Local Moran’s Test 

for the same reason it was selected in the global test.  The false discovery rate option was 

enabled, and permutations set to 1000 as part of the Local Moran’s I test to account for 

the inherent violation of independence of tests present in local spatial statistics, and to 

stabilize any possible non-normalities in the data (Smith et al., 2013, p. 235), and limit to 

the potential of a Type I Error (Anselin, 1995; ArcGIS Pro, 2018; Shaffer, 1995, p. 566).  
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Figure 7 

Local Moran’s I Statistic by Dissemination Area in Windsor, 2017 

 

Note.  This figure shows the results of the Local Moran’s I statistic when applied to the 

reported infrastructure issues per capita on the dissemination area level in the year 2017 

for Windsor. 

Source:  by author.  
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Figure 8 

Local Moran’s I Statistic by Dissemination Area in Windsor, 2018 

 

Note.  This figure illustrates the results of the Local Moran’s I statistic when applied to 

the reported infrastructure issues per capita on the dissemination area level in the year 

2018 for Windsor. 

Source: by author. 
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Figure 9 

Local Moran’s I Statistic by Dissemination Area in Windsor, 2019 

 

Note.  This figure illustrates the results of the Local Moran’s I statistic when applied to 

the reported infrastructure issues per capita on the dissemination area level in the year 

2019 for Windsor. 

Source: by author. 

 

 The Local Moran’s I statistic results for 2017 (Figure 7) discovered 11 high-high 

clusters, 20 low-low clusters, 16 low-high clusters, and 7 high-low clusters across the 

extent of Windsor when reported infrastructure issues per-capita were examined on the 

dissemination area scale.  The Local Moran’s I statistic results for 2018 (Figure 8) 

discovered 9 high-high clusters, 28 low-low clusters, 15 low-high clusters, and 5 high-low 

clusters across the extent of Windsor when reported infrastructure issues per-capita were 
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examined on the dissemination area scale.  Finally, the Local Moran’s I statistic results 

for 2019 (Figure 9) portrayed 7 high-high clusters, 19 low-low clusters, 13 low-high 

clusters, and 6 high-low clusters across the extent of Windsor when reported 

infrastructure issues per-capita were examined on the dissemination area scale.   

 

Differential Moran’s I Statistic 

 The second part of the spatio-temporal cluster analysis required the input of a 

temporal component.  In this analysis, the temporal components were the years 2017, 

2018, and 2019.  To analyze how the spatial clusters determined in the Local Moran’s I 

test changed through time, a Differential Moran’s Test was be used.  The Differential 

Moran’s Test interprets change in locational values between two different points in time 

(Anselin, 2019).  The test produces a result where the change in the variable at a location 

over time is matched by similar/dissimilar changes in the surrounding locations (Anselin, 

2019). The Differential Local Moran’s I is represented through the expression: 

𝐼𝐷,𝑖 = 𝑐(𝑦𝑖,𝑡 − 𝑦𝑖,𝑡−1) ∑ 𝑤𝑖𝑗(𝑦𝑖,𝑡 − 𝑦𝑖,𝑡−1)

𝑗

 

which consists of the cross product difference between 𝑦𝑡 𝑎𝑛𝑑 𝑦𝑡−1, where 

𝑦𝑡 𝑎𝑛𝑑 𝑦𝑡−1represent each time, at location i with an associated spatial lag value 

(Anselin, 2019).  Through the interpretation of a result with either two positive, two 

negative, or one positive and one negative value, a conclusion can be drawn on the nature 

of the change at a location between two points in time. “When both positive and negative 

change values are present, the high-high locations will tend to be locations with a large 
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increase (positive change), surrounded by locations with similar large increases. The low-

low locations will be observations with a large decrease (negative change), surrounded by 

locations with similar large decreases. Spatial outliers will be locations where an increase 

is surrounded by a decrease and vice versa” (Anselin, 2019).  Thus, interpretation of the 

result depends on the sign of the differential statistic. 

 

Differential Moran’s I Statistic Methodology and Results 

 To run the Differential Moran’s I Statistic test, GeoDa 1.14 was used.  First, the 

Local Moran’s I Statistic results were combined into a single shapefile’s attribute table, 

such that the difference function could be run between the results for the different years.  

Next, a spatial weights matrix was made with the k-nearest neighbors function set to have 

7 neighbors, as before.  The time editor tool was then used to set up the three differentials 

that were run – 2017 to 2018, 2017 to 2019, and 2018 to 2019.  The Differential Moran’s 

I tool in GeoDa 1.14 was then used to produce the Differential Moran’s I Statistic results, 

with the input changed each time for each of the three temporal comparisons performed. 
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Figure 10 

Differential Moran’s I Statistic by Dissemination Area in Windsor, 2017 to 2018 

 

Note.  This figure illustrates the results of the Differential Moran’s I statistic when 

applied to the reported infrastructure issues per capita on the dissemination area level 

differencing the years 2017 and 2018 for Windsor. 

Source: by author. 
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Figure 11 

Differential Moran’s I Statistic by Dissemination Area in Windsor, 2017 to 2019 

 

Note.  This figure illustrates the results of the Differential Moran’s I statistic when 

applied to the reported infrastructure issues per capita on the dissemination area level 

differencing the years 2017 and 2019 for Windsor. 

Source: by author. 
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Figure 12 

Differential Moran’s I Statistic by Dissemination Area in Windsor, 2018 to 2019 

 

Note.  This figure illustrates the results of the Differential Moran’s I statistic when 

applied to the reported infrastructure issues per capita on the dissemination area level 

differencing the years 2018 and 2019 for Windsor. 

Source: by author. 

 

 When the difference between the years 2017 and 2018 (Figure 10) was computed 

with the Differential Moran’s I tool, 340 dissemination areas appeared as not significant 

which indicates that the per capita number of reported infrastructure issues remained the 

same between the years.  Additionally, there were 16 dissemination areas with high-high 

identifications, which indicates a positive change, or large increase in per capita reported 
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infrastructure issues compared to the 6 low-low negative change, or large decreases in per 

capita reported infrastructure issues. 

 When the difference between the years 2017 and 2019 (Figure 11) was calculated 

with the Differential Moran’s I tool, 335 dissemination areas appeared as not significant.  

There were 10 dissemination areas with high-high identifications, which indicates a 

positive change, and 9 low-low negative change, or large decreases in per capita reported 

infrastructure issues.  Furthermore, when the difference between the years 2018 and 2019 

(Figure 12) was calculated with the Differential Moran’s I tool, 330 dissemination areas 

appeared as not significant.  Additionally, 7 dissemination areas appeared with high-high 

identifications, which indicates a positive change, and 13 low-low negative change, or 

large decreases in per capita reported infrastructure issues. 

 

Discussion of the Spatio-Temporal Cluster Results 

 The results of the Local Moran’s I test disprove the null hypothesis that reported 

infrastructure damages per capita occur randomly across the extent of Windsor.  Though 

the results produced from the Local Moran’s I test conducted in this research were not as 

robust as the results of other spatial autocorrelation tests (Chaix et al., 2006; Gallo & 

Ertur, 2003; Kuletz et al., 2015; Prasannakumar et al., 2011; Smith et al., 2013), the 

results still showed support to reject the null hypothesis.  The differences in this 

research’s results from the results reported in the literature are attributed to data quality, 

data structure, and methodological approaches. 
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The Moran’s I index produced by the scatterplot for each year 2017 (0.052), 2018 

(0.042), and 2019 (0.046) were not as strong as the results produced in Chaix et al. 

(2006), and Gallo et al. (2003), both of which had Moran’s I indices well above the 

average value of 0.  When compared to the study by Prasannakumar et al. (2011), the 

Moran’s I indices produced by the data in this study are more comparable in value, and 

Prasannakumar et al. (2011) still concluded a rejection of the null hypothesis in their 

study.   

The Moran’s Scatterplot is only meant to serve as an exploratory tool, as it does 

not provide a significance result, thus any indication of a pattern by the scatter plot 

should be investigated with the use of a local assessment (Anselin, 1995, 2019, Gallo & 

Ertur, 2003).  Given that the scatter plots produced in this study for 2017 (Figure 4), 2018 

(Figure 5), and 2019 (Figure 6), all indicated some degree of pattern, and Prasannakumar 

et al. (2011) was still able to conclude a rejection of the null with Moran’s I indices less 

conclusive than those found in this study.  Aditionally, as Chaix et al. (2006), and Gallo 

and Ertur. (2003) still conducted a local assessment before their final conclusions, it was 

seen as appropriate to conduct a local assessment. 

As seen in the results, the local assessment for 2017 (Figure 7), 2018 (Figure 8), 

and 2019 (Figure 9) detected clusters of significance within the data.  The detection of 

significant clusters in the local assessment fall in line with the Moran’s I indices found as 

part of the exploratory scatter plots to further support the rejection of the null hypothesis.  

The suggestion of a significantly-different-than-random spatial distribution in the data by 

the values Moran’s I indices found in the exploratory scatter plots was further explained 

in the local assessment for each of the years.  The year 2017 (Figure 7), had 48 of the 376 
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dissemination areas indicate significant clustering at a 95% confidence interval, 2018 

(Figure 8) had 57 of the 376, and 2019 had 45 of the 376 dissemination areas indicate 

significant clustering at a 95% confidence interval.  The results of the local assessment 

conducted in this research, and the conclusion of a weak rejection of the null hypothesis, 

are subject to two limitations. 

The first limitation was the quality and structure of the data used in the analysis.  

The data used for the reported infrastructure issues in Windsor was collected through an 

open311 system, which can be described as a form of citizen science.  Data collection 

through citizen science methods is subject to inherent forms of bias (Bonney et al. 2009; 

Offenhuber, 2014), which will inherently project through to the results of the study.  This 

bias is the result of people’s ability to want to or be able to participate in data collection 

(in the case of this study to report an infrastructure issue), and the natural uneven 

distribution of the population across the area (Offenhuber, 2014, pp. 94-97).  

Additionally, citizens may be more inclined to report certain type of infrastructure issues 

over others.  For example, it is much easier to report a pothole then a water main leak. 

One recommendation to improve citizen science reporting to assist future studies, is the 

gamification of data collection to make it more engaging and motivate more citizens to 

participate (Crowley et al., 2012).  The characteristics of citizen science pre-emptively 

biased the distribution of the reported infrastructure issues across Windsor, and was seen 

as the first limitation to the study. 

Additionally, the quality and structure of the documentation of the open311 data 

by Windsor was another limitation to the study.  Windsor documented open311 reports of 

infrastructure issues based on city block number and street, not an exact longitudinal and 
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latitudinal coordinate.  This aggregation of scale of reported point data to the city block 

scale reduced the accuracy and spatial variability of the data.  Additionally, not all 

documented reports contained a city block number record, thus had to be aggregated up 

to the street level, which further reduced the accuracy and spatial variability of the data 

when geocoded for the study.  The loss of spatial variability in the reported infrastructure 

point data, through an aggregation to the street level as result of data quality limitations, 

may have influenced the limited number of significant clusters and the strength of the 

results.  Furthermore, when the reported infrastructure issue location records were 

geocoded, the process was met with a failure rate (Table 1), due to the limited quality and 

structure of the dataset.  

Second, the methodological approach of this study, and its differences from the 

methods of other studies found in the literature, is worth discussion.  First, this study 

utilized irregular polygons as its areal units for the data (Chaix et al., 2006; Gallo & 

Ertur, 2003; Prasannakumar et al., 2011).  Unlike the studies that utilized quadrats 

(Kuletz et al., 2015; Jacquez et al., 2005; Smith et al., 2013), this study utilized 

dissemination areas for Windsor as defined by Statistics Canada (2019).  The reason 

dissemination areas were used was to preserve the integrity of the socio-economic data 

contained within them for the analysis, and prevent bias.  The need to use the 

dissemination areas over quadrats forced the study to use 376 features for each year’s 

analysis, opposed to the varied amount of quadrat features that would have been 

produced for each year through the use of the √
2𝐴

𝑟
  recommendation (Greig-Smith, 1952).  
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Additionally, the use of dissemination areas, which are irregular polygons, limited 

the conceptualization of spatial weights options for the study.  To accommodate for 

irregular polygons, fixed distance or nearest neighbor functions needed to be used as 

suggested by (ArcGIS Pro, 2018).  Unlike Prasannakumar et al. (2011), this study did not 

use a fixed distance band to evaluate the irregular polygons, such to avoid the issues 

associated with the use of a fixed distance conceptualization.  This study used a nearest 

neighbor conceptualization, specifically the k nearest neighbor function was used to 

ensure each feature had k neighbors (Chaix et al., 2006; Gallo & Ertur, 2003).  Instead of 

a starting minimum value of k = 10 (Gallo & Ertur, 2003, p. 180), this study was able to 

make use of the recommended k value calculation proposed by (Kelejian & Prucha, 

2007).  It is this difference in the number of neighbors, with k = 7 in this study which 

utilized 376 features, and the k = 10 as the minimum value, increasing by 5 each time up 

to k = 25 for 128 features (Gallo & Ertur, 2003), which may explain the difference in the 

of the results for the local assessment in this research that used k = 7. 

The results of the Differential Moran’s I statistics offer insight into the 

persistence, and lack of, reported infrastructure issues in different dissemination areas 

across Windsor through time.  From the years 2017 to 2018 (Figure 10), the statistic 

discovered 340 dissemination areas as not significant, opposed to the 335 dissemination 

areas discovered as not significant between 2017 to 2019 (Figure 11).  Though minor, 

this suggests an improvement in Windsor’s ability to address infrastructure issues.  The 

decrease in high-high or large increases in per-capita reported infrastructure issues from 

16 dissemination areas when 2017 and 2018 were compared (Figure 10) to 10 when 2017 

and 2019 were compared (Figure 11) further supports the idea that Windsor has improved 
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its ability to address infrastructure issues, or has at least repaired more of its 

infrastructure, from 2018 to 2019.  Additionally, when the Differential Moran’s I statistic 

result for the difference between 2018 and 2019 (Figure 12) is interpreted, the even lower 

330 not significant or dissemination areas of no change, and 7 high-high or areas of 

positive change, suggest that most of the change observed between 2017 and 2019 

occurred in the year 2018. 

The reason a three-year scale was used for the temporal comparison part of this 

research comes down to two main reasons.  First, infrastructure maintenance tends to be 

accomplished on a much shorter time frame of a year than larger development projects 

such as constructing a new highway that may take 5+ years.  Second, a three year, or in 

some cases even an annual, timeframe can still be used to determine if certain areas are 

being entirely neglected or not.  This was seen in the results of the Differential Moran’s I 

where the locations of positive and negative change where different from 2017 to 2018 

(Figure 10), compared to 2018 to 2019 (Figure 12).  Second, Windsor only had datasets 

available for 2017, 2018, and 2019, so the study was inherently limited by the data.  But, 

given it was successful in detecting changes in only a three-year span, it can be expected 

that once a 5- or 10-year dataset becomes available, the differences and thus ability to 

draw conclusions on the patterns will be even more pronounced. 

 The Differential Moran’s I statistic results warrant further investigation into the 

locations of the dissemination areas with large negative change, or low-low, results.  A 

large negative change in the case of the Differential Moran’s I statistic suggests that the 

value was less in the first year compared to the second.  For example, when 2017 and 

2018 were analyzed (Figure 10), there were 6 low-low dissemination areas These 6 
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dissemination areas had less reported infrastructure issues per-capita in 2017 compared to 

in 2018.  This suggests a persistence or increase in the number of infrastructure issues in 

these dissemination areas in Windsor. 

The local assessment and Differential Moran’s I statistics offer insight into the 

locations and persistence of reported infrastructure issues across the spatial extent of 

Windsor.  Though insightful and significant, these results can be supplemented with a 

regression analysis.  A more thorough picture of the pattern of infrastructure conditions in 

Windsor can be created when the results of the spatial analysis performed in this chapter 

are correlated against income data in a regression analysis.  This regression will be the 

focus of the next chapter. 
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Chapter 3: Multinomial Regression Analysis 

 As part of the spatial analysis process, regression offers insights into the 

correlations and potential predictors to the spatial patterns observed in Windsor.  A 

regression analysis offers a comparison between a response variable y and an explanatory 

variable x to interpret the degree to which the two are associated.  The response variable 

is defined as “the variable whose variation the researcher wants to understand, and the 

explanatory variable is defined as a variable that is associated with the variation in the 

response variable” (Crawley, 2005, p. 1).  Additionally, regression analysis be used as a 

statistical method to evaluate the relationship between response and explanatory variables 

(Crawley, 2005; Sen and Srivastava, 2012; Zou et al, 2003).  The relationship in question 

when a regression analysis is performed is how a change in the explanatory variable 

affects the response variable (Sen and Srivastava, 2012, p. 1). 

 Before an actual regression model can be constructed for spatial data, it is 

important to conduct an exploratory spatial data analysis as part of the regression analysis 

process.  The exploratory spatial data analysis allows the researcher to select the 

regression model and conceptualization that will best fit the data (Wakefield, 2006, p. 

163).  Part of the exploratory spatial data analysis, and the effort to decide on the 

regression model that will best fit the data, is the identification of the response and 

explanatory variables of interest.  To test the theory that city infrastructure distributions 

are uneven due to economic factors (Chi and Zhu, 2008, p. 20), the explanatory variable 

for this study was median household income at the dissemination area scale in Windsor.  

Furthermore, the response variable was identified as if there was a significant amount of 

infrastructure issues clustered in a given dissemination area or not.  In other words, the 
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results of the Local Moran’s I test.  Once the response variable was defined through the 

Local Moran’s I test, a regression model could be chosen. 

A regression analysis has various forms, and the most common approach to 

interpret the association between a response and explanatory variable is a linear 

regression model (Crawley, 2005; Darlington & Hayes, 2016a; Sen & Srivastava, 2012; 

Stoltzfus, 2011; Zou et al., 2003).  This simple linear model can be depicted as: 

𝑦 = 𝑎 + 𝑏𝑥     

where y is the response variable, x is the explanatory variable, a is the intercept, and b is 

the slope, or strength of the association between y and x.  The goal of the linear 

regression model is to find the values of the slope and intercept that predict the data most 

closely, or minimize the error sum of squares for the data points (Crawley, 2005, p. 129; 

Darlington and Hayes, 2016a, pp. 21- 24). 

Once a line has been fitted to the data that minimizes the error sum of squares, 

there will still be points that do not fall on the line.  The difference between the value of 

the data point and its predicted value from the fitted model is referred to as the residual 

(Chi and Zhu, 2008, p. 29; Crawley, 2005, p. 129; Darlington and Hayes, 2016a, p. 23).  

Once a fitted line for the linear regression model has been created, the strength of the 

association between the variance in the response variable and change in the explanatory 

variable can be measured.  This measure of fit is referred to as 𝑟2and produces a value 

that ranges from 0 to 1.  A value closer to 1 suggests a stronger association between the 

response and explanatory variable, or a well fit model, and a value closer to 0 represents a 

weaker association between the response and explanatory variable (Crawley, 2005, p. 
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143).  Though the linear regression model is the most common approach to interpret an 

association between two variables (Crawley, 2005; Chi & Zhu, 2008; Zhang et al., 2009; 

Zou et al, 2003), through the evaluation of the applicability of linear regression models to 

multiple forms of data, it is suggested to adjust the linear model in certain use cases (Chi 

& Zhu, 2008; Griffith, 2000; Osgood, 2000; Wakefield, 2006; Zhang et al., 2009). 

 The main concerns with the linear regression model come from the structure of 

the data under consideration, and underlying assumptions (Chi & Zhu, 2008; Crawley, 

2005; Darlington & Hayes, 2016b; Griffith, 2000; Osgood, 2000; Stoltzfus, 2011; 

Wakefield, 2006; Zhang et al., 2009).  A linear regression model applies well to data that 

utilizes continuous variables, or real numbers with decimal places (Crawley, 2005, p. 

125).  The potential inappropriateness of the linear regression model to certain structures 

of data raised in the literature applies to the data used in this study.  The explanatory 

variable, median household income, can be defined as a continuous integer in the data 

set.  The response variable, the dissemination area possessing a significant amount 

infrastructure issues or not, cannot be defined as continuous or an integer.  In the case of 

the data in this study, the response variable is nominal.  When the response variable is 

nominal, a binary or multinomial logistic regression model must be applied. 

A binary variable is defined as only a 1 or a 0 in value, or a value of yes or no 

respectively (Crawley, 2005, p. 269).  In the case of the data in this research, the binary 

response variable is either ‘yes’ the dissemination area was significant, or ‘no’ the 

dissemination area was not significant.  In order to make use of the binary response 

variable in a regression analysis, there must be an explanatory variable for every 

individual case (Crawley, 2005, p. 270), which is a criterion satisfied in the data for this 
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study.  The question then becomes what regression model is appropriate to use when a 

binary response variable is involved. 

When a binary response variable is involved, the solution is to move to a logistic 

regression model.  A logistic regression creates a curve to fit the data in which the 

probability of a given binary outcome in the response variable is estimated (Bewick et al., 

2005, p. 112; Stoltzfus, 2011, p. 1100).  In other words, the logistic regression model 

interprets the influence the explanatory variable has on the probability that the response 

variable has a particular outcome (Crawley, 2005, p. 270).  For example, “if the 

probability of an outcome is p then the probability of obtaining y is given by: 

𝑃(𝑦)  = 𝑝𝑦(1 − 𝑝)(1−𝑦) 

and the objective is to determine how the explanatory variable influences the values of p” 

(Crawley, 2005, p. 270).   

 The concern when a logistic regression model is used comes in the differences in 

the structures of the binary response variable, and the explanatory variable (Bewick et al., 

2005; Crawley, 2005; Stoltzfus, 2011).  A binary outcome expressed as a probability 

must fall between 0 and 1.  In contrast, the explanatory variables in the linear regression 

equation could potentially take on any number. “Without rectifying this discrepancy, the 

predicted values from the regression model could fall outside the 0-1 range” (Stoltzfus, 

2011, p. 1100).  This issue is resolved through the representation of the response variable 

estimates and their error on the logit scale (Bewick et al., 2005; Crawley, 2005; Stoltzfus, 

2011).   
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In situations where the nominal variable has more than two potential outcomes, or 

in any case where there are more than two variables in question, the binary logistic 

regression must be extended to a multinomial model.  The multinomial regression model 

is utilized when there are more than two outcomes that may be affected when there is a 

change in the explanatory variable’s value (Darlington and Hayes, 2016b, pp. 47-49).  In 

the case where the data structure may not allow the nominal variable to be binned as a 

simple yes or no outcome, and multiple unranked categories are more appropriate, a 

multinomial logistic regression model can be employed.  The multinomial regression 

model compares a factor variable to a ratio variable. The researcher may need to move 

away from a binary response of the nominal variable in the situation in which it would 

create inflated zeros, thus produce inappropriate results for the regression.  For this 

reason, the multinomial logistic regression serves as an extension of the binary model to 

better fit these types of data structures. 

When a multinomial logistic regression is performed the researcher must be aware 

of the independence of irrelevant alternative assumption.  The independence of irrelevant 

alternative assumption is the assumption that “adding or deleting alternative outcome 

categories does not affect the odds among the remaining outcomes” (UCLA: Statistical 

Consulting Group, n.d.).  To relax the independence of irrelevant alternative assumption 

in the multinomial regression, alternative models exist.  One specific model is the 

multinomial probit model (Imai & Van Dyk, 2005).  The multinomial probit model 

relaxes the independence of irrelevant alternative assumption as it assumes there may be 

inherent ordering in the choices for the outcomes of the response variable, (Imai & Van 

Dyk, 2005, p. 2), and the occurrence of one outcome may be affected by the presence of 
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other potential outcomes (Train & Croissant, 2020).  However, the probit model is only 

necessary to relax the independence of irrelevant alternative assumption in situations 

where the decision maker cannot plausibly assume distinct and independently weighted 

outcome categories in the response variable (Cheng & Long, 2007).  For example, a 

probit model would only be needed if the decision maker had to choose between walking, 

a red buss, and a blue bus – where the red and blue buses are different choices but 

technically the same in that they are both identical in everyway except color.  As the 

outcomes of the Local Moran’s I test used in the response variable can “plausibly be 

assumed to be distinct and weighed independently in the eyes of each decision maker” 

(Cheng & Long 2007; McFadden, 1974), a probit model is unnecessary for this analysis. 

It needs to be noted from an investigation of the literature that a logistic 

regression model is only appropriate in a non-spatial regression analysis context.  

Standard regression assumes that the error terms are independently, identically, and 

normally distributed (Chi and Zhu, 2009, p. 29), which is why if there is autocorrelation 

in the data, these rules have been inherently violated, and standard regression not 

appropriate.  The root of the issue when there is autocorrelation in the data is the presence 

of the normalizing constant problem - “how the normalizing constant is in the 

denominator of the regression equation, and if it is an infinite sum for an infinite region, 

then it has no closed form since it is a function of the unknown parameters” (Griffith, 

2000, p. 144).  Furthermore, the inappropriateness of the standard linear regression when 

there is dependence in the data stems from the core assumptions of the basic Poisson 

distribution equation that is assumed when conducting a standard linear regression 

analysis (Wakefield, 2006, p. 160).   
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“The basic Poisson distribution characterizes the probability of observing a 

discrete number of events, given an underlying mean count or rate of events, assuming 

that the timing of the events is random and independent” (Osgood, 2000, p. 23).  When a 

regression is performed there first needs to be the establishment of the expected number 

of cases in a given area and “a basic Poisson assumption is not able to consider extra 

variability in the data resulting from unmeasured confounders, data anomalies, and model 

misspecification” (Wakefield, 2006, p. 161).  Given the concerns of the potential 

inappropriateness of a standard regression model when spatial data is analyzed, non-

spatial logistic regression was still deemed acceptable to use in this research.  A logistic 

regression model is still considered acceptable as the goal of the analysis is to interpret an 

association between a single nominal response variable, and a single integer explanatory 

variable independent of a spatially influenced context. 

 

Creation of the Multinomial Regression Model 

 The response variable and the explanatory variable of interest needed to be 

identified before any regression model could be constructed (Crawley, 2005; Darlington 

& Hayes, 2016a; Sen & Srivastava, 2012; Stoltzfus, 2011; Wakefield, 2006).  The 

response variable for this study was identified as the local indicator of spatial 

autocorrelation assessment, or the Local Moran’s I result, for each dissemination area in 

Windsor.  This created a binary response variable with the possibility of yes the 

dissemination area was significant, or no the dissemination area was not significant.  To 

test the theory that city structures and feature distributions are uneven due to capital 

accumulation as basis of urban development (Brenner & Theodore, 2002; Flinders, 2005; 
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Squires & Kubrin, 2005; Zimmer, 2010) median household income was chosen as the 

explanatory variable. 

 Once the response and explanatory variables were defined, the regression model 

needed to be constructed.  As the response variable was binary, a binary logistic 

regression model was used to determine how the explanatory variable, median household 

income, influenced the probability of the response variable (Bewick et al., 2005; 

Crawley, 2005; Stoltzfus, 2011), or if a dissemination area would contain a significant 

amount of reported infrastructure issues.  The binary logistic regression uses a logit 

transformed scale.  The logit scale transforms the original linear regression equation to 

yield the natural log of the odds of being in one outcome category of the other (Crawley, 

2005, p. 271; Stoltzfus, 2011, p. 1100). The logit transformed function can be written as: 

𝑙𝑜𝑔𝑖𝑡(𝑝)  =  𝑎 + 𝑏𝑥 

with 𝑙𝑜𝑔𝑖𝑡(𝑝)  =  𝑙𝑛(
𝑝

1−𝑝
) where p is the probability of an event, “which is similar to a 

linear regression model, however the parameters are estimated with a method of 

maximum likelihood” (Bewick et al., 2005, p. 112). 

To conduct the logistic regression, “a single vector containing 0s and 1s needed to 

be defined as the response variable” (Crawley, 2005, p. 270).  In the case of the data for 

this study, a variable was created for each year, 2017, 2018, and 2019, based on the local 

assessment results on the dissemination area level, where 0 represented not significant 

and 1 represented any of the significant outcomes.  Additionally, the median household 

income for each dissemination area was gathered based on the 2016 Canadian census 

data.  In the context of households, “total income refers to receipts from certain sources 
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of all household members, before income taxes and deductions, during a specified 

reference period” (Statistics Canada, 2019).  It was decided that 2016 census data would 

be used for the explanatory variable in the regression, as 2016 is the most recent census 

that has been conducted in Canada.  Once the response and explanatory variables had 

been reviewed and prepared, the logistic regression model was built.  

The initial binary regression model was found to encounter the issue of inflated 

zeros based on how the explanatory variable data had been binned.  The issue of inflated 

zeros came from how only those dissemination areas that produced a high-high, high-low, 

low-high, or low-low significance result in the local assessment were binned as ‘yes’ and 

any other result was binned as ‘no’.  The inflated zeros presented a situation where the 

nominal variable had to be binned differently to remove the excess of zero responses in 

the model (Figure 13).  This created a situation in which there would be more than two 

potential responses in the response variable, thus the binomial model had to be extended 

to a multinomial model. 
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Figure 13 

An Example of Inflated Zero Responses 

 

Note.  The results here depict the occurrence of inflated zeros in the responses of a 

binomial regression model.  When the binomial model was performed on the 2017 data in 

this research, the response variable “Windsor_2017” had an abundance of outcomes 

equal to “0”, which indicated that the binomial model was subject to inflated zeros as a 

multinomial model needed.  Though only the first 30 results are depicted, this outcome 

was consistent across all 376 results. 

Source: by author. 

 

A multinomial regression model, specifically a logit multinomial model was used 

due to the structure of the data used for the response and explanatory variables.  The 

response variable, the local results, is nominal and the explanatory variable, median 

household income, is a ratio, thus a multinomial model could be used.  In the multinomial 

model, the nominal variable was extended from ‘no’ or 0 and ‘yes’ or 1, to a total of five 

variables.  0 represented a not significant result, 1 represent high-high, 2 represented low-

low, 3 represented low-high, and 4 represented a high-low result in the response variable.  
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Again, median household income was selected as the explanatory variable in the 

multinomial model.  Once the data structure and regression model had been redefined, 

the code for the regression model in R Studio was adjusted and the model run (Figure 14). 

Figure 14 

Logit Multinomial Model Analysis Code 

setwd("E:/Thesis_Data/Windsor_Project/Working_Project") 

library("mlogit") 

my_data<-

read.csv(file="E:/Thesis_Data/Windsor_Project/Working_Project/RegressionTabl

e2017.csv",header=TRUE) 

attach(my_data) 

Cluster_2017 <- factor(Cluster_2017) 

class(Cluster_2017) 

class(Median_Income) 

mldata <- mlogit.data(data, choice ="Cluster_2017", shape = "wide") 

mldata [1:20] 

mlogit.model1 <- mlogit(Cluster_2017 ~ 1 | Median_Income, data=mldata, 

reflevel="NS")  

summary(mlogit.model1) 

 

Note. These lines of code depict the script that was run in R software to conduct the 

multinomial regression analysis. 

Source: by author. 

 

To identify the comma separated values file where the required data for the 

regression analysis was recorded, a file path had to be designated in the code.  After the 

file path had been designated the code was written the identify the response variable in 

question from the data table, in this case the results from the local assessment of the 2017 

reported infrastructure issues.  The 2017 reported infrastructure local results were 

identified as “Cluster_2017” in the data table.  Additionally, by default, the data recorded 

in the “Cluster_2017” was assumed to be integers by R thus had to be specifically 



71 
 

identified as factors in its data structure.  To specify the variable as a factor 

“Cluster_2017 <- factor(Cluster_2017)” was written.  Once the response variable of 

interest had been identified and written to be treated as a factor variable, the remainder of 

the code for the regression analysis was composed. 

 In the code, “Cluster_2017” and “Median_Income” were designated as the two 

classes of interest, as “Cluster_2017” was the identified response variable, and 

“Median_Income” the explanatory variable.  As previously discussed, part of the 

exploratory process to find a regression model that best fits the data involved a binomial 

logistic regression.  Originally, the binomial regression was written where the “glm” 

function, or generalized linear model, was used to fit the probability of the binary 

response variable to the regression curve (Crawley, 2005, p. 271).  Additionally, as there 

were some dissemination areas where the median household income was not available 

due to confidentiality reasons (Statistics Canada, 2019), these null values had to be 

excluded in the analysis. 

 Finally, as the inflated zero issues presented itself in the results of the binomial 

regression, the code was extended to conduct a multinomial logistic regression on the 

data.  To accomplish the multinomial logistic regression, similar to the binomial version, 

it was written as a logit function, and excluded any null values in the data table due to 

census confidentiality reasons (Statistics Canada, 2019).  Even with the concern of the 

independence of irrelevant alternatives assumption in the multinomial regression raised 

by (UCLA: Statistical Consulting Group, n.d.), the standard multinomial logit model was 

still deemed acceptable to use given the nature of the data in this research. 
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 To accomplish the multinomial logit model, the recommended coded functions 

were used (Imai & van Dyk, 2005; Train & Croissant, 2020).  In the code “mlogit.data 

my_data, choice ="Cluster_2017", shape = "wide") mldata [1:20]” indicates the data to 

be used and its structure.  The “choice” function determines the response variable that 

represents the potential outcomes, and “shape = ‘wide’” clarifies that each row in the data 

is an observation. “mlogit.model1 <- mlogit(Cluster_2017 ~ 1 | Median_Income, 

data=mldata, reflevel="NS")” defines the function for the model.  The mlogit model 

defines one possible selection for each outcome of the ‘Cluster_2017’ variable, 

‘Median_Income’ as the explanatory variable, and the ‘Not Significant’ or “NS” response 

as the reference to compare other responses against.  When “NS” is set as the reference, 

the model will evaluate the likelihood of the selection of each of the alternatives (high-

high, high-low, low-high, low-low) when the explanatory variable, median household 

income, increases.  The outcome of “NS” or not significant was chosen as the reference 

variable to make it the normalized response.  This was done as the interest was in how the 

other four alternative outcomes behave in respect to median household income. 

 

Multinomial Regression Results 

 The regression model was first run on the reported infrastructure issue data for 

2017 (Figure 15).  The regression analysis detected significance in the probability that the 

low-high outcome would be selected when median household income increased.  The 

positive correlation between the low-high outcome and median household income had a 

significance value of 0.01, which shows an acceptable level of correlation between the 

variables.  The McFadden R-squared statistic had a value of 0.017045.  The plotted 
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cluster results in each dissemination area and the median household income value in each 

dissemination area (Figure 16), show that points tended to skew to the right, or towards 

higher incomes in the low-high (3 on the y-axis) areas.  Additionally, 7 observations had 

to be removed from the regression analysis, as median household income was not 

available for those dissemination areas.  This data was unavailable due to confidentiality 

standards (Statistics Canada, 2019).   

Figure 15 

Multinomial regression model results for the 2017 reported infrastructure issue data with 

“Not-Significant” set as the normalized outcome.  

 

Note.  The low-high cluster bin denoted as “LH:Median_Income” in the results was found 

to have a significant correlation with median household income.  

Source: by author. 
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Figure 16 

A boxplot of median household income vs Local Moran’s I statistic results for 2017 

 

Note.  Each blue line represents the range of median household incomes for the 

dissemination areas and the box represents the upper and lower quartiles in each result.   

Source: by author. 

 

 The regression model was next run on the reported infrastructure issue data for 

2018 (Figure 17).  The regression analysis once again detected significance in the 

probability that the low-high outcome would be selected, when compared to median 

household income.  The positive correlation between the low-high cluster bin and median 

household income again had a significance value of 0.01.  The McFadden R-squared 

statistic had a value of 0.013788.  The plotted cluster results in each dissemination area 

and the median household income value in each dissemination area (Figure 18), show 

that points tended to skew to the right.  Again, the same 7 observations had to be 
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removed from the regression analysis, as median household income was not available for 

those dissemination areas.  

Figure 17 

Multinomial regression model results for the 2018 reported infrastructure issue data 

“Not-Significant” set as the normalized outcome. 

 

Note. The low-high cluster bin denoted as “Windsor_20183” in the results was found to 

have a significant correlation with median household income. 

Source: by author. 
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Figure 18 

A boxplot of median household income vs Local Moran’s I statistic results for 2018 

 

Note.  Each blue line represents the range of median household incomes for the 

dissemination areas and the box represents the upper and lower quartiles in each result.   

Source: by author. 

 

 The last set of data the regression model was run on was the reported 

infrastructure issue data for 2019 (Figure 19).  The regression analysis did not detect any 

significant association between the probability of selecting a particular outcome when 

median household income increased.  The McFadden R-squared statistic was 0.01167.  

When the data was plotted the results for the low-high (LH on the x-axis) appears to have 

a notable outlier, a data points that appear far outside the normal range for a given 

variable (Osborne and Overlay, 2004, p. 1), in the lower income range (Figure 20).  Just 

as with the data from 2017 and 2018, 7 observations had to be removed from the 
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regression analysis, as median household income was not available for those 

dissemination areas. 

Figure 19 

Multinomial regression model results for the 2019 reported infrastructure issue data 

“Not-Significant” set as the normalized outcome. 

 

Note.  There is no significant association was detected between the probability of 

selecting any one response and increases in the explanatory variable. 

Source: by author. 
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Figure 20 

A boxplot of median household income vs Local Moran’s I statistic results for 2018 

 

Note.  Each blue line represents the range of median household incomes for the 

dissemination areas and the box represents the upper and lower quartiles in each result.  

There is a notable outlier in the low-high cluster output toward the lower median 

household income range. 

Source: by author. 

 

Discussion of the Multinomial Regression Results 

 The results from the multinomial regression analysis created a space for 

discussion about the locations of reported infrastructure issues in Windsor.  The results of 

the regression analysis suggest a degree of association between the median household 

income of a given dissemination area, and the amount of potential infrastructure issues 

that will occur there.  The correlation between the explanatory variable, median 

household income, and the response variable, the results from the local assessment, is 

worth discussion.   
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 In the results of the 2017 regression analysis (Figure 15), it was found that there 

was a significant positive correlation between median household income and 

dissemination areas denoted as low-high clusters in the local assessment.  This correlation 

suggests that as median household income increases, there is a greater likelihood that the 

dissemination area will have less infrastructure issues compared to those around it.  The 

significance value of 0.01 (Figure 15) for the correlation and a p-value close to 0.10 

suggests a stronger association between median household income and a low-high 

outcome than one of the potential alternatives.  In other words, when a higher median 

household income value is selected from the dataset, it is more likely that it will be 

associated with a dissemination area that returned a low-high result in the Local Moran’s 

I test.  In short, wealthier areas of Windsor may be likely to have less reported 

infrastructure issues compared to those around them. 

 The trend that dissemination areas of higher median household income will have 

less reported infrastructure issues relative to dissemination areas around them is again 

suggested in the results of the 2018 regression analysis (Figure 17).  When the model was 

run on the 2018 data, it once again found a significant positive correlation between 

median household income and the low-high cluster result, with a significance code of 

0.01 as well.  This repeated trend in 2018 furthers the suggestion that high income areas 

may have less infrastructure issues relative to areas around them in Windsor. 

 The results of 2017 and 2018 data support the suggestions that there are patterns 

of uneven urban development based on a location’s attributes (Farmer, 2011; Roberts & 

Schein, 1993; Squires & Kubrin, 2005; Siemiatycki, 2012; Short, 2018).  In the case of 

the data for Windsor, higher median household income is shown to be associated with 
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uneven urban development.  This correlation suggests that either better quality or more 

infrastructure maintenance efforts may be prioritized in higher income areas of Windsor.  

 Conversely, the results of the 2019 regression analysis (Figure 19) found no 

significant correlations between median household income and any of the local analysis 

results.  The results of the 2019 regression analysis deviate from the trend suggested with 

the 2017 and 2018 regression results, thus limit the strength of the argument that higher 

income areas in Windsor tend to have less infrastructure issues.  The difference in the 

results of the 2019 regression analysis lend to the argument that infrastructure issues 

across Windsor are generally random when considered in the context of a comparison to 

median household income.  

 Though the results of the regression analysis may not be able to serve as strong 

evidence that poorer areas of Windsor are associated with higher incidence of 

infrastructure issues, further considerations must be made on the matter.  The association 

between higher median household income areas and less infrastructure issues relative to 

the areas around them was still noticed in 2017 and 2018, and there are numerous factors 

which may have limited the prominence of this trend in the results.  Additionally, the 

results for 2019 proved notable for further discussion.  The statistical results of the 

regression for 2019 (Figure 19) denoted that there was no significant correlation between 

median household income and reported infrastructure failure clusters.  Yet, when the data 

was visually plotted on a graph (Figure 20), the data looked to be skewed towards higher 

income for low-high clusters.  For the low-high clusters, there looked to be a point that is 

a notable outlier towards the lower income values (Figure 20).   
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 The presence of these potential outliers in the regression results for 2019 has the 

potential to lead to distortion in the data, and errors in the results of the regression 

(Osborne & Overbay, 2004).  For instance, the 2019 results (Figure 20) had a p-value of 

0.35, and if the potential outlier were removed, the p-value may decrease.  In tests of 

multivariate analyses, these outliers have the potential to violate the assumptions of 

sphericity and multivariate normality (Osborne & Overbay, 2004, p. 1).  When the 

assumptions of statistical tests have been violated, there is an increased chance that the 

result output is a Type I or Type II error (Osborne & Overbay, 2004).  Though the 

potential presence of an outlier has the ability to affect the results of an analysis, not all 

outliers are considered contaminates to the data (Barnett & Lewis, 1994).   

 Outliers are often a result of errors in the data used in the analysis (Anscombe, 

1960), and come from human error in the data collection, recording, or entry process 

(Osborne & Overbay, 2004).  When there are obvious errors in the data, it is up to the 

researcher to account for or make note of them, and decide how to manage them in the 

dataset (Osborne & Overbay, 2004).  For this reason, further discussion on the limits of 

the data, thus the limits of the regression model, are presented. 

 The first limitation to the regression to consider comes in the form of the reported 

infrastructure data structure, and how it was catalogued by Windsor.  The City of 

Windsor records reported infrastructure issue locations based on city block number and 

street names (City of Windsor Opendata, 2019).  This method of location denotation 

served as a limitation to the spatial variance in the data points for this study.  As was 

prevalent and discussed in the spatio-temporal cluster analysis portion of this study, when 

point data is not recorded with latitudinal and longitudinal location, its location must be 
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aggregated up to the next most precise level.  In the case of the data for Windsor, the 

most precise location data that could be used was the street location, which lead to a 

notable loss in the variability of the locations for reported infrastructure issues compared 

to if latitudinal and longitudinal location was used. 

The aggregation up to the street level limits the accuracy and precision of the 

point data used, as the data points are no longer at their true locations.  For instance, due 

to the need to decide location based on the street level, a data point that may have been in 

one particular dissemination area, may get relocated to a different dissemination area 

based on the location of the street that data point needed to be assigned to.  Thus, a 

situation was created in the data where some dissemination areas saw an increase in total 

data points and others a decrease, which may have had an effect on the regression results. 

Though the data catalogued by Windsor was limited in its spatial variability, why 

an accuracy limitation exists is apparent.  Windsor utilizes an open311 call system, in 

which citizens call a designated number to report an infrastructure issue (City of Windsor 

Opendata, 2019).  As the reports tend to be made by phone call, it would be difficult to 

gather specific latitudinal and longitudinal location data through this method. 

 In addition to the limitations to the spatial structure of the data imposes through 

the data collection method, come the limitations and biases inflicted into the data from 

the collection method itself.  The open311 data collection is a form of citizen science 

which utilizes the public to collect and report the information (Bonney et al., 2009; 

Offenhuber, 2014).  Different citizens have different motives and abilities to report 

issues, and it is usually higher income citizens who utilize these types of data collection 

systems (Offenhuber, 2014). 
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Contrary to (Offenhuber, 2014), the regression results indicate lower incidences 

of reported infrastructure issues in areas with higher median household income.  One 

might expect these higher income areas to report more infrastructure issues compared to 

others, thus have a higher incidence of reported infrastructure issues relative to those 

areas around them, not less (Offenhuber, 2014).  This minor digression supports the 

suggestion that citizen science data is an effective and reliable means to data collection 

(Bonney et al., 2009), as it appears income does not influence the likelihood to report 

infrastructure issues in Windsor. 

Furthermore, it is noted that this regression analysis only compared the cluster 

results of reported infrastructure failures against median household incomes in Windsor, 

on the scale of dissemination areas.  Due to the nature of the Modifiable Areal Unit 

Problem, “how correlation coefficient values change when smaller areal units were 

aggregated to form larger areal units either hierarchically or non-hierarchically” (Wong, 

2009, p. 105), a comparison of these two variables at a different spatial scale may have 

yielded different results.  Additionally, it is suggested that further research may look into 

a regression analysis which compares the cluster results against other socio-economic 

variables such as education or ethnicity.  Furthermore, the most recent socio-economic 

data available to use was from 2016, and the data from the upcoming 2021 census 

(Statistics Canada, 2019), being more current, may reflect different results when used in 

the analysis. 

The suggestion that other socio-economic variables may be investigated comes 

from the McFadden R-squared statistics for the 2017, 2018, and 2019 results.  In all three 

datasets, the returned McFadden R-squared value was relatively small, or outside the 
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notable range of 0.2-0.4 (McFadden, 1974).  The values returned for the McFadden R-

squared statistic for 2017 (Figure 15), 2018 (Figure 17), and 2019 (Figure 19) suggest 

that though, yes, the model was successful with median household income as the 

explanatory variable, the model may be improved with the addition of a different socio-

economic variable.  In this case, it would be appropriate in future research to extend the 

model to include variables such as education or ethnicity. 

 

Conclusions from the Multinomial Regression 

 The multinomial regression analysis detected a pattern of uneven characteristics 

to infrastructure quality and maintenance in Windsor.  It was found that dissemination 

areas with higher median household incomes predicted a low-high cluster result.  The 

result indicates that areas with higher median household income were expected to have 

lower incidents of reported infrastructure issues relative to areas around them.  This 

correlation held true in 2017 and 2018 datasets, but was not true in the 2019 data, which 

did not find any significant association between median household income and cluster 

result. 

Limitations to the regression analysis came in the form of the data structure itself.  

The first limitation was in how the incident location data was catalogued by Windsor.  

The method of cataloguing by block number and street name limited the spatial accuracy 

and variability in incident location.  The second limitation to consider came in the biases 

that have the potential to occur when citizen science data collection techniques are used. 
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The detection of a potential association between areas of higher income with less 

infrastructure issues relative to areas around them in 2017 and 2018 leads to the final 

investigation of this study.  What trends in Windsor’s urban policy, and the information 

decision makers had available possibly produced the results seen in the local assessment 

and regression analysis?  Furthermore, how can the results of this research be applied to 

the urban policy decision process in Windsor, such to guide better educated infrastructure 

policy decisions to limit the development of uneven urban geography?  These questions 

and recommendations will be explored in the successive chapters of this research. 
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Chapter 4: Neoliberalism and Uneven Urban Geography 

 The results of the Local Moran’s I test and regression analysis in the previous 

chapters confirmed my suspicion that there was a pattern of uneven infrastructure across 

the City of Windsor.  The results showed some areas had relatively high numbers of 

reported infrastructure issues and areas that had relatively low numbers of reported 

infrastructure issues.  The areas with a higher number of reported issues tended to be 

located in central Windsor, and areas with lower numbers tended to be along the northern 

waterfront and in South Windsor.  This pattern suggests that there are some areas in 

Windsor where the infrastructure is well-developed, and other areas in the city where it is 

in poor shape. 

 One way these results can be explained is by understanding the rise of 

neoliberalism, which has informed how cities have adopted practices and policies that 

prioritize private investments, even in the “public realm”.  In this chapter the ideology of 

neoliberalism will be introduced.  Then, public-private partnerships and urban planning 

policies in Windsor will be investigated.  From this literature review it is concluded that 

neoliberalism may have had an influence in the production of the uneven patterns of 

infrastructure observed in this research, however it is hard to reach concrete conclusions 

because of the long-term nature of infrastructure projects.  In addition, this thesis did not 

intend to prove this connection.  Although it is hard to definitely conclude that the 

observed patterns are the result of deliberate decisions, the way reported infrastructure 

issues are clustered presents issues of social injustice.  
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Neoliberalism 

The rise of neoliberalism in Western political ideologies comes on the tail end of 

the perceived failures of Keynesian economics in the 1970s and 1980s (Bradford, 2003).  

For much of the post War years (1950-1980s), cities relied on federal investment in 

infrastructure and often built projects using federal grants or matching federal funds.  By 

the 1980s, however, federal regulation and government spending was increasingly 

criticized (Bradford, 2003; Brenner & Theodore, 2003).  For many conservatives, the 

answer lay with the private sector and a corresponding reduction in reliance on the 

government and federal funding.  Neoliberalism replaced Keynesianism.  In brief, 

neoliberalism places an emphasis on the open market, and private actors and capital as 

the main drivers of socio-spatial transformation (Brenner & Theodore, 2002, pp. 350-

351).  This created a significant challenge for cities:  how to build, maintain and repair 

infrastructure without the major source of federal investment.   

  “Neoliberalism reflects a laissez-faire approach to the economy's operation, 

where the efficiency of market competition and roles of individuals are preferred to the 

perceived distortions associated with government regulation and intervention” (Palley, 

2004, p. 30).  Neoliberalism emphasizes policies that support open, unregulated markets, 

without interference from the state or other social collectives, and is seen as the ideal 

mechanism for economic development (Peck et al., 2009, p.49).  However, scholars 

suggest that the inherent characteristics of neoliberalism’s nature and the priority of 

private led investment lead to uneven patterns of development.   

 Under neoliberalism, policy decisions exacerbate already inequitable 

development, because investments tend to go into locations that would see the greatest 
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benefits and potential economic returns (Bourne & Rose, 2001; Brenner, 2003; Bunce, 

2004; Golubchikov et al., 2013; Macleod & Jones, 2011; Roberts & Schein, 1993; Walks, 

2009; Zimmer, 2010).  These decisions guided by neoliberalism are present in municipal 

government policies (Siemiatycki, 2005), which in turn influence local urban socio-

spatial structures (Brenner, 2003; Short, 2018; Zimmer, 2010).  The result is city level 

policy focused on the re-concentration of development and infrastructure investment 

within strategic or favorable urban areas, thus exacerbating an already uneven urban 

geography.  An example of concentrated investment and development efforts is in the 

form of Business Improvement Areas in Windsor (Figure 21).  Business Improvement 

Areas are meant to be “economic and social anchor to surrounding neighbourhoods” 

(City of Windsor, 2020). 
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Figure 21 

Business Improvement Areas in the City of Windsor, Ontario 

 

Note.  This is a map of designated Business Improvement Areas in Windsor.  The extent 

of each area is outlined with a different color.  The demarcation of specific boundaries to 

focus economic and social development into is an example of concentrated or prioritized 

development.   

Source: City of Windsor (2020). 

 

 Neoliberalism has led to what scholars call “the entrepreneurial city” (Brenner, 

2003; Macleod & Jones, 2011; Short, 2018; Roberts & Schein, 1993).  In a global world 

of heightened competition cities are “compelled to compete with each other to attract 

investment” (Macleod & Jones, 2011, p.2443).  Pressures from increasing urban 

competition and declining public funds meant that cities develop policies that would 

drive development into areas of the city that had potential to attract the most growth 

(Bradford, 2003; Brenner, 2003; Macleod & Jones, 2011).  The City of Windsor is no 

exception to this trend.  
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 Concentrated and uneven development results in a variety of social and economic 

impacts.  The landscape is the practical stage upon and through which citizenship and 

community can be practiced (Schein, 2009, p. 811).  In the event this divide between 

groups becomes too large, and the inequity of a city’s residents too great, social and 

economic issues can become extreme, thus any urban inequalities are important to 

monitor and address (Ross et al., 2004).  The discussion of neoliberalism raises the 

question of what may have led Windsor to maintain infrastructure in certain areas of the 

city, given the potential inequitable social and economic impacts. 

 

Neoliberalism in Windsor 

 The shift to neoliberal ideologies in politics, and restructuring of the Canadian 

national economy, came to prominence in Canadian politics in the 1990s (Bradford, 

2003, p. 1006).  The restructuring of the national economy, particularly 

deindustrialization, would also affect the political practices and development policies in 

Ontario.  “The province of Ontario was originally positioned to be the industrial heartland 

of Canada” (Bradford, 2003, p. 1007).  The process of deindustrialization which began in 

the 1980s, and the ensuing job losses, served as the catalyst to a political shift in Ontario.  

There was also pressure to spur economic development in rapidly degrading areas in 

Ontario (Bradford, 2003).  This response to the problem of deindustrialization, economic 

restructuring, and policies of targeted development by the government of Ontario would 

further translate to the municipal level in Windsor. 
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 The decline of manufacturing industries in general and in Windsor specifically 

had led to “intensifying socio-economic problems such as capital flight, mass 

unemployment and infrastructure decay” (Brenner, 2003, p. 197.  High unemployment 

and capital flight from old industrial cities like Windsor restricted the available public 

funds for cities to use to maintain themselves.  With less funds available cities turned to 

spatially selective development strategies (Brenner, 2003; Walks, 2009).  In other words, 

cities like Windsor began to invest only in particular geographic areas” (Brenner, 2003, p. 

202). 

Windsor, like many other post-industrial cities, faced with budgetary restraints 

from the reduced tax revenue due to unemployment, and reduced federal and provincial 

funding (Bradford, 2003; Brenner, 2003).  From 2016 to the end of 2019, the Public 

Works Department saw a 6.2% decrease in revenue with a 2.8% increase in expenditures 

(City of Windsor, 2019c, p. 107).  It is important to note that the Public Works 

Department did see an increase in full time equivalent employees from 2016 to 2019 

(City of Windsor, 2019c, p. 102), which accounts for part of the reported expenditure 

increase. 

 Many city governments “have become innovative and entrepreneurial in their 

strategies and actions” (Roberts & Schein, 1993, p. 22).  The idea that cities must try to 

create a marketable identity to attract investment and growth under the global economy, 

which leads them to prioritize certain investments in their policy decisions and causes 

uneven urban spaces (Golubchikov et al., 2013), thus uneven development is a 

phenomenon that is socially and politically produced, and a result of political choices 

(Golubchikov et al., 2013).  Windsor’s infrastructure investments thus prioritize more 
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‘favorable’ locations of the city, to attract the greatest potential return on their 

investments with the limited funds it has available. 

 

Prioritized Infrastructure Development 

The use of Public Private Partnerships (P3s) in infrastructure is part of the larger 

neoliberal agenda, and budgetary constraints in municipalities.  The definition of what 

constitutes a Public-Private Partnership varies slightly by country, and in some cases, by 

municipality.  Windsor is located in Canada, and in Canada P3s are defined as a 

cooperative venture between the public and private sectors, built on the expertise of each 

partner (Tang et al., 2010, p. 684).  Generally, the “public” in the partnership is the city, 

which owns the land or infrastructure to be developed; the “private” side are often 

developers and large corporations that have capital for investment.  In theory, P3s must 

provide a public good. Many cities have used P3s for extensive redevelopment; examples 

include Boston’s waterfront, the Julian B. Lane Riverfront Park in Tampa, and 

Washington D.C.’s southwest waterfront.   P3s enable large scale projects and 

investments while reducing the cost to the public budget (Siemiatycki, 2013), which is 

why they appear favorable to municipalities that face financial restraints.  However, the 

“private” side of the partnership may set conditions, or push for investment in particular 

or favored areas, and cities may be willing to concede to these demands.  

 The uneven distribution of urban infrastructure has been studied by geographers.  

Eric Swyngedouw (1995) studied water infrastructure in the city of Guayaquil, Ecuador 

and found that through a combination of financial constraints, outside finance, and 
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production biases of public water infrastructure, people were excluded from access to 

water (Swyngedouw, 1995).  Specifically, Swyngedouw (1995) found that those without 

access to working water infrastructure tended to be of poorer economic status.  Similar 

trends of financial constraints and outside finance, along with the observed pattern that 

richer neighborhoods have less reported infrastructure issues within them, are present in 

Windsor. Furthermore, Swyngedouw (2005) mentions how in financially constrained 

situations, governments will prioritize their infrastructure investments.   

 McGuirk and Dowling (2009) investigated housing and transportation 

infrastructure in Sydney, Australia.  There have been instances of residential housing 

infrastructure development in Sydney, referred to as Master Planned Residential Estates, 

which are better maintained and serviced based on resident’s ability to pay certain fee 

structures (McGuirk & Dowling, 2009, pp. 175).  This form of prioritization creates new 

socio-spatial patterns across the urban landscape, and can be interpreted as 

representations or patterns of segregation in communities (McGuirk & Dowling, 2009).  

The patterns observed in the results of the analysis conducted on Windsor suggest a 

potentially similar situation.  The results found that areas with less reported infrastructure 

issues tended to be higher income, representative of the pattern observed by McGuirk and 

Dowling (2009) where communities with greater economic status had better residential 

infrastructure. 

 Haughton and McManus (2012) investigated transportation infrastructure under 

neoliberal inspired development strategies in Sydney, Australia.  They researched the 

outcome of the Cross-City Tunnel project, a transportation infrastructure project which 

utilized P3s.  They highlight the Cross-City Tunnel project as an example of a situation in 
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which the entire taxpayer population of Sydney had the costs of the project projected onto 

them, while the benefits of the completed project where unevenly dispersed.  Though all 

taxpayers contributed to the funding of the project, it was only citizen who would have 

access to a vehicle, or be able to afford the toll fee, and the private company in charge of 

the tunnel’s operation that would see the benefits of this infrastructure development 

(Haughton & McManus, 2012).  The outcome of the Cross-City Tunnel infrastructure 

project presents the idea of uneven access and benefits to prioritized infrastructure 

development and maintenance in an urban space.   

 Furthermore, others have researched transportation infrastructure development 

policies guided by neoliberal ideals (Siemiatycki 2012 and 2005).  First name 

Siemiatycki (2012) noticed a global and regional trend of unevenness in infrastructure 

development funded by outside investment in states with financially restrained 

economies.  Areas in the state with the greatest potential returns were prioritized for 

development (Siemiatycki, 2012).   

 Siemiatycki (2005) also investigated the development of mass rapid transit 

infrastructure in the city of Vancouver.  The study further exemplifies how the 

marketization of public infrastructure under neoliberalism promotes the potential for 

uneven urban geographies to occur.  The creation of mass rapid transit infrastructure in 

Vancouver promoted uneven opportunities to benefit from the development, as specific 

population segments were targeted for ridership (Siemiatycki, 2005).  The infrastructure 

project was implemented in the Richmond-Airport-Vancouver transit corridor under the 

prediction of favorable ridership forecasts and profitability (Siemiatycki, 2005).  He notes 

that urban rail infrastructure in Vancouver only accounts for 24% of all public transit 
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ridership compared to the 73% of ridership the bus network accounts for (Siemiatycki, 

2005, p. 77).  Investments into the bus transit infrastructure would have benefited more of 

the population and contributed to a more even urban geography in terms of access to 

transportation infrastructure for residents in Vancouver.   

It is clear that research has shown that infrastructure development tends to be 

uneven geographically and to have uneven social impacts.  Scholars have shown that  

prioritized investments in urban infrastructure has created uneven geography (Haughton 

& McManus, 2011; McGuirk & Dowling, 2009; Siemiatycki, 2005; Siemiatycki, 2012; 

Swyngedouw, 1995; Swyngedouw, 2005),  The patterns observed in Windsor’s reported 

infrastructure issues as part of this research suggest neoliberal policies may lead to 

maintenance and development that is prioritized into certain areas. The result is in an 

uneven geography of infrastructure and raises the potential for concerns about social 

justice and inequity. 

 

Privileged Places 

The potential issues that arise from uneven urban development highlight 

privileged places on the one hand, and isolated poor areas on the other hand.  Windsor’s 

Official Plan targets certain areas for investments.  Windsor is no exception to the trend 

in Canadian urban development -- outside of the five select metropolitan areas of Greater 

Toronto, Greater Montreal, Ottawa-Gatineau, the Central Alberta Corridor, and 

Vancouver-Victoria and the Lower Mainland British Columbia, most urban areas in the 

rest of Canada have seen zero growth or decline (Hall & Hall, 2008).  “The intensified 
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unevenness within the Canadian urban system, since at least 1990, reflects several 

powerful economic and demographic trends that are likely to persist” (Hall & Hall, 2008, 

p. 2).   

Research by Walks (2009) found that neighborhoods with higher incomes tended 

to externalize costs and issues onto poorer neighborhoods. This idea is supported by the 

correlation between areas with relatively less infrastructure issues and high median 

household in this study.  The suggestion by Walks (2009) is supported as dissemination 

areas with higher median household income tended to have less reported infrastructure 

issues in them compared to those around them, thus externalizing the issues and costs of 

poor infrastructure conditions onto residents of lower income.  Concerns are raised as 

“the stark spatial separation of income groups within urban environments sets up the 

possibility that the most disadvantaged income groups will become spatially isolated 

from life-enhancing opportunities such as good quality education and employment” (Ross 

et al., 2004, p. 435). 

Investment into already wealthier areas leads to what some refer to as “privileged 

places”.  A privileged place can be considered any extent or location in a city which 

receives a distinctly greater amount of policy attention than others (Shearmur, 2007; 

Squires & Kubrin, 2005; Walks, 2009; Zimmer, 2010).  A neighborhood’s access to 

development and opportunity may be more dependent on community characteristics such 

as income or race or educational attainment (Squires & Kubrin, 2005).   

The impacts of privileged places are again highlighted by Roberts and Schein 

(1993) who analyzed an old industrial city, Syracuse, New York.   They found that while 

funds for the urban redevelopment in Syracuse come from the City’s tax base as a whole, 
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redevelopment was only focused into certain areas of the city seen to have the greatest 

returns (Roberts & Schein, 1993). This is also true in Windsor, where all citizens pay for 

infrastructure repairs and maintenance, but only a select portion see the direct benefits.     

There is a risk that neoliberal policies and P3 solutions will perpetuate uneven 

urban development in Windsor in the future.  In Windsor’s Official Plan, it is specifically 

noted “growth will be directed to appropriate locations within existing and planned 

neighborhoods to reduce development and infrastructure costs” (City of Windsor, 2019a, 

p.2), and the goal is to “cluster appropriate large scale employment, shopping and 

entertainment uses together to create exciting areas for employment and investment” 

(City of Windsor, 2019a, p.4).  These stated policy objectives may mean that only a 

portion of Windsor’s residents will see the direct benefits. 

The prioritization of privileged places in Windsor is further seen in Windsor’s 

Urban Structure Plan which “ identifies the key structural elements within the 

municipality” (City of Windsor, 2019a, p.5), and seeks to develop distinct nodes in 

Windsor which they defined as “existing or future locations of concentrated activity” 

(City of Windsor, 2019a, p.5).  The results of this research suggest that these 

prioritizations in the policy decisions of Windsor may favor richer neighborhoods as they 

were observed to have less reported infrastructure issues relative to those around them.  

Together, Windsor’s stated development policy, and the results observed in the 

correlation to the locations of reported infrastructure issues and median household 

income in Windsor support the notion of privileged places.   
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Summary 

Neoliberalism has led to policy decisions which prioritize the investment of 

limited municipal funds into areas of the city which are most likely to see the greatest 

return of growth and investment through the attraction of the rich and educated.  The 

results of the local indicators of spatial autocorrelation test performed in chapter 2, and 

the regression analysis performed in chapter 3, show support for the potential emergence 

of inequity in terms of infrastructure repair, maintenance, and quality across Windsor.  

This has the potential to lead to issues of inequity among different communities if left 

unaddressed.   

The results of the Local Moran’s I test, the Differential Moran’s test, and the 

regression analysis revealed a pattern of unevenness in Windsor’s reported infrastructure 

issue locations.  This pattern presented the question of why infrastructure is only built 

and maintained in certain areas of the city.  The potential reasons for the observed 

patterns in the results of this research can be situated in a discussion about the larger 

trend of neoliberalism and the constraints faced by Windsor in its development.  How 

Windsor made its decisions which may have influenced that observed patterns is beyond 

the scope of this thesis.  It is hard to prove in the scope of this thesis the degree to which 

the observed patterns are a result of deliberate decisions.  Additionally, it is hard to reach 

concrete conclusions because of the long-term nature of infrastructure projects and the 

limitations of the data used in this study. 

It is still important to realize that the patterns observed in Windsor’s infrastructure 

is an issue of social injustice.  In the following chapter, I present alternative approaches 

and principles municipal policy makers can incorporate into the decision process to 
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mitigate or avoid inequity.  I also look at GIS as a tool to have better education on the 

geography of a city, and how more equitable policy decisions can be made by municipal 

policy makers.  The final chapter explores the idea that the use of GIS analysis helps 

make sure that infrastructure is maintained more equitably by preventing potential 

disinvestments in certain locations of the city. 
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Chapter 5: Recommendations for Better Practices and Policy Decisions 

The potential issues that arise from an uneven urban development highlight the 

privileged places on the one hand, and isolated poor areas on the other hand.  As was 

seen in Windsor’s Official Plan, there is a conscious effort in the policy decisions to 

cluster development into areas to create employment and investment opportunities.  

Windsor would be better to adopt alternate approaches to its development strategies. 

 Local governments need to be sure that poorer or disadvantaged communities 

have an equal ability to advocate for or be involved in policy decisions which in Windsor 

means that all residents need to have equal ability to report, advocate for, and receive 

infrastructure repairs in their neighborhood (Blackwell, 2001, p. 1284),.  Additionally, 

economic benefits of new policies and development decisions need to be shared by all 

residents (Blackwell, 2001, p. 1286).  This shows how policy decisions to fund 

infrastructure maintenance in Windsor should be distributed in a way that residents 

benefit equally.  To achieve policies that lead to a more equitable urban space, policy 

makers can follow three main principles. 

 According to Norman Krumholz, there are three essential principles municipal 

policy makers should incorporate into their policy decisions to improve or maintain 

equitable urban development (Krumholz, 1999).  The first principle is there needing to be 

“a shift from real-estate speculation to public investment, including investment into a 

city’s deteriorating capital plant and major new investments in nurturing a better-

educated workforce” (Krumholz, 1999, p. 90).  Windsor may consider to direct its 

infrastructure maintenance policies not in a way to preserve real-estate value in the city, 

but in a way that improves the ability of its residents to access opportunities.  The second 



101 
 

principle is to improve upon municipal strengths, for example, “instead of giving tax 

abatements and other public inducements to all large developers without discrimination, 

cities must find a market niche where they have natural advantages” (Krumholz, 1999, p. 

90).  The third and final principle is to moderate and address the redistributive issues 

involved with development. The goal of this principle is to alleviate the size of the gap 

between the groups who win and lose when a development is planned (Krumholz, 1999, 

p. 91).   

In the case of Windsor, infrastructure policy should be designed in a way in which 

all communities see an amount of funding and effort dedicated to infrastructure 

maintenance and development relative to the amount of issues reported in their 

community.  The more information and education municipal policy makers can be 

provided to help them deepen their understanding of the geography and potential 

inequities within a city, the better they can be at making policies which are more 

equitable (Krumholz, 1999, p. 93), which is where GIS can be applied.   

Sotomayor (2015) presents a development approach which incorporates the 

principles presented by Krumholz (1999) called integrated urban projects.  Integrated 

urban projects are “an urban planning tool encompassing physical, social, and 

institutional dimensions with the goal of addressing specific problems in a defined 

territory” (Sotomayor, 2015, p. 381).  This framework presented by Sotomayor (2015) is 

more inclusive of the social aspects to development, and may prove insightful to mitigate 

social inequities to development strategies. 
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GIS as a Decision Support Tool 

This research has showed GIS software as a prominent tool for researchers and 

policy makers to use in data evaluation and decision-making processes.  The decision-

making process is the evaluation of data to identify a potential issue and come to a 

decision on how to resolve it (Keenan & Jankowski, 2019).  There has been a large sum 

of literature produced on the potential use cases for GIS, and studies that have utilized the 

software to identify and evaluate a problem (Malczewski, 2006).  GIS’s ability to 

produce statistically based and visualizations of data exemplifies it as a problem detection 

and decision-making tool.  The results of this research, as well as what has been written 

by others on the uses and implementation of GIS, serves as justification for why Windsor 

should consider a deeper integration of GIS analysis into its decision-making process. 

The use of GIS as a tool to support the analysis of spatial data and the decision-

making process saw a boon in the late 1995s and early 2000s (Malczewski, 2006, p. 704).  

The decision-making process refers to the evaluation of data to identify a potential issue 

and come to a decision (Keenan & Jankowski, 2019).  GIS fulfills the role of what can be 

described as a multi-criteria decision analysis tool - a tool which analyzes the variables in 

question with respect to their relative importance to one another (Malczewski, 2006, p. 

703).  Multi-criteria decision analysis provides a rich collection of techniques and 

procedures for structuring decision problems, and designing, evaluating and prioritizing 

alternative decision (Malczewski, 2006, p. 703).  The incorporation of GIS into multi-

criteria decision analysis permits the use of geographic data and value judgements 

(Malczewski, 2006, p. 703) in the decision process. 
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GIS has evolved the traditional multi-criteria decision analysis structure to now 

include data concerned with location.  The applications and feasibility of GIS as a tool in 

the decision process has continued to grow as the technology improves and more forms 

of data are able to be incorporated (Keenen & Jankowski, 2019, pp. 64-65).  This 

evolution in the feasibility of GIS as a multicriteria decision analysis technique, has led it 

to become instrumental in spatial decision support (Malczewki, 2006, p. 717).  

.  GIS has been used as a tool to analysis spatial patterns and reach conclusions 

(Chaix et al., 2006; Diggle & Chetwynd, 1991; Gallo & Ertur, 2003; Jacquez et al., 2005; 

Kuletz et al., 2015; Prasannakumar et al., 2011; Smith et al., 2013).  The abilities of GIS, 

combined with its application in this research promote it as a tool to help educate policy 

makers and prevent social inequity. 

 

Why Use GIS for Urban Cases 

The results of this research propose an argument about the strengths and uses of 

GIS in Windsor’s urban planning, specifically in the identification of potential uneven 

urban geographies and the occurrences of social injustices in Windsor.  Planning is meant 

to be the act of government intervention into the land and property markets in order to 

raise the social welfare outcome of development decisions (Klosterman, 1985; 

Whitehead, 1983).  These interventions addressed by urban planners involve issues “such 

as poor design, bad neighborhood development, industrial pollution, and traffic 

congestion” (Webster, 1993, p. 710).  It is in this definition of planning, and how the 

results found in this research potentially contradict it, where the application of GIS to 
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visualize spatial distributions, identify atypical localizations or spatial outliers, detect 

patterns of spatial association, or other forms of spatial heterogeneity (Anselin, 1995; 

Getis & Ord, 1992; Haining, 1990) can be argued as needed in Windsor.  As shown 

through its use on infrastructure in this research, GIS can permit policy makers to better 

identify potential problems in terms of areas with relatively poor design, bad 

neighborhood development, industrial pollution, and traffic congestion (Webster, 1993).    

  Urban areas, like Windsor, constantly change as they are re-developed and 

expanded (Coutinho-Rodrigues et al., 2011, p. 720).  Infrastructure investments are a key 

component of this redevelopment and expansion (Coutinho-Rodrigues et al., 2011, p. 

720), and a well-informed evaluation of all factors is key to the planning process in order 

to raise the social welfare outcome of development decisions (Klosterman, 1985; 

Whitehead, 1983).  It is the weight of the spatial implications behind urban policy 

decisions where the spatial abilities of GIS express their strengths.  Through the use of 

GIS, planners and policy makers can better understand the spatial nature of the problem 

at hand, and make an educated policy decision that minimizes the spatial inequality of the 

costs and benefits of the redevelopment or new urban development.     

From the literature and the observed results of this research, it is clear that there is 

room for GIS to contribute as a problem identification tool, be applied to urban use cases, 

and draw potential correlations between different variables, and serve as a benefit to 

Windsor to integrate into urban policy decisions.  Through the use of GIS, uneven 

patterns of reported infrastructure issues in Windsor were observed, and created questions 

of social injustice.  This may have been avoided had GIS been used to understand the 

spatial context of city infrastructure in Windsor’s policy decisions. 
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Windsor’s Infrastructure and Why GIS is Needed 

 The results of this research, as well as reports, news, and public comments about 

Windsor suggest a need to better identify areas with infrastructure problems in the City.  

The success of this research to identify patterns of unevenness in infrastructure conditions 

in Windsor serves as justification for why GIS can be used to help Windsor in its policy 

decisions to address the noted concerns. 

 First, similar to the study performed by Prasannakumar et al. (2011), which was 

the first to utilize spatial-temporal cluster techniques to analyze road accident data in 

Thiruvananthapuram, India, no large scale spatial statistical study has been performed on 

reported infrastructure issues in Windsor.  Through the creation of spatial statistics data 

in this research, new information was produced about the conditions and locations of 

infrastructure issues in Windsor which the City did not have access to before in its policy 

decision making process.  This study produced new data that Windsor can incorporate 

into its decision-making process to create better informed policy decisions.  The 

justification for why reported infrastructure data was studied remains. 

 Throughout the past, under its numerous development Master Plans, Windsor has 

initiated multiple infrastructure construction and repair projects across the city.  One 

example, the Cabana Road Corridor Improvements Project, is an infrastructure project 

initiated by Windsor to resurface (repair) and expand Cabana Road, which is a major 

East-West artery of transportation infrastructure across the city (Cappucci & He, 2019).  

Mentioned in a Windsor Star article, Windsor’s major newspaper, the project will impact 

numerous residents throughout its course (Janisse, 2019).  This massive $46 million 

dollar infrastructure development project was undertaken by Windsor as it felt the need to 
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provide residents with not only a repaired major roadway, but an expanded one 

(Cappucci & He, 2019).     

The Cabana Road project is an example of how some sections of infrastructure 

are prioritized, while other sections of Windsor’s infrastructure are not.  There are news 

reports published on the poor condition of infrastructure in certain locations of Windsor, 

for example a deteriorated parking garage in the city core, which is in need of repair 

(Melmer, 2017).   

Windsor has a plethora of raw data on its infrastructure collected and archived.  

This data includes shapefiles of its roadways, sidewalks, sewer systems, and more, as 

well as characteristics about each type of infrastructure such as material type and 

installation date.  In addition to this infrastructure data, Windsor has citizen reported data 

available for the locations of damaged infrastructure.  Though there is a large catalogue 

of raw data available that Windsor has collected on its infrastructure, as was mentioned 

earlier, there was a notable lack of publications that utilize this data in the context of a 

spatial analysis. 

Through the use of raw reported infrastructure issue data, and an integration with 

GIS, an image of the spatial conditions of infrastructure across Windsor was produced, 

which has the ability to be used to inform policies to guide a more equitable distribution 

of infrastructure repairs across the City.  To further emphasize the effectiveness of GIS in 

urban uses, as was done in this study on Windsor, how GIS has been used as a tool in 

other urban contexts can be investigated.  Additionally, the successful use of GIS as an 

analysis tool in other urban studies further justifies the use of GIS. 
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Conclusion   

The research question addressed in this study was how has infrastructure been 

unevenly distributed in cities due to neoliberal policies since their rise in the late 1970s 

and 1980s, with Windsor, Ontario as a case study.  It looked at what the reasons may be 

for the observed pattern of uneven infrastructure development, utilized GIS to analyze 

patterns in infrastructure development, and how GIS be used to contribute to the larger 

discussions about inequitable urban development.  Through an investigation of these 

smaller objectives individually, a conclusion to the larger research question was reached. 

  Uneven urban spaces have been noted to lead to social welfare issues in cities 

(Brenner, 2003), mainly due to which residents receive direct benefits and how their 

relations to other residents are affected.  Windsor’s Official Plan states “growth will be 

directed to appropriate locations within existing and planned neighbourhoods to reduce 

development and infrastructure costs” (City of Windsor, 2019a, p.2) and “to establish 

priorities for the maintenance and up-grading of existing infrastructure” (City of 

Windsor, 2019b, p.29).  These statements fall in line with the types of policy decisions 

similar to those mentioned in (Golubchikov et al., 2013; Hall & Hall, 2008; Shearmur, 

2007; Walks, 2009) which call for concern and can lead to uneven urban development.  

The observation that wealthier areas in Windsor have relatively less reported 

infrastructure issues fits the concerns associated with uneven urban spaces.  

The application of GIS in this research, presents GIS as a tool to be used as part of 

the urban planning and policy decision-making process, such to better identify potential 

spatial inequities in Windsor, and educate planners to mitigate them in future policy 

decisions.  Geospatial statistics were used to analyze the distribution of reported 
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infrastructure issues per capita across Windsor.  It was decided that this spatial analysis 

was needed as there was a lack of it available in Windsor’s databases.  This research 

produced a cartographic visualization of the locations of statistically significant clusters 

of reported infrastructure issues per capita in Windsor that planners and policy makers 

did not have before.  Thus, this study was successful in that it showed how GIS can 

permit the use of geographic data and value judgements to improve the decision-making 

process (Malczewski, 2006, p. 703).  Were Windsor to have had this information 

available in past infrastructure project plans, more equitable development may have been 

possible across the city.  

 When the smaller research objectives are considered together, the larger picture of 

how GIS and geospatial statistics can be used to analyze reported infrastructure issues 

through time, what the potential correlation of the movement of these clusters, or lack of, 

with the socio-economic conditions, and where cities prioritize infrastructure in one place 

compared to another was presented.  The use of GIS allowed a visual representation of 

the locations of clusters of reported infrastructure issues in Windsor on the dissemination 

area scale to be produced.  Through a spatio-temporal cluster analysis the movement of 

the locations of these clusters was able to be analyzed.  Furthermore, a multinomial 

regression revealed a correlation between dissemination areas with lower numbers of 

reported infrastructure issues and higher median household incomes.  These findings 

suggest that Windsor’s urban development policies and plans may be influenced by the 

larger global neoliberal trends and present social inequities.  

 The methodologies and results of this study can be situated back into the larger 

pool of literature on which they were drawn from.  The creation of new cartographic 
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visualizations of statistically significant data not available to Windsor before this study, 

supports the claim on the ability of GIS to support the analysis of spatial data and the 

decision-making process (Keenan & Jankowski, 2019; Malczewski, 2006).  The use of 

GIS in this study supports the use of geographic data and value judgements (Malczewski, 

2006, p. 703) in the decision process, through the identification of patterns of spatial 

association, or other forms of spatial heterogeneity (Anselin, 1995; Getis & Ord, 1992; 

Haining, 1990).  These spatial associations are not clearly apparent in raw databases, and 

GIS provides a critical new perspective to improve the decision-making process. 

 The utilization of GIS as a decision tool further allows decision makers to 

consider spatial and non-spatial characteristics of a problem (Keenan and Jankowski, 

2019).  As exemplified in this study, the spatial characteristics of where reported 

infrastructure issues occurred were able to be compared against the socio-economic 

variable of median household income.   The results support the claim that an evaluation 

of all factors is key to the planning process in order to raise the social welfare outcome of 

development decisions is critical (Klosterman, 1985; Whitehead, 1983).  This study on 

Windsor proved how the use of GIS improves the ability of decision makers to make 

educated planning decisions as it creates a spatial perspective. 

 This study conducted on Windsor further showed the applicability and strength of 

the Local Moran’s I statistic to discover spatial patterns.  Furthermore, this study fits 

within the growing pool of the applications of geospatial statistics to urban issues.  The 

Getis-Ord Gi* and Local Moran’s I statistics has been to applied to urban issues related 

to traffic such as congestion and incidents of accidents (Satria & Castro, 2016; 

Prasannakumar et al., 2011; Steenberghen et al., 2003; Xie & Yan, 2013).  Furthermore, 
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apply spatial cluster functions have been applied to analyze the regional distribution of 

per capita GDP in Europe (Gallo & Ertur, 2003).  This study contributes to this larger 

pool of urban use literature through the application of the Local Moran’s I statistic to 

question the locations of infrastructure issues.  In addition to expanding the potential uses 

of the Local Moran’s I statistic to urban infrastructure, this study contributed to the pool 

of urban use case literature through the application of the Differential Moran’s I statistic. 

The Differential Moran’s I statistic was used to add a temporal component to the 

analysis, and test the applicability of the Differential Moran’s I statistic to urban uses 

cases.  The Differential Moran’s I statistic is a relatively new test (Anselin, 2019), and 

this study sought to implement and test its usability.  Through the application of the 

Differential Moran’s I statistic to reported infrastructure issues in Windsor, this study 

contributed to the literature on the application of geospatial statistics in urban geography 

in two ways.  First, it produced a study which incorporates a temporal component into the 

analysis, and second, it produced a study which utilized and tested the usability of the 

Differential Moran’s I statistic as an analysis tool in an urban context. 

Finally, this study contributes to the larger discussion on uneven urban 

development in urban geography literature.  Policy decisions seen on the local level are a 

result of neoliberalism (Brenner, 2003; Short, 2018; Siemiatycki, 2005); Zimmer, 2010).  

These influences are noted to lead to development that is spatially privileged (Brenner, 

2003), and produce urban inequalities (Ross et al., 2004; Walks, 2009).  This study on 

Windsor detected an uneven pattern of where reported infrastructure issues per capita 

were located across the city, and in combination with Windsor’s decisions to direct 

growth into appropriate locations to reduce costs (City of Windsor, 2019a), and to cluster 
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development (City of Windsor, 2019a), echo the concerns raised about this type of 

development approach. 

Windsor’s stated objective to prioritize and cluster development, along with the 

observed results of the regression analysis in this study of high-income areas having less 

reported infrastructure issues per capita builds on the arguments presented about the 

negatives to prioritized development.  The reductions of access to opportunities, in this 

case access to maintained infrastructure, for residents can lead to spatial isolation and 

reduced social capital in cities, and produce further inequality (Blackwell, 2001; Ross et 

al., 2004; Squires & Kubrin, 2005; Walks, 2009; Zimmer, 2010).  The concern for the 

observed trend in Windsor is supported by literature that found that prioritized 

investments with government funds created situations in which all residents paid for the 

development, but only some got to see the direct benefits (Farmer, 2010; Haughton & 

McManus, 2011; McGuirk & Dowling, 2009; Roberts & Schein, 1993; Siemiatycki, 

2005; Siemiatycki, 2013; Swyngedouw, 1995; Swyngedouw, 2005).  A similar concern is 

raised through the results of this study, as Windsor has planned to prioritize the 

maintenance of infrastructure with public funds, but not all residents may see the 

immediate benefits. 

 There is room to extend the methodology of this study to further expand the 

results in future research.  The first space to expand this research is to change the scale of 

the local indicators of spatial association tests.  This study conducted the Local Moran’s I 

test on the dissemination area scale in Windsor.  Due to the impact of the Modifiable 

Areal Unit Problem when selecting scale, a change in the scale of analysis to a smaller or 

larger scale.  Through a change in scale, the results of the local analysis may have been 
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different and produced a different measure of spatial association of where reported 

infrastructure issues were located in Windsor.  Different local analysis results would 

create a different interpretation of the situation of infrastructure quality in Windsor, and 

potentially affect the discussion on uneven urban development had in this study. 

 The next space for future expansion of this research is to change the local analysis 

statistics used to analyze the per capita reported infrastructure issues in Windsor.  In this 

study the Local Moran’s I statistic was chosen, however the Getis-Ord Gi* test is another 

method to analyze spatial association on a local level (Getis & Ord, 1992).  The Getis-

Ord Gi* produces an output of hot and cold spot, similar to the Local Moran’s I, where it 

finds high or low values clustering together (Getis & Ord, 1992).  It would be of interest 

to see how the output of the Getis-Ord Gi* statistic compared to the Local Moran’s I 

result from this study.  The comparison would open a discussion on the applicability and 

suitability of the two different tests to analyze infrastructure data spatially. 

 A third expansion to this research is an analysis of additional socio-economic 

indicators in the regression analysis.  In this study, only median household income was 

compared to the results of the local indicators of spatial autocorrelation test to produce a 

discussion on the urban geography of Windsor.  The next step for this research would be 

to expand the variables in the regression analysis to include factors such as education, 

ethnicity, housing age, and employment status.  The expansion of the regression to 

include these variables would not only strengthen the model, but allow a fuller picture of 

the socio-economic conditions in Windsor, and how they correlate to the clustering 

patterns of reported infrastructure issues in Windsor.  Through the expansion of the 
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regression analysis to include more socio-economic variables, the depth of the discussion 

on uneven development in Windsor would be increased.   

 A final expansion of this research is to investigate different types of infrastructure 

and how their differences impact a citizen’s likelihood to report an issue with them.  

Furthermore, a combination of citizen science data, as was used in this study, in 

combination with municipal data obtained through the public works department, would 

expand the dataset.  Municipal data could include infrastructure data that citizens are un 

able to report such as water main or sewer pipe repairs, as they are underground and 

invisible to regular citizens.  These new sources of data could be combined with ground 

truthing the results of the analysis through photos to gain an image of the urban 

conditions in areas with clusters of infrastructure issues and those without. 

 This study was limited in how it could draw conclusions on Windsor’s urban 

development patterns.  How the City of Windsor made its decisions which resulted in the 

infrastructure patterns observed, in that certain areas are built and maintained more than 

others, is beyond the scope of this thesis.  This thesis cannot prove the patterns shown in 

the results is the direct result of deliberate decisions.  The patterns observed can still 

serve to situate and discuss the constraints faced by Windsor which may have influenced 

them, and the way infrastructure conditions are clustered around the city is an issue of 

social injustice.  

As it currently stands, this study has addressed the original research question -- 

how do cities plan for infrastructure, and with Windsor, Ontario as a case study, how can 

GIS be used to analyze patterns in infrastructure development, and produce results to be 

used to contribute to the larger discussions about inequitable urban development?  GIS 
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has successfully been used to depict spatial unevenness in reported infrastructure issues, 

and a regression has shown that there is the potential presence of inequity in terms of 

what residents receive access to maintained infrastructure.  These results fit into the 

larger discussion on the concerns of prioritized development under neoliberal policy 

strategies.  Now made apparent, how Windsor decides to incorporate this new spatial 

information and findings of this research into future urban policies will be seen. 
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