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Abstract

This dissertation develops an interpretable Geospatial Artificial Intelligence (GeoAl) framework for
understanding muHgthnic settlement patterns in contemporary Canadian cities, demonstrating that
computational sophistication need not sacrifice themaktiransparency or democratic accountability.
Through three interconnected investigations spanning 52 major Canadian cities, 30,091 dissemination
areas, and nine major ethnic groups (China, India, Philippines, Pakistan, Sri Lanka, Iran, Portugal, Italy,
United Kingdom) over two decades (26021), this research transforms mugthnic settlement from a
descriptive sociological phenomenon into a predictive science grounded in interpretableiphysied

models.

The research addresses a fundamental tension in urban artificial intelligence: while cities increasingly
deploy algorithmic systems to manage complex urban dynamics, the dominant paradigm-bbklack
optimization systematically fails to achieve statedgwénile potentially harming vulnerable communities.

A critical analysis of 157 urban Al deployments (2€324) reveals pervasive "metrics traps" where
impressive technical accuragcguch as ShotSpotter's 97% acoustic precision yielding only 9.1%-crime
fighting effectivenessconsistently fails to translate into meaningful social outcomes. This critique
establishes the ethical and methodological imperative for interpretable approaches in urban demographic
analysis.

The core methodological contribution is the development of a grapbd physiectnformed neural
network (GraphPDE) that embeds mudthnic reactiordiffusion dynamics while learning interpretable
demographic parameters. Adapting Turing's pattern formdkieory to spatial graphs, this framework
reveals that ethnic settlement patterns emerge fromosgdhizing spatiotemporal processes with
guantifiable characteristics: ethrépecific spatial scales ranging from 34.5 km (Philippines) to 63.0 km
(UnitedKingdom); pattern formation regimes segregating groups into spots (UK, Portugal), stripes (China,
India, Philippines), and labyrinthine (Iran, Pakistan, Sri Lanka) morphologies; and critical nucleation
thresholds varying from 658 individuals (China) to 3 1lindividuals (India) for spatial clustering
emergence. The learned attentlmased interaction mechanism quantifies previously unmeasurable inter
ethnic dynamics, revealing that Chinese populations exhibit strong negativeorsgiétition {19.8)

driving spatial dispersal while maintaining facilitative relationships with multiple groups, Philippines
Pakistan mutual attraction, and United Kingdtialy mutual repulsion.

The Multi-Ethnic Spatial Mixture of Experts (MESMoE) framework synthesizes physioemed
modeling with machine learning, achieving statehe-art predictive performance (R2 = 0:8(83) while
maintaining complete interpretability through regispecifc expert modules for colonization, jump

processes, decline, and continuous diffusion dynamics. This architecture demonstrates that incorporating



domain knowledge enhances rather than compromises predictive accuracy, with -ipligeiesd
components accounting for 57.2% of prediction variance. The framework reveals systematic differences in
how ethnic communities respond to urban infrastructuren&da and Filipino populations show
amplification factors strongly correlated with transit accessibility (r = 0.58 and 0.61), while Indian
populations demonstrate stronger correlation with housing variables (r = 0.47).

Configuration landscape analysis identifies multiple stable settlement configurations with quantifiable
transition barriers, revealing that demographic transitions require sustained interventions over decadal
timescales due to asymmetric barriers creatou-in effects. The temporal evolution of parameters
captures norstationary dynamics across four census periods, with Philippiigis populations
maintaining consistently positive growth rates (0015023 vyear T) w h-arigire Uni t e
populatims transition from positive growth to sustained decline.

This research makes four distinctive contributions: (1) developing progressive spatial analysis as a
systematic methodology for studying complex urban phenomena through integrateescaialti
investigation; (2) demonstrating interpretable GeoAl that aesiesompetitive performance without
sacrificing transparency; (3) revealing hidden ethnic dynamics through quantification eéthmir
interactions, nucleation thresholds, and pattern formation regimes; and (4) providing practical tools
bridging academiaesearch and urban planning practice through -gpeince implementations. The
framework transforms abstract geographic concepts into measurable quasgtiss of place" becomes
configuration stability, "community cohesion" translates to interaction strength, and "neighborhood
character" maps to position in pattern formation phase space.

The policy implications are transformative: understanding asymmetric configuration barriers explains
persistent settlement patterns while identifying intervention requirements; regauiic approaches
match policies to demographic dynamics; and casedi@dets enable strategic investments generating
systemwide benefits. Critical reflection acknowledges fundamental limitatiphgsics cannot capture
individual agency, cultural meaning, or structural inequalitiesthe framework complements rathemtha
replaces other ways of understanding urban dynamics.

This dissertation demonstrates that interpretable GeoAl can bridge the persistent divide between
guantitative spatial science and critical human geography, proving that mathematical rigor need not
sacrifice social awareness. The discovery that Canadias' &thnic geography follows learnable physical
dynamics while maintaining cultural distinctiveness suggests that diversity and order are complementary
aspects of urban organization, offering both cautionary lessons about algorithmic governance ahd hopefu

possibilities for creating more equitable, integrated multicultural cities.



Resume

Cette these développe un cadre d'intelligence artificielle géospatiale (GeoAl) interprétable pour comprendre
les modeles d'établissement multiethnique dans les villes canadiennes contemporaines, démontrant que la
sophistication computationnelle n'exige s sacrifier la transparence théorique ou la responsabilité
démocratique. A travers trois investigations interconnectées couvrant 52 grandes villes canadiennes, 30 091
aires de diffusion et neuf groupes ethniques majeurs (Chine, Inde, Philippines,rR&istanka, Iran,
Portugal, Italie, Royaum#eni) sur deux décennies (20@D21), cette recherche transforme I'établissement
multiethnique d'un phénoméne sociologique descriptif en une science prédictive fondée sur des modéles
interprétables inspirés da physique.

La recherche aborde une tension fondamentale dans l'intelligence artificielle urbaine : alors que les villes
déploient de plus en plus de systémes algorithmiques pour gérer des dynamiques urbaines complexes, le
paradigme dominant de l'optimisation en baitére échoue systématiquement a atteindre les objectifs
déclarés tout en nuisant potentiellement aux communautés vulnérables. Une analyse critique de 157
déploiements d'lA urbaine (202924) révele des « pieéges métrigues » omniprésents ou une précision
technique impressionnanmmme la précision acoustique de 97 % de ShotSpotter ne produisant que 9,1
% d'efficacité dans la lutte contre la criminalie se traduit constamment pas en résultats sociaux
significatifs. Cette critique établit I'impératif éthique et méthodologique pour des approches interprétables
dans l'analyse démographique urbaine.

La contribution méthodologique centrale est le développement d'un réseau neuronal informé par la physique
basé sur des graphes (GraphPDE) qui intégre des dynamiques de diffasoon multiethniques tout en
apprenant des paramétres démographiques idtahpes. En adaptant la théorie de formation de motifs de
Turing aux graphes spatiaux, ce cadre révéle que les modéles d'établissement ethnique émergent de
processus spatiotemporels aotganisés avec des caractéristiques quantifiables : des échetleespa
spécifiques a chaque ethnie allant de 34,5 km (Philippines) a 63,0 km (Reymiimeles régimes de
formation de motifs séparant les groupes en taches (Roydaméd ortugal), rayures (Chine, Inde,
Philippines) et morphologies labyrinthiques (IfBakistan, Sri Lanka) ; et des seuils critiques de nucléation
variant de 658 individus (Chine) a 8 132 individus (Inde) pour I'émergence du regroupement spatial. Le
mécanisme d'interaction basé sur l'attention quantifie des dynamiques interethniquesaatipena
mesurables, révélant que les populations chinoises présentent une fodenapétition négative-19,8)
favorisant la dispersion spatiale tout en maintenant des relations facilitatrices avec plusieurs groupes, une
attraction mutuelle PhilippineBakistan, et une répulsion mutuelle Royatiimé Italie.

Le cadre MultiEthnic Spatial Mixture of Experts (MESMOE) synthétise la modélisation informée par la

physique avec l'apprentissage automatique, atteignant une performance prédictive de pointe (R2 = 0,80
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0,83) tout en maintenant une interprétabilité compléte grace a des modules experts spécifiques aux régimes
pour la colonisation, les processus de saut, le déclin et les dynamiques de diffusion continue. Cette
architecture démontre que l'incorporation denrmissances du domaine améliore plutdét qu'elle ne
compromet la précision prédictive, les composantes informées par la physique représentant 57,2 % de la
variance de prédiction. Le cadre révele des différences systématiques dans la fagon dont les c@anmunauté
ethniques répondent a l'infrastructure urbaine : les populations chinoises et philippines montrent des
facteurs d'amplification fortement corrélés avec l'accessibilité au transport en commun (r = 0,58 et 0,61),
tandis que les populations indiennes démaaritune corrélation plus forte avec les variables de logement
(r=0,47).

L'analyse du paysage configurationnel identifie plusieurs configurations d'établissement stables avec des
barrieres de transition quantifiables, révélant que les transitions démographiques nécessitent des
interventions soutenues sur des échelles déceraralasson de barriéres asymétriques créant des effets de
verrouillage. L'évolution temporelle des paramétres capture des dynamiques non stationnaires a travers
guatre périodes de recensement, les populations d'origine philippine maintenant des taissaleero
constamment positifs (0,06, 023 an 1) tandis que |l es popul ati or
croissance positive a un déclin soutenu.

Cette recherche apporte quatre contributions distinctives : (1) le développement de l'analyse spatiale
progressive comme méthodologie systématique pour I'étude de phénoménes urbains complexes a travers
une investigation mukéchelle intégrée ; (2) la démstration d'une GeoAl interprétable qui atteint une
performance compétitive sans sacrifier la transparence ; (3) la révélation de dynamiques ethniques cachées
par la quantification des interactions interethniques, des seuils de nucléation et des réfpmmestide

de motifs ; et (4) la fourniture d'outils pratiques reliant la recherche académique et la pratique de
planification urbaine grace a des implémentations en code source ouvert. Le cadre transforme des concepts
géographiques abstraits en quantitesurablede « sens du lieu » devient la stabilité configurationnelle,

la « cohésion communautaire » se traduit en force d'interaction, et le « caractére de quartier » correspond a
une position dans I'espace de phase de formation de motifs.

Les implications politiques sont transformatrices : la compréhension des barriéres configurationnelles
asymeétriques expliqgue les modéles d'établissement persistants tout en identifiant les exigences
d'intervention ; les approches spécifiques aux régimescent les politiques aux dynamiques
démographiques ; et les effets de cascade permettent des investissements stratégiques générant des
bénéfices a I'échelle du systeme. Une réflexion critique reconnait les limitations fondamamhiesque

ne peut apturer I'agentivité individuelle, le sens culturel ou les inégalités structynelées le cadre

compléte plutét qu'il ne remplace d'autres facons de comprendre les dynamiques urbaines.



Cette thése démontre que la GeoAl interprétable peut combler le fossé persistant entre la science spatiale
guantitative et la géographie humaine critique, prouvant que la rigueur mathématique n'exige pas de
sacrifier la conscience sociale. La découverte lgugéographie ethnique des villes canadiennes suit des
dynamiques physiques apprenables tout en maintenant une spécificité culturelle suggere que la diversité et
l'ordre sont des aspects complémentaires de I'organisation urbaine, offrant a la fagisrdedderudence

sur la gouvernance algorithmique et des possibilités prometteuses pour créer des villes multiculturelles plus

équitables et intégrées.
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Chapterll nt roducti on

1.1 Background

1.1.1The Challenge of Multi-Ethnic Settlement in Canadian Cities

The transformation of Canadian cities into mueltinic metropolises represents one of the most profound
demographic shifts in the nation's history. Toronto exemplifies this unprecedented diversity where 55.7%
of the population belongs to visible minorgyoups a dramatic increase from 13.6% in 19@&4th similar
transformations in Vancouver (54%) and Montreal (34%) creating what has been described as a "new
residential order" characterized by simultaneous trajectories of ethnic concentration andodispersi
(Hiebert, 2015; Statistics Canada, 2022e, 202dajhtemporary settlement patterns reflect "multicultural
urbanism" where no single cultural template dominates spatial organization, producing ethnic enclaves that
differ fundamentally from traditional immigrant reception areas: Chinese communities indviagkinieve
concentrations exceeding 70% while maintaining midtkss profiles; South Asian settlements in
Brampton demonstrate muhiuclear patterns spanning entire municipalities; and Filipino communities
establish linear corridors along transit m&fR. Murdie & Ghosh, 2013; Valerie Preston & Brian Ray,
2020; Qadeer, Agrawal, & Lovell, 2000 These patterns exhibit "pluralistic segregation,” voluntary
clustering that maintains metropolitan diversity while enabling neighborhood concentration, with 384
distinct ethnic clusters in Toronto alone showing characteristic spatial scalessof Bi®@meters, yet with
dissimilarity indices for some communities (Portuguese: 0.734, Iranian: 0.696) approaching levels
traditionally associated with problematic segregafiéong & Wilkes, 2003; Statistics Canada, 2022c;
Walks & Bourne, 2006)

The relationship between ethnic concentration and economic outcomes defies simple characterization, as
enclaves in Montreal correlate closely with poverty while those in Toronto and Vancouver often represent
pathways to homeownership and middlass staliity (Hiebert, 2015; Hou & Picot, 2016; Shuguang Wang

& Zhong, 2013) The housing affordability crisis intensifying since 2020, with Toronto's average home
price exceeding $1.2 million and rental vacancy rates below 0.5%, has fundamentally altered settlement
patterns, as immigration contributed to 88% of population groviiite housing starts declined by 10%
between 2022023, dispersing newcomers to peripheral municipalities or into overcrowded
accommodations described as "hidden homelessness" within ethnic comni@nities 2024; R. Murdie

& Teixeira, 2011; V. Preston & B. Ray, 2020)



DEMOGRAPHIC TRANSFORMATION

Toronto
55.7% Visible
Minorities
250+ Ethnicities
180 Dialects

Montreal
34% Visible
Minorities

Vancouver
54% Visible
Minorities

nanifests

NEW RESIDENTIAL
ORDER

Concentration + Dispersion,

ECONOMIC DIMENSIONS

Agglomeration
Economies
Ethnic Business
Districts

Montreal: Poverty

Labor Market
Barriers
Language & Networksg

Economic Paradox \

Toronto/Vancouver: Middlelassj

inforces

o)

Three Cities
Concentrated Advantag

Disadvantage
Transition Zones

SETTLEMENT PATTERNS
( )
Pluralistic Segregatior] 5 5
»| Voluntary Clustering + Lln?;rlicizg)ldors
Metropolitan Diversity P!
A
~
Ethnic Enclaves .
384 Distinct Clusters ?g:]lﬂ;:]\‘ x(;l;?:)
3.8-6.4 km Scale
~ |
F — |
pressures
KEY CHALLENGES
i |
|
challenges
URBAN OUTCOMES
v I
Ty Multicultural Tensions I
Supgrl:.)wersny Ideals vs Reality w
50+ Origins per Area G |
. MosaicY Parallel
27 Languages in Schoo Societi
ocieties ]

Figure 1.1 Conceptual framework of multi-ethnic settlement challenges in Canadian cities.

Institutional responses reveal tensions between Canada's official multiculturalism policy and practical

urban diversity management. While the 1988 Multiculturalism Act commits the federal government to

promoting equitable participation, municipal governtsdrearing primary responsibility for housing and

services operate without comparable frameworks, manifesting in zoning bylaws prohibiting multi

generational housing arrangements, consultation processesrepoEsenting neinglish speakers, and

servicedelivery models assuming cultural homogen@yrayidi, 2015; Canadian Multiculturalism Act,

1988; Good, 2009; Sandercock & Lyssiotis, 2003ttlement services originally designed for modest

European immigrant flows struggle to accommodate annual intakes exceeding 500,000 permanent residents

plus over one million temporary residents, with neighborhoods experiencing complete demographic

trandormation within single decades, as in Toronto's Thorncliffe Park where residents from over 50

countries speak 27 languages, creating "sdparsity" where traditional multicultural frameworks lose
analytical utility(Ahmadi & TasarKok, 2014; Biles, Burstein, & Frideres, 2008RCC, 2024)

The COVID19 pandemic exposed underlying vulnerabilities, with visible minority neighborhoods

experiencing infection rates2times higher than predominantly white areas and 40% of businesses in

2



ethnic commercial districts closing permanently, revealing how ethnic concentration can create collective
vulnerabilities when external shocks affect entire communities simultane@udhic Health Ontario,

2021; Statistics Canada, 20248he spatial organization of cities increasingly reflects "three cities," areas

of concentrated advantage, disadvantage, and transition correlating closely with ethnic composition,
challenging narratives of successful integration and suggesting the @amaolsaic may be solidifying

into permanent parallel societi@3. J. Hulchanski et al., 2010; O'Neill, Gidengil, & Young, 2012

The challenge of muhgthnic settlement thus emerges not as a single problem but as a complex of
interrelated dynamics forming a seffinforcing system where outcomes feed back into patterns, creating
path dependencies increasingly difficult to altere Tmprecedented scale and diversity of contemporary
immigration, combined with housing market pressures, institutional limitations, and pandemic impacts,
have created conditions that existing models, whether from classical urban sociology or comparative
immigration studies, struggle to explain. This context provides the imperative for developing new analytical
tools, such as the GeoAl methods explored in this thesis, that can capture the complexity of contemporary

urban ethnic dynamics while providing actéble insights for creating more equitable and cohesive.cities

1.1.2From Traditional Geography to Computational Approaches

The study of human settlement patterns has undergone profound transformations over the past century,
evolving from descriptive regional accounts to sophisticated computational modeling frameworks.
Traditional settlement geography, rooted in early 20thurgnworks of geographers like Carl Sauer and
Preston James, emphasized detailed description of particular places through qualitative observation and
field mapping (Stone, 1965) The theoretical foundations were established through key conceptual
frameworks, most notably Walter Christaller's Central Place Theory proposing that settlements function as
central places with size, spacing, and functions following predictable mathahratationships, though

built upon restrictive assumptions including isotropic plains and rational economic (@¢sch, 1954)
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Figure 1.2 Evolution from Traditional Settlement Geography to GeoAl: Paradigmatic Shifts and
Methodological Transformations.

As urban systems grew increasingly complex, traditional methods revealed fundamental limitations: the
descriptive regional approach struggled to identify generalizable patterns; Central Place Theory
demonstrated significant empirical shortcomings wheredeist regions like lowa and Wisconsin; and its
static framework could not account for temporal dynamics, technological change, or polycentric urban
regiong(Berry, 1967; Burton, 1963; Daniels & Warnes, 2013; Harvey, 1969; Stone, T9@&xjuantitative
revolution during the 1950s and 1960s represented the first major methodological transformation,

introducing statistical techniques and mathematical modeling led by geographers like William Bunge, Brian
4



Berry, and Peter Haggett, while the emergence of Geographic Information Systems in the 1980s provided
new capabilities for spatial data integration, though early GIS applications focused primarily on data
management and cartographic visualization rathan tnalytical modelingBurton, 1963; Goodchild,

1992; Harvey, 1969)

The contemporary emergence of GeoAl represents a paradigmatic shift that transcends previous limitations
by integrating artificial intelligence with geographic information science, characterized by machine
learning algorithms identifying complex ndinear patterns in highdimensional datasets, deep learning
approaches processing heterogeneous spatial data including satellite imagery and mobile phone records,
and predictive modeling that can forecast settlement evolution and simulate policy interv@atons

2021; Janowicz, Gao, McKenzie, Hu, & Bhaduri, 2020; W. Li, 2020; VoPham, Hart, Laden, & Chiang,
2018) Most significantly, GeoAl approaches can model the complex 4sealie interactions that
traditional methods could not address, with graph neural networks simultaneously analyzing individual
settlement decisions and regional urban systems while capfaediack loops and emergent properties
(Goodfellow, Bengio, & Courville, 2016)his evolution from traditional descriptive geography through
guantitative approaches to contemporary GeoAl represents a fundamental reconceptualization of how
settlement processes can be understood, enabling integration of pattern recognition, rprextidtio
explanation within frameworks that handle full urban complexity while remaining grounded in

geographical theory

1.1.3GeoAl: Bridging Spatial Science and Atrtificial Intelligence

Geospatial Artificial Intelligence (GeoAl) represents the convergence of spatial science, artificial
intelligence, and geographic information systems to address complex geographic problems through
advanced computational methods. Defined as spatially @xflitechniques for geographic knowledge
discovery, GeoAl integrates machine learning with geospatial data to accelerate understanding of spatial
phenomena, transcending traditional GIS analysis by embedding spatial thinking directly into algorithmic
desgn (W. Li, Hsu, & Hu, 2021) This spatiallyaware approach fundamentally differentiates GeoAl from
conventional Al applications by recognizing that spatial data possess unique properties, including
nonlinearity, spatial nostationarity, and mukscale variability, that violate assiptions of traditional
statistical methods and necessitate specialized computational apprq&emeyski, Timonin, &
Pozdnukhov, 2009)
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Figure 1.3 Conceptual Architecture of GeoAl: Bridging Spatial Science and Artificial Intelligence for

Urban Analysis.

The methodological toolkit of GeoAl encompasses both established machine learning techniques adapted
for spatial contexts, such as geographically weighted regression and spatial clustering, and inherently spatial
methods that integrate geographic pringpieo algorithmic desigfFotheringham, Brunsdon, & Charlton,

2009; Zhou et al., 2020fGraph neural networks exemplify inherently spatial approaches by explicitly

modeling spatial relationships through network topologies that capture connectivity patterns in urban
6



systems, while physieaformed neural networks (PINNs) combine machine learning with established
physical theories, respecting known constraints while leveraginegddatn learning to capture complex

urban processd&arniadakis et al., 2021; Raissi, Perdikaris, & Karniadakis, 2019; Zhou et al., 2020)

The black box nature of many Al systems poses patrticular challenges for democratic urban governance, as
algorithms making decisions affecting housing, transportation, or service delivery often cannot be
understood, challenged, or modified by citizens dadted officials, undermining fundamental principles

of democratic accountabiliffCugurullo et al., 2024 Critical urban studies scholars argue thatlAven
governance represents a shift toward technocratic administration where traditional mechanisms of citizen
engagement become marginalized, reflecting what has been identified as the inherently natlitieadf
technological systems where urban Al embodies particular values, assumptions, and power relationships
while appearing to operate through technical rather than political iMyioser, 2017) Recent scholarship
emphasizes algorithmic sovereignty and community control, with cities like Amsterdam and Helsinki
pioneering algorithmic registries that demonstrate transparency and effectiveness can be mutually
reinforcing values, perspectives withrficular relevance for GeoAl applications in demographic analysis

given histories of discriminatory mapping, surveillance, and spatial cqBaalot, 2025)

1.1.4Research Direction

The evolution of urban ethnic settlement research has undergone three fundamental transformations that
define the trajectory of contemporary GeoAl applications in human geography. These shifts, from single
group to multiethnic analysis, from static pattsrto dynamic processes, and from descriptive to predictive
modeling, represent not merely methodological advances but paradigmatic reconceptualizations of how
urban diversity can be understood and analyzed through computational approaches.

Our research journey exemplifies this evolution, beginning with exploratory applications of deep learning
architectures (detailed in Appendices A and B) that, while achieving technical sophistication, revealed
critical limitations in interpretability and echanistic understanding. These initial investigations into spatial
pattern detection and network boundary analysis, though computationally advanced, ultimately
demonstrated the necessity of developing frameworks that maintain both predictive accuracy and
theoretical transparency, leading to the three core contributions presented in Chapters 3, 4, and 5.
Figure1.4 illustrates these three paradigmatic transformations and their integration through interpretable
GeoAl frameworks, demonstrating how each shift reinforces the others to create a comprehensive analytical

approach for understanding megtihnic urban dynaros.
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Figure 1.4 Research Direction Framework: Three Paradigmatic Transformations in Urban

Settlement Studies.

1.1.4.1From SingleGroup to MultiEthnic Analysis

Traditional settlement geography has long been constrained by what has been termed "methodological
groupism,” the tendency to study ethnic communities as isolated entities rather than interconnected
components of complex urban systeiviertovec, 2013)This singlegroup focus, inherited from Chicago

School sociology and perpetuated through census categorization practices, fundamentally misrepresents the
reality of contemporary superdiverse cities where iatlnic interactions shape settlement outcome
powerfully as intragroup dynamicgFoner, Duyvendak, & Kasinitz, 2020Yhe limitations become

particularly evident in Toronto's context, where no single ethnic group dominates and settlement patterns
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emerge from complex muléthnic negotiations over space, resources, and opportunities, as demonstrated
in Chapter 5's analysis revealing that Chinese populations exert strong influence on Portuguese (0.44) and
Indian (0.37) communities, while Sri Lankamda Portuguese populations show strong bidirectional
interaction, dynamics invisible to singggoup methodologies.

This shift toward multethnic analysis necessitates fundamental reconceptualization of analytical
frameworks. Rather than treating ethnic groups as independent variables in regression models or separate
layers in GIS analysis, contemporary GeoAl approachedel settlement as emergent from hamic
dynamics, with graph neural networks enabling representation of ethnic communities as nodes in interaction
networks where edge weights capture influence strengths and directiotatite<t al., 2020)The Multr

Ethnic Spatial Mixture of Experts (MESMoE) framework developed in Chapter 5 exemplifies this approach
by incorporating an ethnicity interaction module that quantifies eztigsic effects, revealing cascade
phenomena where demographic changesie community trigger reorganization across multiple groups.

The multiethnic perspective also transforms understanding of spatial segregation from a binary iategrated
segregated dichotomy to a multidimensional space of ethnic configurations, withstwyedy of
"pluralistic segregation” in Canadian cities, where voluntary clustering maintains diversity at metropolitan
scales while enabling concentration at neighborhood levels, confirmed through distinct ethnic spatial
patterns across 52 Canadian ciiiéth characteristic spatial scales ranging from 34.5 km (Philippines) to
63.0 km (United Kingdom{Walks & Bourne, 2006)

1.1.4.2From Static Patterns to Dynamic Processes

The second shift involves moving beyond static snapshots of settlement patterns to modeling dynamic
processes of neighborhood formation, evolution, and transformation. Traditional geographic methods,
constrained by decennial census data and-a@sfonabnalysis, could only document settlement patterns

at discrete temporal points without capturing the continuous processes generating these patterns, obscuring
critical dynamics including colonization of new areas, tipping points in neighborhood composition
succession patterns between ethnic groups, and feedback loops between settlement and urban infrastructure
(Logan & Zhang, 2010)Our initial explorations using deep learning architectures (Appendices A and B)
demonstrated the technical feasibility of capturing temporal dynamics but highlighted the critical need for
interpretable process models, leading to physiftemed approaas that enable fundamentally different
treatments through continuetime models and procedssed simulations. The GraphPDE framework
presented in Chapter 4 demonstrates how population dynamics can be modeled as physical processes
governed by diffusion afficients (2.96.8 km2/year across cities) and attentimmsed interaction
mechanisms, revealing that settlement patterns emerge from regdiffision dynamics rather than

random aggregation.



The temporal analysis reveals distinct phases in settlement evolution previously undetectable, with the
model capturing nostationary dynamics through perisgecific parameters learned separately for four

census intervals (2062006, 20062011, 20112016 20162021). Philippinesrigin populations

maintained consistently positive growth rates (0:015023 year 1) across all |
Kingdomor i gi n popul ations transitioned-2006tosnstgnedsi t i ve
decline(-0.015t0-0. 023 year 1) in subsequent periods, wi t
individuals (China) to 8,132 individuals (India). Dynamic modeling also reveals path dependencies and
multi-stability effects, with configuration landscape anaysgientifying multiple stable settlement
configurations with quantifiable transition barriers, demonstrating that demographic transitions require
sustained interventions over decadal timescales and explaining why some neighborhood transitions appear

irreversible through asymmetric barriers that create Hiocéffects.

1.1.4.3From Descriptive to Predictive Modeling

The third transformation, from descriptive documentation to predictive modeling, represents perhaps the
most profound shift enabled by GeoAl methodologies. Traditional settlement geography excelled at
categorizing patterns, measuring concentrations, apgimgdistributions but struggled to forecast future
states or simulate intervention effects, severely constraining urban planning applications where
policymakers require anticipation of future trajectories under different scerfltitséerd, 2005) While

our initial approaches (Appendices A and B) achieved high predictive accuracy througtbddack
architectures, they offered limited insight into driving mechanisms, motivating development of
interpretable models that maintain transparency whilesirty stateof-the-art performance. The Cultural

Spatial Resonance Network developed in Chapter 5 demonstrates that incorporating domain knowledge
about population dynamics through partial differential equations enhances rather than compromises
predictive accuracy, achieving R2 values of 0:8@3 while providing interpretable parameters for
diffusion, amplification, and directional movement.

Contemporary GeoAl approaches achieve predictive capabilities through multiple mechanisms, but as
Chapter 3's critical analysis demonstrates, accuracy without interpretability risks creating "metrics traps"
where technical performance obscures social iedluThis insight shaped our development of physics
informed approaches that capture +lioear dynamics, tipping points, and cascade effects while
maintaining full transparency, with the GraphPDE framework achieving R? = 0.7649, approaching black
box XGBaost (R? = 0.7760) while providing complete mechanistic interpretability through learned physics
parameters accounting for 57.2% of prediction variance. Predictive modeling also enables counterfactual
analysis and policy simulation previously impossiblehwdescriptive methods, with the discovery that

transit accessibility correlates with amplification factors for Chinese and Filipino populations (r = 0.58 and
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r = 0.61) while housing variables matter more for Indian populations (r = 0.47) providing actionable
intelligence for culturallyesponsive planning interventions (Chapter 5).

1.1.4.4Synthesis and Implications

These three research directions, meittinic, dynamic, and predictive, are not independent trajectories but
mutually reinforcing transformations that collectively redefine urban settlement studies-eiMualt
analysis reveals interaction networks thagel dynamic processes, which in turn enable predictive models
capturing system complexity, representing what has been envisioned as a "new science of cities" where
computational methods reveal organizational principles invisible to traditional obser(dtidBatty,

2013) Our research journey from exploratory deep learning to phiriesned modeling reflects this
evolution, with initial investigations (Appendices A and B) providing crucial insights into capabilities and
limitations of purely datariven approaches, infiming the interpretable frameworks presented in Chapters

3-5. The research direction also reflects broader epistemological shifts in human geography from
idiographic description toward nomothetic explanation, from structure to process, and from docamentati

to intervention, yet unlike the quantitative revolution's pursuit of universal laws, contemporary GeoAl
maintains sensitivity to context, contingency, and complexity through flexible architectures that adapt to
local conditions while identifying generzable patterngBarnes, 2004)

Critically, these methodological advances must be accompanied by ethical frameworks ensuring that
enhanced analytical capabilities serve democratic rather than technocratic ends, as demonstrated through
Chapter 3's analysis showing that technical sophistic without social responsibility risks automating
inequality rather than advancing equity. The research direction thus points toward a future where
interpretable GeoAl enables not just better understanding of urban ethnic dynamics but active shaping of
more equitable, integrated cities. By revealing the mechanisms driving settlement patterns, identifying
intervention points in demographic transitions, and predicting outcomes of policy choices, these
computational approaches provide tools for eviddyased urban planning that respects complexity while
pursuing social justice, with the challenge lying not in technical capabilities but in ensuring these powerful

analytical tools serve community flourishing rather than algorithmic control.
1.2 Research Gap and Positioning

1.2.1The Critical Gap: From Isolated Ethnic Geographies to MultiEthnic Urban Systems

Despite Toronto's transformation into a superdiverse metropolis where 250+ ethnic groups create complex

settlement mosaics, geographic research remains fragmented into isolated studies of individual

communities, fundamentally misrepresenting how contenmpanaulti-ethnic cities actually function

(Carlos Teixeira, 2008; R. Thomas, 2011; TWsal ton
11
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scholarly fragmentation becomes particularly problematic given that superdiversity represents not simply
more ethnic groups but a "diversification of diversity" where interactions between groups fundamentally
reshape urban space, with research documetitatgsupposed Chinese "enclaves" in Markham actually
house residents from over 50 different origins and that59 of enclave residents belong to different
ethnicities than the plurality groypliebert, 2015; Qadeer et al., 2010; Vertovec, 2013)

The persistence of singlgroup studies has rendered invisible the hetiinic dynamics that increasingly

drive neighborhood transformation. Contemporary Toronto exhibits three types eétimeér spatial
processes that existing research cannot addyguapture: ethnic succession and displacement patterns
where no frameworks explain why certain ethnic sequences (®iemiatycki, Rees, Ng, & Rahi, 2001)
multi-ethnic cascade effects where one group's settlement triggers reorganization across multiple
communities (Bauder & Sharpe, 2002)and emergent settlement configurations in "sufpegrse
neighborhoods" like Thorncliffe Park housing over 30,000 residents from South Asia, East Africa, and
Eastern Europe without any group exceeding 3B%A. Murdie, 2008) Perhaps most critically, while
extensive scholarship examines witigioup dynamics including bonding social capital, kinship networks,
and religious institutions, virtually no research systematically examines spatial relationships between
groups, leavig relational geographies unexplored because existing frameworks treat ethnic groups as
discrete spatial units rather than interacting urban a¢@esaldine Pratt, 2009)

1.2.2The Imperative for Integrated Multi -Ethnic Urban Analysis

The shift from studying individual ethnic geographies to analyzing rathitiic urban systems represents

a fundamental advance paralleling transformative shifts in other geographic sulfehys 1967; Rocha

et al., 2021; Scott, 2004y his evolution promises several theoretical breakthroughs: revealing urban ethnic
ecosystems through mapping "community assemblages" of groups that consistestiyrceersus those
exhibiting competitive exclusiorfQadeer & Kumar, 2006; Carlos Teixeira, 2008; Zhuang, 2019)
understanding neighborhood tipping points where 35% ethnic concentration triggers reorganization but
singlegroup studies cannot explain how thresholds vary across ethnic combin&atredling, 1971,

Walks & Bourne, 2006)and identifying spatial competition and complementarity as ethnic communities
compete for housing while creating complementary ethnic econgMids. Porter, 2012)

The selection of nine specific groups (China, India, Philippines, Pakistan, Sri Lanka, Iran, Portugal, Italy,
and United Kingdom) captures the essential diversity of Toronto's settlement geography while remaining
analytically tractable, collectively repeasting 66.7% of Toronto's immigrant population with maximum
variation in settlement patterns, growth trajectories, and spatial relatio(@hiyzng & Chen, 2017With

nine groups generating 36 unique pairwise relationships plus Fogtier interactions, the analysis captures

sufficient complexity to model real mukéithnic dynamics, avoiding both the unmanageable complexity of
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analyzing all 200+ Toronto ethnic origins and the oversimplification ofgveaip comparison@vyles &

Hou, 2004) The selected groups span all documented settlement trajectories from explosive growth (India:
+340%, Pakistan: +334%) through moderate expansion (Philippines: +231%, China: +219%) to sustained
decline (Italy-24%, UK:-20%), while embodying Toronto'sjared immigration history enabling analysis

of how successive migration periods interact spat{&@hvid Ley, 2011)

1.2.3GeoAl as Solution Framework

Geospatial Artificial Intelligence emerges as the essential framework for implementing progressive spatial
analysis, providing computational tools capable of handling the complexity, dimensionality, and dynamics
of contemporary urban ethnic settlement tiglo spatiallyexplicit artificial intelligence that incorporates
geographic principles directly into algorithmic desigdanowicz et al., 2020)GeoAl provides
unprecedented capabilities for analyzing complex urban systems: deep learning architectures processing
hundreds of census variables simultaneously; graph neural networks representing urban spatial
relationships that tabular methods carmotommodate; attention mechanisms automatically learning the
relevant scale and extent of spatial influence; phyisitemed neural networks incorporating domain
knowledge as inductive biases; and mixture of experts architectures recognizing thattgifierenses

govern different regimes.

Critically, GeoAl as implemented in this research prioritizes interpretability through systematic integration
of domain knowledge rather than pure ddtiven learning. The Spatial GaussiBarnoulli DBN
incorporates street network topology as architetumastraints; the STGANEI framework learns explicit
inter-ethnic interaction matrices; the reactidiffusion model grounds analysis in established physics of
pattern formation; and the MESMoE framework achieves-sffatke-art performance while maintaing

full interpretability through regimspecific parameterization. The learned parameters have clear
geographic meaning: diffusion coefficients represent mobility rates, interaction strengths capture ethnic
affinity or repulsion, and energy barriers gtignresistance to demographic change. GeoAl serves as a
crucial bridge between theoretical understanding and practical application, transforming abstract concepts

into measurable, predictable phenomena with clear policy implications.

Table 1-1. Comparison of Analytical Approaches to Urban Ethnic Settlement

Di mension Traditional GeConvention Geoai Framework (T

Theoretic|Singteup focusAtheoretic Muletihni c dynamics

Approach patterns, fixe¢driven pat process®cal enuilnteg
Data Hand/ Li mited varialHi gl mensi o Spat-éapliycit, pres
independence nospati al
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Spati al Euclidean distOften igno Street networks, n

Represent admini strativesi mplified

Tempor al Crossescti onal s Time as feiProcess modeling,

I nterpret/Full transpare¢Black box, I nterpretable para
compl exity accuracy meaning

| ntEetrhni ¢c |Assumed or igrlIlmplicit i Explicit interact.i

Dynamics

PredictiviLimited to extStrong but Mechanistic predic

Capabilit bounds

Scal abili|ComputationallScales wellEfficient gpu impl
l'imited scale analysis

Policy Re Direct but ove¢Accurate b Actionable insight

intervention point
Val i datio/Statistical siCroweaslidati Mulctrii teria: accur
Approach accuracy theory consistency

This framework transforms settlement geography from a descriptive to a predictive science while
maintaining the theoretical grounding and interpretability essential for urban planning applications. By
providing tools that can simultaneously handle compjeriaintain transparency, and generate actionable
insights, GeoAl enables a new generation of evidérased urban policy that respects the full complexity

of superdiverse cities.

1.2.4Positioning This Research

This dissertation positions itself at the intersection of human geography and computational science,
advancing both fields while maintaining critical awareness of algorithmic power and social implications.
The research makes four distinctive contributions ¢biectively address identified gaps:

First, it develops progressive spatial analysis as a systematic methodology for studying complex urban
phenomena through integrated mugitiale investigation. This approach moves beyond both the limitations
of traditional singlescale analysis and the black hmoblem of conventional machine learning, providing

a framework that builds cumulative understanding through systematic progression across spatial scales.
Second it demonstrates interpretable GeoAl that achieves-efatee-art performance without sacrificing
transparency. By incorporating domain knowledge through phy#iesned architectures and producing
parameters with clear geographic meaning, the resesiides supposed traadfs between capability and
interpretability, showing that the best models are often the most understandable.

Third, it reveals hidden ethnic dynamics previously invisible to both traditional and computational
approaches. The quantification of inthnic interactions through attentibased mechanisms,

identification of nucleation thresholds varying systematicaltgseethnic groups, and discovery of pattern
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formation regimes (spots, stripes, labyrinthine) transform qualitative observations into precise, predictable
phenomena amenable to policy intervention.

Fourth, it provides practical tools that bridge the gap between academic research and urban planning
practice. The operource implementations, documented workflows, and transferable architectures ensure
that research insights can translate into-veaild applcations, democratizing access to advanced urban
analytics.

By addressing theoretical limitations through mattnic frameworks, methodological constraints through
progressive analysis, and empirical gaps through GeoAl capabilities, this research establishes new
foundations for understanding and managing ethatttesnent in superdiverse cities. The approach respects

both the complexity of contemporary urban systems and the need for transparent, accountable methods that

serve democratic urban governance rather than technocratic control

1.3 Research Questions and Research Scheme

1.3.1Research Questions

This dissertation investigates the spatial dynamics and underlying processes ddthmidtisettiement
patterns in contemporary metropolitan areas, with 52 major Canadian cities serving as the analytical scope.
While initially proposed to examine Iranianmigrant settlement patterns specifically, the research evolved

to embrace a muléthnic framework that captures the interconnected nature of urban demographic
dynamics. This evolution from singlgroup to multiethnic analysis reflects a fundamental greghic

insight discovered during preliminary investigations: ethnic settlement patterns cannot be understood in
isolation but emerge from complex intgroup spatial interactions, plabased processes, and temporal
dynamics that shape the urban sociatiEcape.

The overarching research question guiding this dissertation is:

How do multi-ethnic settlement patterns in metropolitan areas emerge, evolve, and stabilize through

the interplay of spatial processes, inteethnic dynamics, and urban structural factors, and what do

these patterns reveal about the nature of contemporaryurban diversity and socialspatial
organization?

This central question is addressed through three core research questions, each corresponding to a
substantive chapter, with two additional exploratory questions that informed the theoretical and

methodological development:

1.3.1.1Core Research Questions
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RQ1: How does technologyediated urban governance shape ethnic settlement patterns and community
outcomes, and what are the implications for spatial justice and democratic participation in diverse cities?
This foundational question (Chapter 3) examines the deployment of algorithmic desaiorg systems

in urban governance and their impacts on ethnic communities. Through analysis of 24 case studies selected
from 157 urban Al deployments across six dom&aid.52024), the investigation reveals how cities have
fall en i nt o-where fechridalefficerscy underanmes social equity and community wellbeing.
This critical geographic analysis establishes why understanding the mechanisms of setti¢imers p
matters for spatial justice, providing the ethical foundation for examining how vulnerable ethnic
communities navigate increasingly algorithmic urban environments.

RQ2: What mathematical frameworks can capture the statistical regularities in ethnic settlement patterns
across metropolitan areas, and how do phyisggired models help us understand aggregate spatial
dynamics while recognizing that individual settlerndacisions involve complex social factors beyond
what these models represent?

This question (Chapter 4) represents a paradigmatic shift in understanding urban ethnic geography,
investigating the fundamental spatial mechanisms that produce observed settlement patterns. The research
develops a grapbhased physiesformed neural netws (GraphPDE) that embeds mudtihnic reaction
diffusion dynamics while learning interpretable demographic parameters across 52 Canadian cities and
30,091 dissemination areas. The model reveals efipacific spatial scales ranging from 34.5 km
(Philippines) to 63.0 km (United Kingdom), pattern formation regimes (spots, stripes, labyrinthine)
emerging from the interplay of seliteraction and betweegroup competition, and critical nucleation
thresholds varying from 658 individuals (China) to 8,132 imlimls (India) for spatial clustering
emergence. This geographic analysis reveals how settlement patterns exhibga@lfing properties that
transcend individual choices, following spatial dynamics similar to other pdittening processes in
natureand society.

RQ3: How do different demographic regirrasonization of new areas, population decline, and spatial
redistributionshape the evolution of muéthnic neighborhoods, and what role do irgdmic interactions

and urban infrastructure play in determinirgtiement trajectories?

This synthesis question (Chapter 5) explores how methinic cities transition between different
demographic states and the factors that determine neighborhood futures. Through examining regime
specific dynamics, the research reveals how different presagsvern settlement changes: new ethnic
enclaves forming in previously homogeneous areas, established communities experiencing decline or
gentrification, and populations redistributing across metropolitan space. The investigation demonstrates

how interethnic influences create cascade effects across communities, with certain groups acting as
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demographic anchors while others follow or avoid their settlement patterns, fundamentally shaping the

urban ethnic mosaic.

1.3.1.2Exploratory Research Questions (Addressed in Appendices)

ERQ1: What spatial patterns characterize nathinic settlement in contemporary Toronto, and how can

these patterns be systematically identified and classified? (Appendix A)

This exploratory investigation examined the complex spatial configurations of ethnic settlement across
Torontods 3,741 dissemination ar eas-centeredemchves, yi ng
educatiortransit corridors, and distributedulti-nuclear patterns. While successfully mapping these
patterns, the analysis revealed that identifying patterns alone provides insufficient understanding of the
processes creating them, motivating deeper investigation into settlement mechanisms.

ERQ2: How do inteethnic spatial interactions shape settlement patterns, and what critical thresholds
trigger neighborhood demographic transitions? (Appendix B)

This exploration quantified the spatial relationships between different ethnic communities, identifying
critical tipping points where 35% ethnic concentration triggers rguttup reorganization. The analysis
revealed asymmetric int@thnic influencesone groups attract others while some refp@ldamentally

shaping the geographic distribution of diversity across the metropolitan area.

These research questions reflect a deliberate progression from examining the urban governance context
shaping settlement (Chapter 3), through understanding the fundamental spatial processes driving pattern
formation (Chapter 4), to analyzing the complexawyics of demographic change in mugithnic cities

(Chapter 5). The exploratory work documented in the appendices provided crucial empirical grounding for
understanding Torontobs ethnic geography, whil e t
understanding t hese patterns. Toget her, t hey ad
contemporary cities organize themselves spatially under conditions of unprecedented ethnic diversity,
contributing both theoretical insights about urban spatiatgsses and practical knowledge for creating

more equitable and integrated metropolitan areas.
1.4 Methodology

1.4.1Thesis Framework

This dissertation employs a progressive GeoAl framework that advances from critical assessment through
interpretable computational analyses to reveal the #ayléred dynamics of ethnic settlement patterns
across major Canadian cities (Figure 1.5). Theranching methodological approach integrates physics

informed neural networks, interpretable machine learning architectures, and reigttision models
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within a critical geographic perspective that interrogates both the capabilities and limitations of algorithmic
approaches to urban demographics.

The framework addresses a fundamental methodological challenge: ethnic settlement patterns cannot be
understood through isolated analysis of individual groups but emerge from compleetlmier
interactions, spatial dependencies, and temporal dynanaitsetjuire simultaneous analysis of multiple
populations. This methodological necessligcovered through the inadequacy of sirgfleup models in

our exploratory work (Appendices A and-B)aped the research design toward comprehensiveettutic

analysis that captures the interconnected nature of demographic landscapes across Canadian cities.

The thesis framework operates through three interconnected principles, as illustrated in Figure 1.5. First,
interpretable progressionmoves from identifying algorithmic failures in urban governance (Chapter 3)

to developing physiesmformed understanding of settlement mechanisms (Chapter 4) to creating hybrid
frameworks that combine accuracy with transparency (Chapter 5). Seuettthdological learning
demonstrates how limitations discovered in exploratory blswk approaches (Appendices A and B)
motivatael the development of interpretable alternatives. Thamtical computational geography
maintains reflexivity about algorithmic power, ensuring that technical sophistication serves democratic
urban planning rather than technocratic control.

18



Thesis Structure

ot Toronto: World's Most -
< 2 Multicultural City Loy Caslngs
m 5 sl Unprecedented multi-ethnic
< * 55.7% visible minorities : s
%) E TR complexity exceeds traditional
@5 * 250+ ethnicities P S
[é & *2.86M immigrants %\
é@ e i .
% 3 Single-Group Studies Static Pattern Analysis Descriptive Methods
= * Chinese in Markham + Census snapshots * Document patterns
= a + Indians in Brampton * Cross-sectional « Limited prediction
g =) * [solated analyses * No dynamics * No mechanisms
J
1]
j % 3 Black-Box Al Problems X
= Incomplete Knowledge S PPk Acrweaicr we Metrics Trap
E = « No inter-ethnic dynamics Goy d":y, * Technical accuracy # social value
2 = » Ignore cascade effects iy S * Algorithmic discrimination
- : 2 + Can't explain mechanisms ; :
(@] « Can't explain succession i A » Democratic deficit
= * Policy makers can't use
By
<
&} RESEARCH GAP Exploratory Phase
jast No interpretable framework for (Appmd’"“‘q‘&'];)
9 lti-ethni g Deeg) leaming
= o (DBN+GNN)
5 * High accuracy (R*>0.95)
E + BUT: Black box!

METHODOLOGICAL
EVOLUTION

2
]
B
<t
-
%
3
7]
4
oo
e Theoretical: Practical: Methodological:
Eé S * Settlement as physics + Planning tools + Interpretable GeoAl
i * Universal scaling laws * Policy Recommendation » Critical computational
é * Energy barriers * Threshold identification geography framework
o
&)

Figure 1.5 Progressive GeoAl methodological framework for analyzing multiethnic settlement
patterns in the Greater Toronto Area.
19



1.4.2Critical Analysis - Establishing Ethical Foundations

The first analytical stage (Chapter 3) employs multiple case study analysis with thematic synthesis to
examine algorithmic failures in urban governance, establishing why interpretability is essential for
responsible GeoAl applications in mudtihnic contgts. The analysis examines 24 implementations
selected from 157 Al deployments across six urban domains 25, encompassing predictive
policing systems, housing allocation algorithms, facial recognition deployments, and demographic
prediction modelsacross global cities. Systematic cresse analysis employed pattern matching,
explanation building, and qualitative comparative analysis principles, with document analysis
encompassing academic publications, government reports, technical documentat@stigative
journalism, legal documents, and community advocacy materials, using NVivo 12 software achieving inter
rater reliability of 0.84 (Cohen's kappa).

The analysis reveals three critical patterns establishing the necessity for interpretable methods: accuracy
illusions where technical metrics mask social failures (e.g., ShotSpotter's 97% acoustic accuracy yielding
only 9.1% crimefighting effectivenessyliscriminatory feedback loops amplifying existing biases through
algorithmic enforcement; and community resistance movements demonstrating successful challenges to
algorithmic determinism. These findings establish that technical sophistication withgotatability risks

automating inequality rather than advancing equity.

1.4.3PhysicsInformed Analysis - Metropolitan Scale Dynamics

The second analytical stage (Chapter 4) develops a -pagdd physietrformed neural network
(GraphPDE) that embeds mudtihnic reactiordiffusion dynamics while learning interpretable
demographic parameters. Analysis encompasses 52 major Canadéaneaikiang nine major ethnic groups
(China, Philippines, India, Pakistan, Iran, Sri Lanka, Portugal, Italy, United Kingdom) across 30,091
dissemination areas from 20@021. The GraphPDE framework combines reaetiffusion partial
differential equationson spatial graphs with neural augmentation, incorporating learnable diffusion
coefficients with ethnispecific and cityspecific values, attentiebased inteethnic competition
mechanisms, growth rates, immigration rates, emigration rates, and caapauties learned pgreriod

and pefcity, census feature modulation through learned multilayer perceptrons, and neural residual terms
capturing systematic deviations from physics structure. The model employsact@ldrated
implementation with custom CUDRernels achieving 32.6x speedup, enablingsdgle simulations with
4th-order RungeKutta temporal integration.

Key discoveries include: ethngpecific spatial scales ranging from United Kingdom (63.0 km, highest
mobility) to Philippines (34.5 km, concentrated settlement); pattern formation regimes segregating ethnic

groups into spots (UK, Portugal), stripes (Chilmalia, Philippines), and labyrinthine (Iran, Pakistan, Sri
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Lanka) patterns; critical nucleation thresholds varying from China (658 individuals) to India (8,132
individuals); multistability analysis revealing multiple stable settlement configurations with quantifiable
transition barriers; and interpretable variarattribution establishing that physicsormed components
account for 57.2% of prediction variance while neural residuals contribute 42.8%.

1.4.4Hybrid Framework - Multi -scale Integration

The third analytical stage (Chapter 5) employs the Mkthinic Spatial Mixture of Experts (MESMoE)
framework integrating domain knowledge with machine learning. Data synthesis integrates census
demographic profiles (298 socioeconomic features), housiagacteristics, employment and income
distributions, transportation infrastructure metrics, educational facilities, and three specialized spatial
matrices (walking distance, transit connectivity, geographic proximity), processing temporal transitions
(20@®0LYV06, 2006Y2016, 2016Y2021) as separate train
temporal transitions.

MESMoE employs regimadaptive partial differential equations with specialized neural experts:
Colonization Expert modeling zeto-nonzero transitions; Jump Process Expert capturing discontinuous
demographic shifts; Decline Expert specializing in popotatixodus scenarios; and PDE Diffusion Expert
handling continuous population changes. A learnable router directs predictions to appropriate experts based
on local context. The framework achieves st#téhe-art performance (R2 = 0.8D83 across periods)

while maintaining full interpretability through expespecific feature importance analysis, learned ethnicity

interaction networks, spatial parameter visualization, and regpaeific accuracy metrics.

1.4.5Exploratory Investigations - Learning from Black-Box Methods

Two exploratory investigations (Appendices A and B) provided crucial methodological insights shaping

the interpretable frameworks. Appendix A employed Spatial GauBsamoulli Deep Belief Networks
(401Y64 di mensional r educt chievinyexceptionaliacteaty (R?i>0.96 Gr ap
for major ethnic groups) but with opacity of learned representations preventing understanding of why
patterns emerged. Appendix B employed Spagmporal Graph Attention Networks with Ethnic
Interaction Learning (BGAN-EI), achieving strong predictive capability (R? = 0.851) with identification

of 35% concentration tipping points, but bldotx attention mechanisms obscured causal relationships.

These explorations demonstrated that while deep learning achievasaésbphistication, interpretability

is essential for advancing geographic theory and enabling practical applications

1.4.6Computational Implementation and Ethical Considerations

All methods prioritize reproducibility and accessibility through Python 3.8+ with PyTorch 1.9+ for neural
network implementations, PyTorch Geometric for graph neural network components, custom CUDA 11.0+
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kernels for physicenformed PDE solvers, and comprehensive documentation. Census data processed
according to Statistics Canada guidelines, spatial matrices, and complete preprocessing pipelines are
available on Figshare and GitHub repositories.

The methodology incorporates ethical safeguards throughout: privacy protection through analysis at
dissemination area level (40@0 people) preventing individual identification with no use of personal
mobility data; and algorithmic accountability throufgii interpretability of core models, documentation

of limitations and potential biases, and o@urce implementation allowing community verification. This
methodological framework transforms the study of reettinic settlement from descriptive docunadiain

to interpretable science, demonstrating that computational sophistication need not sacrifice transparency or

theoretical understanding.

1.4.7Thesis Structure

This dissertation is organized into six core chapters, with additional appendices documenting exploratory
investigations that informed the methodological development. The structure follows a deliberate
progression from critical examination of algorithmiban governance through physioformed analysis

to integrated frameworks, reflecting the evolution from identifying problems with {dlaxknethods to
developing interpretable alternatives.

Chapter 1: Introduction establishes the research context, presenting Toronto as an unprecedented
laboratory for studying mukithnic urban dynamics where 55.7% of the population belongs to visible
minority groups. The chapter traces the evolution from traditional geographicagpps through the
guantitative revolution to contemporary GeoAl, identifying critical gaps in understandingetuic
settlement as an interconnected system rather than isolated group phenomena. It positions the research at
theintersection of human geography and computational science, establishing the necessity for interpretable
methods that can reveal settlement mechanisms while serving democratic urban governance.

Chapter 2: The Greater Toronto Area as a MultiEthnic Laboratory provides comprehensive empirical
grounding for subsequent analyses. This chapter documents the selection methodology for the nine study
populations (China, India, Philippines, Pakistan, Sri Lanka, Iran, Portugal, Italy, United Kingdom) based
on populationsize, growth trajectories, and spatial variation criteria. It presents detailed demographic
profiles, temporal dynamics (20@D21), and contemporary spatial configurations, establishing the
empirical foundation for understanding Toronto's transformaiit;ma superdiverse metropolis.

Chapter 3: The Metrics Trap in GeoAl Systemscritically examines algorithmic failures in urban
governance through analysis of 24 case studies selected from 157 urban Al deploymes2822DIkhis

chapter reveals how cities fall into "metrics traps" where technical accuracy masks social failures,

establishing the ethical and practical necessity for interpretable methods. The analysis identifies patterns of
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accuracy illusions, discriminatory feedback loops, and successful community resistance, providing the
critical foundation for developing transparent alternatives to Haskalgorithms.

Chapter 4: SPATIAL DYNAMICS - Spatial Diffusion Models of Ethnic Settlementdevelops the
graphbased physiesifformed neural network (GraphPDE) that embeds raththic reactiordiffusion
dynamics while learning interpretable demographic parameters across 52 Canadian cities. This chapter
demonstrates that physio¥ormed constriats do not severely limit predictive pow&raphPDE achieves

R2 = 0.7649, approaching gradient boosting performance (XGBoost: Rz = QwhHiE®)yielding
mechanistically interprebde parameters. The framework reveals etispiecific spatial mobility patterns,
pattern formation regimes, critical nucleation thresholds, and-étieiic interaction networks through
attention mechanisms, providing actionable insights for understamdiligethnic settlement dynamics.
Chapter 5: Spatial Complexity - Multi -Pattern Models for Complex Urban Demographicsdevelops

the Multi-Ethnic Spatial Mixture of Experts (MESMoE) framework that achieves-efatee-art predictive
performance while maintaining full interpretability. This chapter demonstrates how different demographic
regimes, colonization, decline, juni@nsitions, and continuous diffusion, require distinct mathematical
formulations. The framework reveals inthnic interaction networks and cascade effects that shape
metropolitanscale settlement patterns, providing actionable insights for cultuesponsive urban
planning.

Chapter 6: Synthesis From GeoAl Patterns to Geographic Understandingntegrates findings across

the dissertation to advance theoretical understanding of -athtiic urban systems. This concluding
chapter synthesizes discoveries about universal scaling laws, rdgpaadent dynamics, and intthnic
interactions into a @herent framework for understanding contemporary urban diversity. It translates
computational insights into practical planning guidance while critically reflecting on the limitations of
physicsbased approaches to social phenomena.

Appendix A: Spatial Patterns- Advancing GeoAl for Mapping Ethnic Settlement Patternsdocuments

initial explorations using hybrid deep learning architectures (Spatial GatBsiaoulli DBN combined

with GraphSAGE) for pattern detection. While achieving exceptional technical performance (R2 > 0.95),
this investigation revealed critical arpretability limitations that motivated the development of transparent
frameworks in the core chapters.

Appendix B: Spatial Networks - Graph Neural Networks for Understanding Ethnic Spatial
Boundaries presents the Spatibemporal Graph Attention Network with Ethnic Interaction learning
(STGAN-EI) that identified critical tipping points in neighborhood transitions. Despite strong predictive
capability, the blaclbox nature of attention mechanisms dent@tsd the need for explicit mechanistic

modeling that informed subsequent physidermed approaches.
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The thesis structure reflects a methodological journey from exploratorgddedam approaches to theery
informed frameworks, demonstrating that the progression from dblexkto interpretable methods
represents not a retreat from computational sophisiichtut an advance toward meaningful understanding.
Each chapter builds upon previous insights while maintaining sufficient independence to be read as a
standalone contribution, enabling readers to engage with specific methodological or empirical canponent
while appreciating the integrated whole. This organization ensures that the dissertation contributes both to
advancing GeoAl methodologies and to deepening geographic understanding eétinmidti urban

dynamics.

1.5 Anticipated Contributions

This dissertation makes substantial contributions across theoretical, methodological, empirical, and
practical dimensions, advancing both human geography and computational urban science. The research
demonstrates how interpretable GeoAl methods can reélreatomplex mechanisms governing multi

ethnic settlement patterns while avoiding the pitfalls of blaak algorithmic approaches.

1.5.1Theoretical Contributions

This research fundamentally reconceptualizes ethnic settlement patterns from isolatedpgoifig
phenomena to interconnected systems governed by measurablethinierdynamics. The discovery of
asymmetric interaction patterns through attentiasedmechanisms (Chapter 4) reveals that settlement
decisions of one ethnic group quantifiably influence others: China exhibiting strong negative self
competition {19.8) driving spatial dispersal while showing positive facilitation with multiple other groups;
Philippines and Pakistan forming mutually attractive dyads; United Kingdom and Italy exhibiting mutual
repulsion. This theoretical advance moves beyond traditional assimilation models to establish "pluralistic
segregation” as a distinct urban form wherduntary clustering maintains ciwyide diversity while
enabling neighborhoelkvel concentration.

The dissertation demonstrates that urban ethnic settlement patterns can be mathematically modeled using
physicsinspired reactiofiffusion frameworks (Chapter 4), revealing statistical regularities with
characteristic spatial scales (3463.0 km) that vey systematically across ethnic groups. While these
mathematical tools provide valuable insights into aggregate patterns, they represent statistical correlations
rather than evidence that human settlement literally follows physical laws. The GraphPD#&drame
identifies pattern formation regimes (spots, stripes, labyrinthine) emerging from the interplay between self
interaction strength and betwegroup competition, with configuration landscape analysis revealing
multiple stable states and transition ens. The MultiEthnic Spatial Mixture of Experts framework

(Chapter 5) introduces the theoretical concept that different demographic processes, colonization, jump
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transitions, decline, and continuous diffusion, require distinct mathematical formulations, challenging
monolithic approaches to urban modeling and establishing that cities simultaneously exhibit multiple

dynamic regimes.

1.5.2Methodological Contributions

The dissertation demonstrates a methodological evolution from exploratory deep learning (Appendices A
and B) to interpretable frameworks (Chapters 4 and 5), establishing that the perceivedf tratieeen
accuracy and interpretability is false. The pesgion introduces gragyased physiesformed neural
networks (GraphPDE) combining reactidiffusion equations with graph neural networks and attention
based competition mechanisms, and MiHtnic Spatial Mixture of Experts achieving stafethe-art
performance (R? = 0.80.83) while maintaining full interpretability. These architectures prove that
incorporating domain knowledge enhances rather than compromises predictive accuracy, with the physics
only variant of GraphPDE achieving R? = 0.5588 (95.6f4pure neural baseline performance) using
exclusively interpretable parameters.

Responding to the "metrics trap” identified in Chapter 3's analysis of 157 urban Al deployments, the
dissertation establishes critical computational geography as a necessary framework maintaining reflexivity
about algorithmic power while harnessing comfpiateal capabilities for progressive urban research. All
methods are implemented with opsource reproducibility, including GRblkcelerated CUDA kernels
achieving 32.6x speedup for cisgale simulations, comprehensive GitHub repositories with documented
code, and publicly available datasets through Figshare. The modular architectures enable transferability
across urban contexts, with physinformed approaches reducing data requirements compared te black

box methods, establishing new standards for contipntd research in human geography.

1.5.3Empirical Contributions

The dissertation provides the most comprehensive computational analysis of Canadian cities' ethnic
geography to date, examining nine major ethnic groups across 30,091 dissemination areas in 52 cities over
two decades (2002021). Key empirical discoverigsclude: ethniespecific spatial scales ranging from

34.5 km (Philippines) to 63.0 km (United Kingdom); pattern formation regimes segregating groups into
spots, stripes, and labyrinthine patterns; critical nucleation thresholds ranging from 658 (CBia8pto

(India) individuals; temporal evolution revealing diverging demographic trajectories (Philippines
maintaining positive growth while United Kingdom transitions to decline); andeigl heterogeneity

with Toronto and Vancouver maintaining stablergiag capacities while Winnipeg exhibits 38% decline.

The research provides mathematical parameters capturing previously qualitative observations: attention

based interaction weights quantifying intghnic facilitation and competition; diffusion coefficients
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measuring ethnispecific spatial mobility (2.8 km2/year across cities); growth rates revealing
demographic trajectories; carrying capacities showing urban constraints; and configuration landscape
analysis identifying stable states and transition besriThe observed variation in parameters within
systematic patterns demonstrates that fundamental organizing principles govern settlement patterns while
allowing for cultural and contextual variation, with the physiaéy model achieving 73% of full
GraphPDE's R2 performance suggesting that readiffnsion theory captures the majority of predictable

variance through interpretable mechanisms.

1.5.4Practical Contributions

The dissertation provides concrete tools for urban planners and policymakers: predictive models forecasting
neighborhood transitions with demonstrated accuracy (R2 = 0.7649); identification of critical thresholds for
viable enclave formation; learned parters quantifying ethnispecific mobility and interaction patterns;
multi-stability analysis revealing configuration transition dynamics; and quantified uncertainty estimates
(95.1% confidence interval coverage) enabling-egkare policy design. The reseh reveals that effective
integration requires understanding ethspecific dynamics rather than uniform approaches, with critical
nucleation thresholds suggesting minimum viable populations for community formationethmer
interaction networks reaaling facilitative and competitive relationships, and -tétyel parameter
heterogeneity demonstrating that national policies must accommodate local variation.

All computational tools are freely available for adoption by other cities: GraphPDE framework adaptable
to any urban context with spatial networks and census data; documented workflow from data preprocessing
through prediction and visualization; benchmarkerformance metrics enabling comparison across cities;

and training materials for municipal data scientists and urban planners. This democratization of advanced

computational methods enables evidehased planning in resourcenstrained contexts.

1.5.5Interdisciplinary Bridge Building

The dissertation establishes interpretable GeoAl as a legitimate approach within human geography,
demonstrating how computational methods can address fundamental geographic questions while
maintaining theoretical transparency. The integration of machameitey with urban theory, physics with

social dynamics, and computer science with geographic analysis creates new interdisciplinary spaces for
collaboration essential as geography increasingly requires computational sophistication to address complex
urban challenges. The progression from exploratory bllack methods to interpretable frameworks
provides broader lessons for computational social science, demonstrating that domain knowledge
integration enhances rather than constrains computational methoo$eaimd) a template for other fields

grappling with the interpretabilitpccuracy tradeff.
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By critically examining algorithmic failures while developing interpretable alternatives, the dissertation
contributes to the broader movement for responsible Al in urban contexts, demonstrating that cities need
not choose between computational capabibiyd democratic accountability. These contributions
collectively transform our understanding of urban ethnic dynamics from qualitative description to
guantitative prediction, from isolated patterns to system dynamics, and from static observation to
mechaniic explanation, establishing new foundations for using interpretable GeoAl to create more

equitable, integrated, and vibrant multicultural cities.
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Chapter2T he Gr eater Toroditt hnArcedJrdsaana LMWblot

2.1 A Historical Timeline of Immigration Waves (19708 2020s)

Torontodbés transformation into one of the worl doés
demographic shift that unfolded over five decades. This section traces the immigration patterns that
reshaped the city, drawing on census data from 26872021 to document the successive waves of
newcomers from the nine origin countries central to this study: China, Philippines, India, Pakistan, Iran, Sri
Lanka, Portugal, Italy, and the United Kingdom. (&iebert, 2000pbserved, the impact of immigration

on Canadian cities since the Second World War has been profound, particularly following the removal of
barriers to nofEuropean immigrants in the 1960s and the significant increase in immigrant admissions
since the miel980s.

2.1.1The Demographic Transformation

The Toronto Census Metropolitan Area (CMA) experienced a fundamental change in its population
composition between 1971 and 2@3tatistics Canada, 2022@s Table 2.1 demonstrates, the proportion
of foreignborn residents nearly doubled over this period, transforming Toronto from a predominantly
British-origin city to one where immigrants now constitute the majority. This trajectory aligns with broader
paterns documented bidou and Picot (2004)who noted the rapid expansion of visible minority

popul ations in Canadab6s three |l argest metropolita

Table 2-1. Toronto CMA Population and Immigration, 1971i 2021

Census Year Tot al Popul al mmigrant Pcl mmigrants (
1971 2,628,045 ~760, 000 28.9
1981 2,998,947 ~840, 000 28. 0
1991 3,893,046 1,468,625 37.7
2001 4,682,897 2,032,960 43. 4
2006 5,113,149 2,320,160 45. 4
2011 5,583,064 2,537,410 45. 4
2016 5,862, 855 2,705,550 46.1
2021 6,202, 225 2,891,990 46.6

Sources: Statistics Canada Census of Population, 118J21; 2011 National Household Survey

This transformation did not occur uniformly. Rather, it proceeded through distinct waves characterized by
shifting source countries, changing immigration policies, and evolving global circums{&mesgles,

2016)

2.1.2Wave [: The Final Years of European Dominance (1970s)
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The early 1970s marked the twilight of an immigration era dominated by Southern European arrivals. Italy

and Portugal, which had supplied substantial numbers of immigrants throughout the 1950s and 1960s,
continued to contr i butaedintinshing ategknowles62016)¢istarivatlyh , t h o U
Canada had relied upon Western Europe, particularly Great Britain, as the major supplier of imgfgrants

S. Li, 1998)

The 1971 Census captured a Toronto still bearing the strong imprint of postwar European migration. Italian
remained one of the most common rafficial mother tongues, with concentrated communities in areas

such as College Street, Silair West, and thereerging suburbs of Woodbridge and Vaugfitdackworth

& Rekers, 2005)Portuguese settlement clustered along Dundas Street West and in the Kensington Market
area(R. Murdie & Teixeira, 2011)

Table 2-2. European-Origin Immigrant Population, Toronto CMA

Country 1991 2001 2011 2021
Italy ‘125,605 142,630 136,325 ~110, 000
Portugal ‘92,195 87,515 75,600 ~65,000

United Ki‘143,395 152,265 112,585 ~95,000
Sources: Statistics Canada Census of Population

The 1967 introduction of the points system began redirecting immigration flows, though its full effects
would not become apparent until the following decd@igadafilopoulos, 2012) The points system
established new standards for assessing potential immigrants, assigning points in categories relating to
education, occupational skills, employment prospects, age, proficiency in English and French, and personal
characterfA. G. Green & Green, 1999This reform marked the culmination of a normatively driven
political process catalyzed by the discrediting of scientific racism and the emergence of human rights in the
postwar periodTriadafilopoulos, 2012)British immigration, while still substantial, had already begun its

long decline from the dominant position it had occupied since Confedef(Rediz, 2004)

2.1.3Wave IlI: South Asian Emergence (19734990s)

The points systembs emphasis on education and ski
(P. S. Li, 1998)Changes in immigration regulations in 1967 resulted in the adoption of a universal point
system in assessing prospective immigrants, irrespective of country of origin or racial bacKgragnd

Li, 1998) India emerged as an increasingly significant source country through the 1970s, a trend that would
accelerate dramatically in subsequent decades.

The 1971 Census grouped India and Pakistan together in birthplace tabulations, reflecting both the
countrieso® r ecenimodest mumbets.iBp 1991ahoveevet, theecensus setoidédIdistinct
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and growing populations from both nations, along with an emerging Sri Lankan community driven largely
by refugees fleeing civil confligvelamati, 2009)

Table 2-3. South Asian Immigrant Population, Toronto CMA

Country 1991 2001 2011 2021
I ndi a ‘~100,000 129, 945 268, 910 ~320, 000
Pakistan ‘~40,000 39,090 97,655 ~125,000

Sri Lanka‘~45,000 54, 485 103,580 ~115,000
Sources: Statistics Canada Census of Population

The Sri Lankan trajectory deserves particular attention. Arrivals accelerated sharply following the 1983
anti-Tamil riots and continued through the civil war period (IZB®9). The bitter ethnic fighting in Sri

Lanka drove over 800,000 Sri Lankan Tamitsth their homeland, forcing them to find refuge around the
globe (Velamati, 2009) By 2011, Toronto housed the largest Sri Lankan Tamil diaspora outside South
Asia, concentrated in Scarborough and northern sul§Sthtistics Canada, 2013)s the 2021 Canadian
Census documented, Tamil Canadians numbered approximately 240,000, representing roughly 0.7% of
Canadads (ptatigtics/Canada,@0R22c)

2.1.4Wawve llI: East Asian Expansion (198052000s)

Chinese immigration to Toronto has deep historical roots, but the contemporary community largely reflects
arrivals since the 1980s. Three distinct streams contributed to this growth: skilled immigrants from the
Peopl eds Republic of libedization; busioneksl inamigrantgy ance fandliesofnarn ¢
Hong Kong anticipating the 1997 handover; and students who transitioned to permanent résidence

& Wang, 1997) As L. Lo and Wang (19973locumented, Chinese settlement patterns exhibited both
convergence and divergence: convergence in the sense that Chinese immigrants tended to concentrate in
urbanized portions of the GTA, especially Toronto, Scarborough, North York, Markham, and Mgssissau

divergence in that specific subgroups occupied distinct concentrations in the core and suburbs.

Table 2-4. East Asian Immigrant Population, Toronto CMA

Country 1991 2001 2011 2021
Chi mprac X ‘~120,ooo 178,675 224,915 ~260,000
Philippin‘~85,000 106, 590 173,495 ~200,000

Sources: Statistics Canada Census of Population

Filipino immigration followed a distinctive pattern shaped by labour market demands. Then Live
Caregiver Program (and its predecessors) created a highly gendered migration stream, with women
predominating among arriva{Brickner & Straehle, 2010; G. Pratt, 201By 2000, Filipinas made up 87

percent of all Livein Caregiver Program workeréTungohan et al., 2015)Family reunification
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subsequently broadened the communityo6s demographi
Scarborough, and Mississaugielly, Park, Leon, & Priest, 2011)

2.1.5Wave IV: Middle Eastern Growth (19805 2020s)

Iranian immigration to Toronto accelerated following the 1979 Islamic Revolution, with subsequent waves
responding to the Iramag War, economic pressures, and political conditifmeghissi, Rahnema, &
Goodman, 2009)The community grew from negligible numbers in 1971 to become one of the largest
Iranian diaspora populations globally.

Table 2-5. Iranian Immigrant Population, Toronto CMA

Year 1991 2001 2011 2021
I ran ~25,000 30,170 59, 755 ~85, 000

Sources: Statistics Canada Census of Population
Settlement patterns concentrated initially in North York, particularly along Yonge Street, before dispersing

to Richmond Hill and Thornhill as the community established itself econom{€digieer et al., 2010)

2.1.6Period of Immigration Analysis

Census data on period of immigration reveals how arrival cohorts shifted across decades. Table 2.6 presents
this temporal distribution for To(Btatistits€anada,i20t3ni gr a nt

Table 2-6. Toronto CMA Immigrants by Period of Arrival (2011 NHS)

Per ofodl mmi grati o Number Percentage
Before 1971 401, 080 15. 8%
19711980 353,270 13. 9%
19811990 457,185 18. 0%
19921000 616, 270 24.3%
20021011 709, 605 28. 0%

Source: Statistics Canada, 2011 National Household Survey

The 1990s represented the peak decade for immigrant arrivals in absolute terms, coinciding with elevated
annual intake targets and the tail end of Hong Kong migrélohey, 2010) The sustained high volumes

into the 2000s reflected continued emphasis on economic immigration alongside family reunification and
refugee flowqReitz, 2012)

2.1.7Visualizing Six Decades of Spatial Transformation

The spatial evolution of immigrant settlement patterns across Toronto from 1961 to 2021 can be
comprehensively understood through two complementary analytical approaches: choropleth mapping of
population distributions and mean center analysis with stamgadtional ellipses. While these methods
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Spatial Distribution of China-born Population in Toronto CMA (1961-2021)

China - 1961 Newmarket China - 1981 China - 1991

Richmond Hill

CTs with data: 846

CTs with data: 301

Oakville

China - 2001

CTs with data: 1088

CTs with data: 932

Oakville
Figure 2.1 Spatial Distribution of China-born Population in Toronto CMA (1961-2021)
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Figure 2.2 Temporal Evolution of Population Mean Centers and One Standard Deviation Ellipses for Chinese and Iranian Immigrant Communés (19612021).
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were applied to all nine study groups, we present Chinese and Iranian communities as illustrative cases
representing distinct settlement trajectories: established suburban expansion versus-cr@nigol
growth.

Figure 2.1 presents a systematic visual record of how the Chinese community's spatial footprint evolved
across seven census periods. The pattern reveals a classic trajectory of emergence, intensification, and
suburban consolidation. In 1961 and 1971, Céereettlement remained confined to a small downtown core
with maximum concentrations below 2% of local population. The 1981 census marks a visible inflection
point, with concentrations reaching 4% and spatial extent expanding into Scarborough. By 188l&, mul
nodes had emerged, with Scarborough and North York showing distinct clustering. TH02QQderiod
demonstrates continued intensification in northern suburbs, with Markham achieving concentrations
exceeding 20% by 2021, representing one of thegsigtthnic concentrations in any Canadian municipality
(Hiebert, 2015)

Figure 2.2 employs mean center and standard deviational ellipse analysis to quantify the directional
dynamics of settlement pattern evolution, revealing strikingly different spatial signatures between these two
communities.

The Chinese community demonstrates dramatic spatial expansion overybar&ludy period. From a
compact settlement of just 1,322 individuals occupying an ellipse area of 84.4 km2in 1961, the community
grew to 296,200 individuals dispersed across &psel of 439.8 km2 by 2021, representing a vkl
expansion in spatial exte(@adeer et al., 2010 2010)he ellipse's major axis lengthened from 6.5 km to
16.9 km, while the minor axis doubled from 4.1 km to 8.3 km, indicating expansion in all directions but
particularly along the northouth corridor toward Markham and Richmond Hill. The consistently high
eccentricity values (0.78.89) reflect the persistent elongation of settlement along major transportation
corridors, with the ellipse orientation shifting to capture the linear development patterns along Highway 7
and the emergence of maiftodal settlerant structurélL. Lo & Wang, 1997; S. Wang, 1999)

The Iranian community displays a contrasting but equally distinctive spatial signature. Emerging later than
the Chinese community, Iranian settlement first appears substantively in the 1981 census following the
Islamic Revolution, with 37,541 individualfeady occupying a remarkably elongated ellipse of 286.1 km?2
(Hiebert, 2015) The Iranian ellipse exhibits significantly higher eccentricity than the Chinese community
throughout the study period, reaching 0.95 in 1981, indicating an almost linear settlement pattern oriented
along the Yonge Street corridor. This corridor orieotafpersists across subsequent decades, with the
major axis consistently exceeding 14 km while the minor axis remains relatively constrained below 8 km.
Unlike the continuous expansion observed in the Chinese community, Iranian spatial extent fluctuated,
contracting from 421.4 km2 in 2001 to 227.7 km? in 2011 before expanding again to 325.8 km?2 by 2021,

suggesting periods of consolidation interspersed with disg€¥adker et al., 2010 2010)he mean center
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shifted progressively northward through York Region municipalities, tracking the community's expansion
from initial North York settlement into Richmond Hill and Thornhill while maintaining strong anchoring

to commercial and institutional nodes along thed® corridor.

These two cases illustrate broader patterns observed across the nine study groupsrighsian
communities generally demonstrate progressive spatial expansion and intensification over the study period,
though with varying directional orientations and camtcation intensities. Europeamnigin communities
(Portugal, Italy, United Kingdom) show contrasting trajectories of ellipse expansion despite declining
populations, reflecting dispersal of remaining community members as traditional ethnic neighbourhoods
transformedR. Murdie & Teixeira, 2011)Sri Lankan immigrants exhibit perhaps the most distinctive
pattern, with remarkably stable mean center location and compact ellipse dimensions anchored in eastern
Scarborough across all census periods, reflecting strong ethnic institutional anchoriognéinded

refugeedriven migration into established community ar@aslamati, 2009)

2.1.8Implications for Settlement Patterns

These successive waves did not merely add population to Toronto; they fundamentally restructured its
human geographfHiebert, 2000) The nine origin countries examined in this study illustrate contrasting
settlement trajectories: established European communities (Italy, Portugal, United Kingdom) followed a
classic pattern of initial innegity concentration followed by suburban disgmras socioeconomic mobility
increased, showing the most dispersed residential patterns by(Qadger et al., 2010Bouth Asian
communities demonstrated varied patterns, with Indian settlement spreading across multiple suburban
nodes, Sri Lankan Tamils concentrating heavily in Scarborough, and Pakistani settlement showing
intermediate dispersiofHou & Picot, 2004) East Asian communities established multiple suburban
concentrations, with Chinese clusters in Markham, Richmond Hill, and Scarborough while Filipino
settlement remained more disperggelly et al., 2011; L. Lo & Wang, 1997and Iranian settlement
concentrated along specific North York and York Region corrifi@egleer et al., 2010)

The contemporary mulethnic landscape reflects five decades of continuous immigration and policy
reforms. The 1967 poinrtsased immigration system constituted a structural break, initiating diversification
from Europedominant migration to significanti@vals from South Asia, East Asia, the Caribbean, Africa,

and the Middle East. Between 1981 and 2021, the fotmign share of Toronto's population rose
consistently above 50 percent, with racialized minorities increasing dramatically in Scarboroudgiariviark
Brampton, Richmond Hill, and Mississauga. This temporal layering reveals that settlement patterns are not
fixed mosaics but reflect sequential waves of diversification, relocation, and neighbourhood transformation,
where firstgeneration concentratipgeconegeneration suburban dispersion, and retitinic coexistence

occur simultaneously, an empirical reality requiring a dynamic rather than static modelling framework.
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2.1.9Data Considerations and Limitations

Several methodological considerations affect the interpretation of these census trends:

1. Changing geographic boundaries:The Toronto CMA expanded over successive censuses,
incorporating additional municipalities. Comparisons across time require attention to boundary
definitions(Statistics Canada, 2022c)

2. Evolving census categorieCountry-of-birth classifications changed across censuses. The 1971
census grouped India and Pakistan; earlier censuses combined Portugal with Spain. China
classifications variably included or distinguished Hong Kong and Tafitan, 2004)

3. Census methodology changesthe replacement of the mandatory leiogm census with the
voluntary National Household Survey in 2011 introduced potentiatesmonse bias, particularly
in immigrant and visible minority communiti€®. A. Green & Milligan, 2010) The mandatory
long-form was reinstated for 2016.

4. Undercounting of recent arrivals: Census enumeration may undercount recent immigrants,
particularly those in informal housing arrangements or with precarious status. This limitation
particularly affects estimates of refugee populations during periods of active conflict migration.

Despite these limitations, the census series provides the most comprehensive longitudinal record of

Toronto's demographic transformation, enabling the spatial analyses that follow in subsequent chapters.

2.2 Selection and Justification of Study Groups

The selection of immigrant communities for spatial analysis requires balancing multiple considerations:
statistical significance, demographic diversity, temporal variation in settlement patterns, and
representativeness across global regiffeng & Wilkes, 2003) This section presents the empirical

rationale for focusing on nine origin countries: China, Philippines, India, Pakistan, Iran, Sri Lanka, Portugal,

Italy, and the United Kingdom.

2.2.1Population Significance and Representativeness

The nine selected i mmigrant groups collectively
born population, ensuring that findings from this study capture meaningful demographic patterns rather
than statistical noise from small populatigBalakrishnan & Hou, 1999Analysis of 2021 Census data at

the Dissemination Area (DA) level reveals that these groups account for 42.0% of all immigrants residing
in the City of Toronto proper, representing 530,360 individuals out of a total immigrant population of
1,261,505 Statistics Canada, 2022c)
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Immigrant Population Trends in Toronto by Country of Origin (2001-2021)
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Figure 2.3 Temporal trends in immigrant population for the nine selected origin countries across five

census periods.

Table 2.7 presents the population statistics and growth metrics for each selected group across the 2001
2021 study period. The data reveal substantial variation in both absolute population size and growth
trajectories, providing analytical leverage for exaing how different community characteristics influence

residential settlement patter@alks & Bourne, 2006)

Table 2-7. Summary Statistics of Selected Immigrant Groups in Toronto (2002021)

CountryPopul atPopul atAbsol utGrowth Cagr Ran k

Origin 2001 2021 Change (2001VY:
Philipp39,415 123,46(+84,04'+213.2¢5.87% 4 Y 1
Chi na 64,995 118, 958t+53,96(+83. 0% 3.07%
4
2

1
I ndi a 37,370 94,380 +57,01(+152.64.74% 5
Sri Lar24,845 41,130 +16, 28!'!'+65. 5% .55% 7
Il'taly 57,645 32,320 -25,325 43.9% -2.85% 2
United|44,530 31,175 -13,355 -30.0% -1.77% 3

< << <<
o g~ WN

Kingdo
Il ran 11,560 30,980 +19,42(+168.0¢5.04% 9 Y 7
Portugi¢37,920 30,270 -7,650 20.2% -1.12% 6 Y 8
Pakistigl3,305 27,690 +14,38!+108.1¢3.72% 8 Y 9

Note: CAGR = Compound Annual Growth Rate over thged) period. Rank based on population within
the City of Toronto.
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(a) Immigrant Population Comparison: 2001 vs 2021 (b) Population Growth Rate (2001-2021)

Philippines Philippines -

China China -
India India
Sri Lanka Sri Lanka -
Italy Itad-4
United Kingdom United Kingdom 0.
Iran Iran 4
Portugal Portugal -

. 2001 Pakistan -
. 2021

Pakistan

0 20 40 60 80 100 120 ~50 0 50 100 150 200
Population (thousands) Growth Rate (%)
Figure 2.4 Comparison of immigrant populations between 2001 and 2021 census years, illustrating
the magnitude of demographic shifts.

As illustrated in Figure 2.4, all nine groups rank among the top eleven source countries for immigrants in
Toronto as of 2021, ensuring sufficient population density at the DA level to support robust spatial statistical
analysis. The minimum population &shold of approximately 27,000 individuals (Pakistan) provides

adequate counts across most Dissemination Areas

rounding and data quality protocgBtatistics Canada, 2022c)

2.2.2Diversity in Growth Trajectories

A critical consideration in selecting study groups was ensuring representation of diverse demographic
trajectoriegHiebert, 2015)Immigration communities at different stages of the settlement lifecycle exhibit
distinct spatial patterns, and capturing this variation enables more comprehensive understanding of the
processes shaping ethnic residential geogréidlagsey, 1985)

The selected groups demonstrate three analytically distinct growth patterns:

1. Rapidly Growing Communities (>50% growth, 20012021): Philippines (+213.2%), Iran
(+168.0%), India (+152.6%), Pakistan (+108.1%), China (+83.0%), and Sri Lanka (+65.5%)
represent communities experiencing sustained immigration inflows. These groups are characterized
by younger age structures, active chainnatign networks, and ongoing spatial expansion into
new residential areaAlba & Logan, 1991) Their settlement patterns reflect contemporary
housing market conditions, transportation accessibility, and the locations of recently established
ethnic institutiongBreton, 1964)

2. Declining Communities (<20% change, 20042021):Italy (-43.9%), United Kingdom-80.0%),
and Portugal -@0.2%) represent established immigrant communities experiencing population

decline through mortality and oeuatigration to suburban municipaliti@@adeer et al., 2010y hese
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groups arrived primarily during earlier immigration waves {p®880s) and exhibit aging
demographic profiles. Their residential patterns reflect historical housing market conditions and
the persistence of ethnic enclaves established decadédadavorth & Rekers, 2005)

(a) Proportion of Selected Immigrant Groups (2021) (b) Composition of Selected Groups Over Time
W Philippines
China
China 500K 1 I . India
W Sri Lanka
Philippines I Ttaly
22.4% I m United Kingdom
400K - I Iran
I = Portugal
I B Pakistan

300K 4

‘ Pakistan = I I I
India 200K 4
i Portugal I
6.1% 100K 1
Iran
Sri Lanka

Immigrant Population

United Kingdom

Italy

9 immi 0K -
These 9 groups represent 42.0% of all immigrants in Toronto 2001 2006 2011 2016 2021

Census Year

Figure 2.5 Proportional representation of the nine selected immigrant groups in 2021

This diversity in growth trajectories provides analytical leverage for distinguishing between processes
associated with initial settlement (characteristic of growing communities) versus residential succession and
community maturation (characteristic of deimig communities). The juxtaposition of these contrasting
patterns within a single metropolitan context controls for housing market conditions, municipal policies,

and other metropolitatevel factors that would confound cresisy comparisongFong & Wilkes, 2003)

2.2.3Regional and Cultural Representation

The selection encompasses immigrant communities from four distinct global regions, ensuring that findings
are not artifacts of regiespecific migration patterns or cultural settlement prefere(@akkrishnan &

Hou, 1999)

South Asia (3 groups)india, Pakistan, and Sri Lanka collectively represent the largest regional cluster in
the selection, reflecting South Asiads emergence
since the 19908Hou & Picot, 2004) Despite shared regional origins, these communities exhibit distinct
settlement patterns reflecting different arrival periods, socioeconomic compositions, and in the case of Sri
Lanka, significant refugestream migratiorfVelamati, 2009)

East Asia (2 groups)China and the Philippines represent the two largest East Asian immigrant populations

in Toronto(Statistics Canada, 2022€}hinese immigration encompasses diverse streams including skilled
workers from the Peoplebs Republic, business i mmi

transitioning to permanent resider(te Lo & Wang, 1997) Filipino immigration reflects the distinctive
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pathway created by caregiver programs, producing unique gendered migration patterns and associated
settlement characteristi¢s. Pratt, 2012)

Middle East (1 group): Iran represents Middle Eastern migration to Toronto, a community that grew
substantially following the 1979 Revolution and subsequent political and economic disr(igtgmsssi

et al., 2009) Iranian immigrants exhibit high educational attainment levels and distinctive commercial
entrepreneurship patterns that have shaped their residential concen{f@#idesr et al., 2010)

Western Europe (3 groups):Portugal, Italy, and the United Kingdom represent the historical foundations

of Toront obs i mikKnayvlesa 2016) Phesp womenunities nestablished the ethnic
neighbourhood template that subsequent immigrant groups would follow and transform. Their
contemporary residential patterns reflect six decades of socioeconomic mobility, suburbanization, and

generational successi (Hackworth & Rekers, 2005; R. Murdie & Teixeira, 2011)

(a) Top 20 Immigrant Source Countries in Toronto (2021)

Philippines 123)5K
(b) Regional Distribution of Selected Immigrant Groups

China 119.0K)

East Asia

India

Sri Lanka
Jamaica

Ttaly

United Kingdom

Iran

Hong Kong
Portugal
Pakistan

Guyana

‘ Middle East

Northern Europe

Vietnam
South Korea

Bangladesh
South Asia

United States

Poland
s Southern Europe

Trinidad and Tobago

South Asia: India, Pakistan, Sri Lanka
East Asia: China, Philippines
Middle East: Iran
Southern Europe: Portugal, Italy
Northern Europe: United Kingdom

Ukraine

Greece 115K = Selected for study
B Not selected

0 20000 40000 60000 80000 100000 120000
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Figure 2.6 Population ranking of the top 20 immigrant source countries in Toronto (2021)

2.2.4Spatial Distribution Characteristics

Beyond demographic significance, the selected groups exhibit analytically valuable spatial distribution
characteristics that enable meaningful examination of residential segregation, ethnic clustering, and
neighbourhoodevel settlement patterns.
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Spatial Distribution of Immigrant Populations in Toronto (2021 Census)
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Figure 2.7 Panel maps displaying the spatial distribution of each selected immigrant group across

Toronto's Dissemination Areas (2021 Census).

Figure 2.7 presents choropleth maps of immigrant population counts at the DA level for each selected
group. Visual inspection reveals substantial variation in spatial concentration patterns:
1. Highly concentrated: Sri Lankan and Portuguese communities exhibit the most spatially
concentrated patterns, with large proportions of their populations residing in contiguous DA

clusters.
2. Multi -nodal: Chinese, Indian, and Filipino communities display ranttdal distributions with

several distinct concentration areas across the metropolitan area.
3. Dispersed:United Kingdomorigin immigrants show the most dispersed pattern, consistent with

their longer residence duration and higher rates of residential integration.
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To quantify these concentration patterns, Figure 2.8 presents Location Quotient (LQ) maps for each group.
The Location Quotient measures the ratio of a group's share of a DA's immigrant population relative to the
group's share of the ciyide immigrant ppulation. Values exceeding 1.0 indicate exepresentation;

values below 1.0 indicate undexpresentation.

Location Quotient (LQ) of Immigrant Groups in Toronto (2021)
LQ > 1 indicates over-representation

(a) China (b) Philippines (c) India

Location Quotient
Location Quotient
@
Location Quotient

(d) Pakistan (e) Iran (f) Sri Lanka

Location Quotient.
Location Quatient
Location Quotient

(g) Portugal (i) United Kingdom

Location Quatient
o
Location Quatient
Location Quatient

Figure 2.8 Location Quotient (LQ) maps illustrating areas of ethnic overrepresentation (LQ > 1,
shown in warmer colours) and undefrepresentation (LQ < 1, shown in cooler colours).

The LQ analysis confirms that selected groups exhibit sufficient spatial clustering to support
neighbourhoodevel analysis while also displaying meaningful variation in concentration intensity. This
variation is essential for examining how commu#éyel factors, including population size, arrival

recency, and socioeconomic composition, influence residential segregation patterns.

2.2.5Temporal Dynamics of Settlement
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The longitudinal dimension of this study requires that selected groups demonstrate measurable change in
settlement patterns over the 268021 period. Figure 2.9 presents maps of population change at the DA
level, calculated as the difference between 20212001 immigrant counts.

Change in Immigrant Population by Dissemination Area (2001-2021)
Red = Decrease, Blue = Increase
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Figure 2.9 Population change maps (2002021) for each selected immigrant group.

The change maps reveal distinct temporal signatures:

Expansionary patterns: Growing communities exhibit spatial expansion, with population gains
concentrated in peripheral DAs adjacent to existing clusters. This pattern is particularly pronounced for
Filipino, Indian, and Iranian immigrants, who have established substantiahpeese areas that had
minimal immigrant populations in 2001.

Contractionary patterns: Declining communities show population losses across their traditional

settlement areas, with partial retention in core ethnic neighbourhood zones. ltalian and Portuguese
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communities demonstrate this pattern most clearly, with losses throughout former concentration areas but
continued presence in historical neighbourhood centres.

Redistribution patterns: Some communities, notably Chinese immigrants, exhibit simultaneous growth

in certain areas and decline in others, suggesting internal redistribution rather than simple expansion or
contraction. This pattern likely reflects suburbanization within the camtgnas established residents

relocate while new arrivals settle in different locations.

2.2.6Summary of Selection Criteria

The nine immigrant groups selected for this study satisfy multiple analytical criteria essential for rigorous
examination of residential settlement patterns:

1. Statistical adequacy: All groups maintain sufficient population to support Bvel analysis
across all five census years, with minimum populations exceeding 11,000 in 2001 and 27,000 in
2021.

2. Demographic diversity: The selection encompasses communities experiencing rapid growth,
stability, and decline, enabling analysis of settlement dynamics across the community lifecycle.

3. Regional balance:Four global regions are represented, controlling for regp@tific migration
patterns and cultural factors.

4. Spatial variation: Selected groups exhibit diverse concentration patterns, from highly clustered
ethnic enclaves to dispersed residential distributions.

5. Temporal dynamics: All groups demonstrate measurable spatial change over the study period,
providing the longitudinal variation necessary for examining settlement pattern evolution.

6. Collective significance: Together, the nine groups account for 42% of Toronto's immigrant
population, ensuring that findings reflect major demographic trends rather than marginal
populations.

These selection criteria ensure that subsequent spatial analyses will yield findings with both statistical

robustness and substantive significance for understanding immigrant settlement in contemporary Toronto.

2.3 Spatial Patterns of Multi-Ethnic Settlement

The spatial organization of immigrant communities across the Greater Toronto Area reflects a complex
interplay of historical processes, housing market dynamics, and evolving settlement stféfatkes

Bourne, 2006) While traditional scholarship focused on inody enclaves, the most significant
transformation in Toronto's ethnic geography has occurred in the suburbs. The 1990s witnessed a marked
shift toward suburban municipalities offering more affordable hgysimger dwelling sizes, and growing

immigrantserving institutions. Brampton evolved into a South Asiejority municipality, Markham
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became one of Canada's most concentrated Chinageity cities, and Scarborough and North York
exhibit high degrees of ethnic heterogeneity producing what sociologists describe as "vertical mosaics" in
high-rise corridors(Qadeer & Kumar, 2006)These spatial trends demonstrate that suburbanization
constitutes a complex redistribution process shaped by affordability, transportation networks, cultural
institutions, and social capital, with suburban nodes operating as attractors in the spasi@nddf

immigrant settlement.

2.3.1Inner-City Neighbourhoods: Historical Enclaves and Succession

Toronto's innexity neighbourhoods preserve the archaeological record of successive immigration waves,
with ethnic enclaves forming, transforming, and occasionally dissolving over ddttdbsrt, 2000; R.

A. Murdie, 2008) Toronto's Chinese settlement illustrates this pattern: the original Chinatown near York
and Queen Streets was destroyed through urban renewal in the late 1950s for City Hall, pushing residents
westward to establish the Spadidandas Chinatown in the éar1960s, which became one of North
America's largest by the 198@k. Lo & Wang, 1997; Thompson, 1989; S. Wang, 1999)third
concentration, East Chinatown at Broadview and Gerrard, emerged in the(Ha¢@worth & Rekers,

2005) Since the 1990s, downtown Chinatown has faced pressure from gentrification and suburban
competition, increasingly serving elderly residents dependent on accessible services while younger
immigrants settle directly in suburfis. Lo & Wang, 1997; S. Wang, 1999)

Little Italy along College Street West exemplifies the commodification of ethnic identity accompanying
gentrification(Hackworth & Rekers, 2005)talian residential concentration declined substantially since

the 1970s as families relocated to suburban Woodbridge and Va{Rymezelli, 2001; Zucchi, 1988By

2005, only 10 percent of businesses were identifiably Italian while businesses with no ethnic identification
comprised nearly 65 percefilackworth & Rekers, 2005What remains is "ethnic packaging," the
deliberate maintenance of ethnic commercial identity to attract gentrifiers seeking authentic urban
experiences, challenging traditional understandings of enclaves as organic expressions of immigrant
settlement.

Little Portugal, centred along Dundas Street West, represents a case where suburbanization and
gentrification proceed simultaneoug|R. Murdie & Teixeira, 2011)Portuguese families maintained
stronger attachment to the downtown enclave through the 1990s, but rising property values have
increasingly displaced workirgass resident§C. Teixeira, 2007) Without continued Portuguese
immigration, limited by Portugal's EU membership and improved economic conditions, the institutionally
complete enclave is transitioning toward a commodified ethnic landscape similar to Litt(&ItByrdie

& Teixeira, 2011)
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2.3.2Suburban Settlements: New Ethnic Geographies

The emergence of substantial ethnic concentrations in suburban municipalities represents a departure from
classical models assuming initial inFety concentration followed by gradual suburban dispdtsiabert,

2000; Massey & Denton, 1985; Qadeer & Kumar, 2006)

Eastern Scarborough has become home to the largest Sri Lankan Tamil diaspora outside South Asia,
sometimes referred to as "Little Jaffri&elamati, 2009)Unlike earlier groups who established ino#y

footholds first, Tamil refugees fleeing the 1983 dAramil riots settled directly in Scarborough's apartment
clustersHyndman, 2003; R. A. Murdie, 200Q8)he Tamil enclave has developed substantial institutional
infrastructure including Hindu temples, community centres, and Tlamguage medi@/elamati, 2009)

The mean center analysis presented in Figure 2.2 demonstrates remarkable stability in Sri Lankan settlement
patterns, with the population centroid remaining anchored in eastern Scarborough across multiple census
periods, reflecting strong ethnic institutal anchorindQadeer et al., 2010 2010)

Markham and Richmond Hill have emerged as primary Chinese destinations since the 1990s, forming
"ethnoburbs" that differ fundamentally from traditional Chinatoigmlicka, 1998; L. Lo & Wang,

1997) Rather than emerging from marginalization, these communities developed through the economic
strength of Hong Kong immigrants anticipating the 1997 handover and skilled mainland China immigrants
(P. S. Li, 1998)The commercial infrastructure centres on indoor shopping malls rather tharostretd

strips, with Pacific Mall forming the largest Chinese shopping complex in North America with over 700
stores(Lucia Lo et al., 2000 2003; S. Wang, 1998hinese settlement generated political controversy in
1995 when Markham's Deputy Mayor argued that ethnic concentration was causing social conflict, with
the ensuing backlash demonstrating both demographic weight and political mobilization capacity of
stburban immigrant communiti€d§ood, 2009)

Brampton and Mississauga have become primary South Asian destinations, particularly for immigrants
from Punjab, Gujarat, and Pakist@adeer, 2016By 2016, South Asians comprised over 40 percent of
Brampton's populatioriStatistics Canada, 2017)nlike concentrated Tamil settlement, South Asian
presence exhibits a muhiuclear pattern with multiple commercial nodes and religious institutions
distributed across the municipalifQadeer & Kumar, 2006)The concentration reflects availability of

larger houses for multigenerational families, proximity to Pearson International Airport facilitating

transnational connections, and established chain migration net{&eksiatycki et al., 2001 Rahi, 2003)

2.3.3Mixed Neighbourhoods: Sites of Interethnic Contact

Beyond the binary of ethnic enclave versus mainstream dispersal, Toronto contains numerous
neighbourhoods characterized by substantial diversity without sgnglgp dominancéVertovec, 2007,
Walks & Bourne, 2006)Thorncliffe Park in East York exemplifies extreme meliinic mixing, with
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residents from over 50 countries and 27 languages spoken in local d&tonkdi & TasarKok, 2014)

This "superdiversity" creates environments where diversity itself becomes the defining characteristic,
rendering traditional multicultural frameworks inadeqy&rtovec, 2007)Superdiverse neighbourhoods
provide contexts for interethnic contact potentially fostering bridging social capital, though the absence of
a dominant group may impede coherent community institufi@hmadi & TasarKok, 2014)

Analysis of ethnic diversity indices reveals that maximum diversity occurs not in established enclaves or
mainstream suburbs but in transitional zones between them, where expanding enclave populations
encounter established communities with Shannon entraipigs exceeding 1.{8Valks & Bourne, 2006)

Such zones may represent either temporary states in ethnic succession or stabtamwttbnfigurations
(Qadeer et al., 2010)

2.4 Socioeconomic and Housing Dimensions

The spatial distribution of immigrant communities cannot be understood apart from the housing market

conditions and socioeconomic stratification that constrain residential clfdiediss & Bourne, 2006)

2.4.1Housing Affordability as Settlement Driver

Toronto's emergence as one of North America's most expensive housing markets has fundamentally altered
immigrant settlement patterfs. D. Hulchanski, 2010)With average home prices exceeding $1.2 million

and rental vacancy rates below 0.5 percent by 2024, newcomers face unprecedented barriers, pushing new
arrivals toward suburban municipalities and increasingly precarious housing arrand®alenis Preston

& Brian Ray, 2020)Research documented that many immigrant households in York Region were at risk

of "hidden homelessness," spending over 50 percent of income on shelter, reflecting high costs, low vacancy
rates, and newcomers' difficulty accessing rentals without Canadidi historiegWayland, 2007)The

2001 Census revealed that 23 percent of homeowner immigrants and 40 percent of renter immigrants in
major metropolitan areas spent more than 30 percent of income on haiylgnd, 2007)Communities

with established cethnic networks and pooled household resources navigate housing constraints better
than groups with fewer resources or weaker social connections, with Bangladeshis who lived initially with
co-ethnics achieving housing sthiy more quickly than Bengalis relying on formal settlement seryi8es

Ghosh, 2007)

2.4.2 Stratification Within Communities

The diversity of immigration pathways produces substantial socioeconomic stratification within ethnic
communities, complicating any simple equation of ethnic concentration with either marginalization or

succesqL. Lo & Wang, 1997) Chinese immigrants arrive through markedly different channels: the
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Business Immigration Program attracted wealthy Hong Kong investor immigrants in the 1990s who
purchased substantial properties in Richmond Hill and Markham; skilled workers possess professional
credentials; while refugees and famdlass immigrants facegater settlement challenggsicia Lo et al.,

2000 2003) These class distinctions map onto spatial patterns, with wealthier Hong Kong immigrants in
new suburban developments while loviecome arrivals settled in older Scarborough and North York
apartmentgL. Lo & Wang, 1997)

Similar heterogeneity characterizes South Asian settlement, where Punjabi Sikhs who established
substantial business ownership exhibit different patterns than recent arrivals from Gujarat er Tamil
speaking regiongSiemiatycki et al., 2001 Rahi, 2001Jhe geographical spread across Brampton,
Mississauga, Scarborough, and York Region reflects this internal divé@styeer & Kumar, 2006)
Among Europeatorigin groups, Italian immigrants achieved middlass status through small business
ownership and real estate investment, Portuguese immigrants faced longer trajectories to economic
stability, while United Kingdom immigrants benefitingof linguistic advantages experienced less

pronounced residential concentrat{@ Teixeira, 2007)

2.4.3Rental Versus Ownership Markets

The tenure dimension significantly shapes ethnic clustering paif&fakks & Bourne, 2006)Visible

minority groups increasingly moved into areas with high proportions of other visible minorities during
19912001, linked to lowrent apartment availability and increasing affordability probléWvalks &

Bourne, 2006)Rental buildings in Scarborough, North York, and inner suburbs have become significant
sites of immigrant concentratigR. A. Murdie, 2008)Research documents widespread discrimination by
landlords, with darkeskinned groups facing greater obstacles, channeling certain communities toward
lower-quality housingR. A. Murdie, 2002, 2003)

Traditional models equate immigrant homeownership with assimilation into the residential mainstream
(Massey & Denton, 1985However, analysis of twelve Toronto immigrant groups revealed that some
groups, notably Chinese immigrants, achieved high homeownership rates while maintaining ethnic
concentration, suggesting "buying in" to ethnic communities rather than "buying carictdrizes
contemporary settlemefilaan, 2012)The suburban Chinese enclaves in Markham and Richmond Hill
comprise overwhelmingly ownarccupied singldamily homes, contradicting assumptions that
homeownership accompanies ethnic dispeflsalLlo & Wang, 1997) Statistics Canada data indicate
housing assets comprise a larger share of average wealth among immigrant families, reflecting the centrality
of homeownership to immigrant economic strategies and pathways to intergenerational wealth transfer
(Statistics Canada, 2019)
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2.4.4Intersection with Urban Inequalities

Immigrant settlement patterns intersect with broader patterns of urban inequality in Toronto, including the
spatial polarization documented By D. Hulchanski (20104 s t he #fAt hree citiesodo ph
concentrated advantage, disadvantage, and transition that increasingly align with racial and ethnic
composition

Income Polarization:The period from 1970 to 2005 saw Toronto
income, with middlancome areas shrinking as neighbourhoods shifted toward eitheinicigime or low

income profilegJ. D. Hulchanski, 2010)This polarization has spatial dimensions: the central city and

certain inner suburbs have gentrified, while portions of the inner suburbs, particularly in northern
Etobicoke, central North York, and Scarborough, have experienced relative decline. Immigra
communities are disproportionately affected by both processes: gentrification displacesdower

immigrant households from inneity enclaves, while declining inner suburban neighbourhoods receive
newcomers without adequate services or employneasaJ. D. Hulchanski, 2010)

Service Accessibility: The suburbanization of immigrant settlement has outpaced the development of
suburban service infrastructu(€owen & Parlette, 2011)inner suburban neighbourhoods with large
immigrant populations often lack the settlement services, language training programs, and employment
supports available in downtown areas. This HAserv
suburban loc&ins due to housing affordability may face greater difficulties accessing the supports that

facilitate integratior(Cowen & Parlette, 2011)

2.5 Governance and Policy Context

The spatial patterns of mukithnic settlement emerge within a governance framework spanning federal
immigration policy, provincial planning and housing regulations, and municipal service d€B®od,

2009) Three governance factors are especially influential in shaping Toronto's settlement dynamics: federal
immigration selection policies prioritizing skilled labour and family sponsorship pathways, increasing
sociceconomic diversity among newcomers; Ontammanning and housing frameworks creating exurban
growth zones through policies like the GTA Greenbelt and Places to Grow; and municipal multicultural
and settlement services concentrating resources in specific nodes (libraries, cultural centres,rnewcome
hubs) that reinforce spatial settlement choices. Combined, these policy forces structure both constraints and
opportunities, explaining why enclaves can appear stable yet remain metastable: affordability shocks,

redevelopment, or service reallocation ehift equilibria and induce diffusion or displacement.

2.5.1Federal Policy Framework
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Canada's commitment to official multiculturalism, entrenched in the Constitution and implemented through
the Canadian Multiculturalism Act of 1988, establishes a normative framework envisioning integration that
preserves cultural heritage while enablindl fearticipation in Canadian society, differing from both
assimilationist and segregationist approadi@sod, 2009) Immigration selection policy fundamentally
shapes arriving populations and settlement pat(&nS. Li, 1998) The points system introduced in 1967
emphasizes education and skills, while the Express Entry system implemented in 2015 further prioritizes
human capital factors, favouring immigrants with credentials facilitating rapid labour market integration in
metopolitan areagReitz, 2004)

Family reunification and refugee streams operate under different criteria, producing arrivals with different
resource profile{Hiebert, 2000) Family-class immigrants typically settle near sponsors, reinforcing
existing ethnic concentrations, while refugees may be directed to specific communities based on settlement
agreements, though secondary migration reshapes initial distrib@tleteanati, 2009) Federal funding

for settlement services has evolved substantially since the 1990s, with IRCC contracting service providers
to deliver language training, employment assistance, and orientation prograf@hialgls, Drolet, &
Valenzuela, 2018 2018However, these services have historically concentrated downtown, creating
geographic mismatches as settlement suburbanized, with significant gaps remaining despite recent
initiatives (Cowen & Parlette, 2011)

2.5.2Provincial Policy Framework

Ontario has developed immigration policies within fed@rmalvincial agreements, with the Ontario
Immigrant Nominee Program (OINP) allowing provincial selection based on regional labour market needs,
though the vast majority of Ontarlmund immigrants cdmue settling in the Greater Toronto Area
(Statistics Canada, 2022d@rovincial planning frameworks significantly shape housing opfj@fste,

2007) The Growth Plan for the Greater Golden Horseshoe establishes intensification targets encouraging
higherdensity development in urban growth centres and along transit corridors, while the Greenbelt
restricts development in designated lands, credited hmtiting sprawl but criticized for constraining
housing supply and elevating pric@¥hite, 2007) Provincial legislation defines municipal powers and
responsibilities, with funding formulas for social housing, transit, and social services shaping municipal

capacity to serve immigrant populatioi@ood, 2009)

2.5.3Municipal Policy and Planning

The City of Toronto has been characterized as Canada's most proactive municipal government in
multiculturalism policy, with Access, Equity and Human Rights policies establishing commitments to

equitable service deliver§Good, 2009; Siemiatycki & Saloojee, 201Zpronto provides vital services

50



through agencies including the Toronto District School Board, Toronto Public Health, and Toronto Public
Libraries, while the Toronto Region Immigrant Employment Council (TRIEC) reflects poiliate
collaboration for labour market integrati(®iemiatycki & Saloojee, 2012However, municipal capacity

is constrained by jurisdictional and fiscal limitations, as municipalities lack independent authority to
develop immigration policies or access immigratgpecific revenue streani&ood, 2009)

Suburban municipalities exhibit substantial variation, ranging from "proactive" (Toronto) through
"reactive" (Mississauga, Markham) to "inactive" (Brampton in the period studied), reflecting differences in
political leadership, bureaucratic capacity, amiani political mobilization(Good, 2009) Markham's
experience illustrates political dynamics of rapid demographic transformation, with the 1995 controversy
surrounding Deputy Mayor Carole Bell's comments about ethnic concentration contributing to political
realignment and enhanced municipatation to diversitfGood, 2009)Zoning bylaws affecting housing

form, particularly restrictions on secondary suites and multigenerational arrangements, may conflict with
immigrant residential preferences, while permitting of religious facilities has generated controversy in
several muitipalities (Siemiatycki et al.,, 2001 Rahi, 2001Business Improvement Areas in ethnic
commercial districts such as Little Italy and Greektown have promoted ethnic commercial identity, but
increasingly function to attract tourists and gentrifiers rather than serve residential ethnic populations
(Hackworth & Rekers, 2005)

2.5.4Governance Gaps and Challenges

The multilevel governance framework creates gaps and coordination chal{&uye<2011) The federal
government determines who can immigrate but has limited influence over settlement location; provincial
policies shape metropolitan development without accounting for immigpadific needs; municipalities
deliver services but lack authorityaddress immigration policy concerns. Immigra@tving organizations

bridge these gaps, with Local Immigration Partnerships (LIPs) established since 2008 coordinating
settlement service delivery by bringing together governments, service providers;oamdunity
organizationg(Shields et al., 2018 2018However, the voluntary nature of these partnerships limits
capacity to address systemic issues such as housing affordability or employment discrirfBuation
2011)

2.6 Dynamics of Multi-Ethnic Settlement

This section synthesizes spatial patterns, socioeconomic dimensions, and governance context to
characterize the dynamic processes shaping Toronto's evolving ethnic geography, emphasizing settlement

as process rather than static pattern.
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2.6.1Ethnic Enclaves: Formation, Functions, and Futures

Ethnic enclaves serve multiple functions: providing familiar cultural environments easing transition;
enabling commercial activity in native languages; creating markets for ethnic goods; facilitating
information sharing about employment and housing; andbkshing visible community presence
attracting subsequent migran{®reton, 1964; Hiebert, 2000)Enclaves offer protection from
discrimination, with Toronto's Chinatowns emerging amid exclusionary legislation, and while formal
discrimination has diminished, informal barriers including workplace and housing discrimination continue
motivating ethnic lustering(Kymlicka, 1998; Qadeer & Kumar, 2006; Carlos Teixeira, 2008 ethnic

enclave economy facilitates immigrant integration throughtbmic employment and commercial activity,
though enclave employment may limit broader economic exposure and constrain wage(igowéh

Picot, 2016; Portes & Jensen, 1987; S. Wang, 1988yond economics, enclaves support cultural
maintenance through religious institutions and community organizations, providing contexts where ethnic
identity carries positive valend8reton, 1964; Qadeer & Kumar, 200®)espite these functions, ethnic
concentration generates concerns about segregation and failed integration, with critics arguing enclaves
may impede language acquisition and reproduce inequalities, leaving the policy question of dispersal versus

enclave apport conteste(Hiebert, 2015)

2.6.2Suburbanization: Mobility and New Concentrations

The suburbanization of immigrant settlement represents one of Toronto's most significant geographic
transformations, encompassing both classical dispersal accompanying socioeconomic mobility and direct
suburban settlement by arriving immigraftigebert, 2000; Qadeer & Kumar, 2008alian and Portuguese
communities exemplify the classical pattern: fiveentieth century arrivals initially settled in inreity
neighbourhoods, then moved to suburban locations as they achieved economic stability through
construction, small businesand real estate investment, as illustrated by Italian movement from College
Street to Woodbridge and Vaugh@uzzelli, 2001; Hackworth & Rekers, 2005; R. Murdie & Teixeira,
2011)
Beginning in the 1980s, substantial numbers began settling directly in suburbs, bypassing traditienal inner
city reception(Hiebert, 2000) Hong Kong immigrants purchased homes in Markham and Richmond Hill
upon arrival, drawn by new housing, good schools, and Chinese commercial infrastructure, while skilled
immigrants from India and Pakistan settled directly in Brampton and Missisfauga & Wang, 1997;
Qadeer & Kumar, 2006)These suburban ethnoburbs differ from traditional enclaves, characterized by
homeownership rather than rental, automaebiiented commercial development, and residential
landscapes appearing similar to mainstream suburbs despite substantial ethmératonecé”. S. Li,
1998) The suburbanization has significant service delivery implications, with settlement agencies and
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language programs facing challenges reaching suburban populations, and public transit poorly serving
dispersed employment sit@Sowen & Parlette, 2011)

2.6.3Displacement and Gentrification

Gentrification affects immigrant communities directly by displacing lesveome households, indirectly

by eliminating affordable housing for newcomers, and symbolically by erasing visible ethnic p(gsence
Murdie & Teixeira, 2011)As property values rise, incumbent residents face pressure from rising rents and
property taxes, with research documenting considerable ambivalence among affected residents who
appreciate improved amenities while recognizing undermined community cofigsMurdie & Teixeira,

2011) Ethnic commercial districts transform as tenant businesses serving immigrants are replaced by
establishments catering to gentrifiers, with "ethnic packaging" representing a late stage where ethnic
identity is deliberately maintained to market neighboothreal estate after residential populations have
disperseqHackworth & Rekers, 2005Beyond displacing established residents, gentrification eliminates
rooming houses, converted dwellings, and-lent apartments that accommodated previous generations of
newcomers, forcing new arrivals to settle in distant locations far from employntesetlement services
(Valerie Preston & Brian Ray, 2020)

2.6.4Hybrid Neighbourhoods: Contact, Tension, and Cooperation

Between ethnic enclave and mainstream dispersal lie hybrid neighbourhoods where multiple ethnic groups
maintain significant presence without dominance, serving as sites for interethnic contact that may generate
cooperation, tension, or parallel coexistefi¢ertovec, 2007) Social psychological research suggests
interethnic contact under appropriate conditions can reduce prejudice, with mixed neighbourhoods
potentially providing such opportunities through shared schools, parks, and commerci®@eitegew &

Tropp, 2006)However, contact theory's optimistic predictions depend on conditions (equal status, common
goals, institutional support, no competition) that may not characterize all diverse neighbourhood encounters
(Putnam, 2007)Where groups compete for limited resources, diversity may generate tension, with rapid
demographic transformation producing conflicts over planning decisions that pit established residents
against newcomef§&ood, 2009)Despite potential conflict, diverse neighbourhoods also generate bridging
institutions including schools, community centres, and flaétbed organizations that facilitate cooperation

across ethnic boundari@8utnam, 2007)

2.6.5Linking Dynamics to Subsequent Analysis

The dynamic processes characterized here, enclave formation, suburbanization, displacement, and

interethnic contact, provide the conceptual foundation for computational analyses in subsequent chapters.
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The spatial patterns observed in 2021 census data represent momentary snapshots of ongoing processes
reshaping Toronto's ethnic geography. Understanding these dynamics requires analytical tools capturing
temporal change, spatial dependence, and-grtaip interactions. The methodological frameworks
developed in Chapters 4 and 5, physidermed neural networks, graph neural networks, and reaction
diffusion models, are designed to model these processes, treating settlement patterns as evolving systems
govaned by identifiable mechanisms. The governance context establishes the policy environment within
which dynamics unfold, with computational models operating within this frame and potentially informing
policy interventions. The intersection of spatial patse socioeconomic dimensions, governance context,

and dynamic processes creates the complex system that isethalt Toronto, which the analytical

approaches in this dissertation aim to make tractable while preserving substantive.richness
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Chapter3The Metrics Trap: How Technical S

Harm in Urbaln Al Systems

Abstract

This study examines the deployment of artificial intelligence in urban systems through a multiple case study
analysis of 2 implementations selected from 157 Al deployments across six domainsZ@24h We

reveal how cities have fallen into a "metrics trgpirsuing technical accuracy that fails to achieve policy
goals. Our analysis documents three critical patterns: (1) an "accuracy illusion" where impressive
performance metrics mask fundamental failures, exemplified by ShotSpotter's 97% acoustic accuracy
yielding only 9.1% crimdighting effectiveness; (2) discriminatory feedback loops that transform historical
bias into omputational destiny, affecting millions through predictive policing and housing algorithms; and
(3) successful community resistance movements from Toronto to Detroit proving technological
determinism is a mythCases including Amsterdam's algorithm register, Seoul's participatory waste
management, and NYC Health + Hospitals' bias mitigation reveal varied approaches to democratic Al
governance. These findings suggest cities can pursue both technical capabilityerandratic
accountability.

3.1 Introduction

Cities worldwide increasingly deploy machine learning algorithms to manage transportation networks,
allocate housing, predict crime, monitor environmental conditions, optimize energy consumption, and
deliver health service§Allam & Dhunny, 2019; M. Batty, 2013; T. Yigitcanlar et al., 202This
proliferation has accelerated markedly: documented Al use cases in local governments nearly tripled from
22 cases in 2019 to 58 cases in 2020, peaking at 68 cases (&0Xlgitcanlar et al., 2024Between

2010 and 2020, Al tools became more accessible to municipalities as costs declined and commercial
solutions expanded; the release of generative Al systems such as ChatGPT in 2022 further accelerated
adoption, enabling diverse stakeholders to drpent with Al for urban analysis and service
delivery(Organisation for Economic Gaperation and Development, 202%)et as algorithmic systems
become embedded in urban infrastructure, a fundamental tension emerges between technical performance
and policy effectivenesa tension this study systematically examines through analysis of 157 documented
implementations across 27 countries. Three interconnected scholarly domains frame our investigation:

critical algorithm studies documenting systematic harms from automateslotlesystemgBenjamin,

'Thasticle is currently under review in secoAdthewssion
Seyed Navid Mashhadi Moghaddam, Huhua Cao
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2019; Eubanks, 2018; Noble, 2018; O'neil, 2Q1hpan governance research critiquing technocratic smart

city approache@Greenfield, 2013; Hollands, 2020; Kitchin, 2014; Stderstrom, Paasche, & Klauser, 2020)
and science and technology studies analyzing how technological systems embed political values and
reshape power relatior{Bijker, Hughes, & Pinch, 2012; Pasquale, 2015; Winner, 20&/Hile these
literatures establish that algorithmic systems can perpetuate discrimination and reshape urban governance,
they provide limited empirical specification of the mechanisms through which technical metrics diverge
from policy outcomes, how commities successfully contest algorithmic deployments, and what
institutional arrangements enable democratic alternatives.

Understanding these dynamics requires distinguishing among forms of algorithmic opacity and
transparency that are often conflated in policy discourse. Blagknodels are algorithms whose internal
decisionmaking processes remain opaque to human uselsding deep neural networks and ensemble
methods that learn patterns through parameters lacking meaningful human interp(¥taB@mgio,
Courville, & Vincent, 2013; Burrell, 2016; Z.C. Lipton, 2018osthoc explainability methods such as

LIME and SHAP attempt to approximate blaotx reasoning after decisions are made, buRadin
(2019a)argues, these provide "illusion of transparency without genuine interpretaliitgt Ananny &
Crawford(2018)term "seeing without knowing." Inherently interpretable models, by contrast, are designed
from inception to be comprehensible, using transparent logic that humans can examine an@/dnaest

2022; Rudin et al., 2022pistinct from model interpretability is process transparency: the visibility of how
algorithmic systems are developed, procured, deployed, and governed, including documentation of
purposes, data sources, and accountability mechafiamg, Graham, & Weil, 2007; Pasquale, 2015)

This distinction proves crucial because a city may deploy interpretable models without transparent
governance processes, or may publicly document opaque systems without enabling meaningful scrutiny of
their logic. For this analysis, we classify implemeiotag along a transparency spectrum based on three
dimensions:

(1) model interpretability , whether the algorithm uses inherently comprehensible logic (e.g., decision
trees, scoring systems, logistic regression) versus opague architectures requiiing pogianation;

(2) process transparency whether governance procedures including purpose, data sources, decision
criteria, and accountability mechanisms are publicly documented; and

(3) contestability, whether affected stakeholders can understand, question, and influence algorithmic
outputs.

Systems may exhibit transparency on some dimensions while remaining opaque on others; our Theme 4
cases were selected for demonstrating transparency across multiple dimensions rather than requiring
perfection on any single criterion. Our analysis examimas these dimensions interact, revealing how

their configuration shapes whether algorithmic systems serve or undermine democratic urban governance.
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The widespread deployment of blaokx systems in urban contexts rests on an assumption that merits
empirical scrutiny: that achieving high predictive accuracy requires accepting algorithmic opacity. This
supposed interpretabiliyerformance tradeoff sexg as justification for deploying inscrutable systems,
with vendors claiming that transparency would sacrifice capability and officials accepting opacity as the
cost of technical sophisticati¢Kroll et al., 2017; Selbst, Boyd, Friedler, Venkatasubramanian, & Vertesi,
2019) However, recent technical scholarship challenges this assunipidim(2019a)argues the tradeoff

is "not a real figure," providing evidence that interpretable models match-tsbecgerformance across
diverse applicationdVagner et a{2022)demonstrated interpretable models explained 84% of variance in
Berlin's urban emissions analysis while revealing palagvant threshold effect&im et al(2023)
showed explainable approaches in Seoul's urban modeling maintained competitive accuracy while
providing actionable insights. When the interpretabiligrformance tradeoff is accepted as given, it
enables what we term the "metrics trap": algorithmic sgsteptimized for technical proxies that diverge
from, or actively underminetheir stated policy purposes. This pattern exteBtimthern(1997)s
formulation of Goodhart's Law ("when a measure becomes a target, it ceases to be a good measure") into
algorithmic governance, wherehomas and Uminsky2022) document how metric optimization can
become actively harmfuMuller (2018)analyzes this as "the tyranny of metrics" across institutions; our
study examines how it operates specifically in urban Al deployments.

Our analysis draws on theoretical frameworks from multiple disciplines to interpret patterns across cases.
From science and technology studies, we emiryner (2017)s insight that artifacts have politidhat
technological systems embed values and enable particular governance arrangadomgsisieJasanoff
(2004)s concept of ceroduction, whereby technical and social orders are constituted together. From
algorithmic governance scholarship, we dravEmsignet al(2018)s formal models of feedback loops in
predictive systems aridim ans Isaaf2016)s analysis of how biased data generates biased predictions that
produce biased enforcement. From institutional theory, we er@dtrgm(1990)s polycentric governance
framework andFung & Wright (2003)s concept of empowered participatory governance. From social
movement scholarship, we draw on resource mobilization th@doCarthy & Zald, 1977) policy
diffusion mechanism@Dolowitz & Marsh, 2000; Walker, 1969and frame alignment procesg&sow,
Rochford Jr, Worden, & Benford, 198djhese frameworks enable us to move beyond documenting that
algorithmic harms occur to explaining why harmful systems persist, how communities successfully resist
them, and what institutional mechanisms enable democratic alternatives. We also didtiagsisrency
asdisclosure from transparenagaccountabilityFung et al., 2007 distinction that proves essential for
understanding why algorithm registers and documentation requirements vary in their governance effects.
Through multiple case study analysis of 23lapth cases selected from 157 documented implementations

across six urban domains (202624), this article examines how the current paradigm of urban Al
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development produces systematic divergence between technical metrics and policy outcomes. We
document cases where high technical accuracy coexists with limited policy effecti@hetSpotter
achieving 97% acoustic accuracy while only 9.1% of alerts led to gun crime evid&tcef Chicago

Office of Inspector General, 2021COMPAS achieving aggregate accuracy while exhibiting racially
disparate error ratefAngwin, Larson, Mattu, & Kirchner, 2016)healthcare algorithms accurately
predicting costs while systematically undeéentifying Black patients for car@. Obermeyer, B. Powers,

C. Vogeli, & S. Mullainathan, 2019)We examine how algorithmic systems can create feedback dynamics
that amplify existing disparitie@Benjamin, 2019; Ensign et al., 2018; Rosen, Garboden, & Cossyleon,
2021) We analyze conditions under which community resistance achieved policy changes, from Boston's
facial recognition ban to Detroit's comprehensive refokr€.L.U., 2024; A.C.L.U. Massachusetts, 2020)

And we document transparent alternatjvdmisterdam's algorithm register, Seoul's participatory waste
management, NYC Health + Hospitals' bias mitigatimhere interpretable systems and democratic
governance processes produced documented beifitsterdam Municipality, 2020; Mackin, Major,
Chunara, & NewtorDame, 2025; Seoul Metropolitan Government, 20Thgese patterns suggest that the
choice between algorithmic capability and democratic accountability may be false: transparent systems in
our sample achieved their documented outcomes not despite but through their responsiveness to democratic
input. We ofer these findings as systematic observations from a substantial sample warranting further
investigation, while acknowledging that generalization requires validation across broader and more

representative cases.
3.2Results

3.2.10verview of the Case Universe

Our analysis draws from 157 documented Al implementations across six urban domains spanning 27
countries from 2015 to 2024igure 3.3.). This mapping enabled identification of patterns in urban Al
adoption within our sample, though we acknowledge this dataset reflects documented and accessible cases
rather than a comprehensive global census. The temporal boundaries capture the losvind the deep

learning revolution while providing sufficient time for implementation outcomes to become observable.
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Figure 3.1 Global landscape of urban Al implementations (20162024).

a, Distribution of 157 documented cases across eleven urban domains, with predictive policing comprising
the largest share (n=54k, Geographic distribution showing concentration in North America and Europe,
with the United States accounting for the most cases (nx98Fountrylevel domain specialization
patterns for the ten mesepresented nations, with bar length indicating specialization ratio relative to
global distribution.d, Sankey diagram illustrating relationships between domains, regionsreahytical

themes examined in this study. Case selection reflects documentation accessibility rather than

comprehensive global deployment.

Within our sample, domain distributiofigure 3.3.1ashows notable variation. Predictive policing and
public safety systems account for 54 cases (34.4%), followed by traffic management (27 cases, 17.2%),
facial recognition (20 cases, 12.7%), and autonomous vehicles (20 cases, 12.7%). Domains assbciated wit
transparent governance approacheguding digital twins and algorithm registers (14 cases), smart waste
management (9 cases), and smart city infrastructure (5 c&eesfitute a smaller proportiohis

distribution within our sample may reflect documentation availability and research attention rather than
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actual global deployment patterns; surveillanglated systems tend to generate more public scrutiny and
thus more accessible documentation than routine municipal services.

Geographic distribution within our sampléigure 3.3.1p shows concentration in Englisipeaking and
European contexts, with the United States accounting for the largest share, followed by European nations
including Spain, Germany, and the UK. Asian implementations appear primarily from China, India, and
Singgore. The Sankey diagrarkigure 3.3.1Y visualizes relationships between domains, regions, and
article themes within our dataset. Coureyel patterns Kigure 3.3.1f show that within our sample,
different nations appear more frequently in particular dom&nsnstance, cases from Germany cluster in
predictive policing, while cases from India concentrate in air quality monitoring, and South Korean cases
feature prominently in smart waste management. These patterns likely reflect both actual policy emphases
and language/documentation accessibility limitations in our search strategy.

From this broader dataset, we selected 23 cases-tlapith thematic analysis based on documentation
richness (evidence from at least four source types), demonstrated social impact, and theoretical significance
for illuminating the metrics trap phenomendiese cases were organized across four analytical themes:
the accuracy illusion (Theme 1, examining six cases), discriminatory feedback loops (Theme 2, seven
cases), community resistance (Theme 3, six cases including one contrast case), and tratespatadsa

(Theme 4, six cases). Some cases appear in multiple themes where their characteristics warranted
examination from different analytical perspectives. The following sections examine these patterns in detail.

3.2.2Theme 1: The Accuracy lllusion

The accuracy illusion emerges as a recurring pattern across urban Al implementations in our sample, where
technical performance metrics diverge from policy outcomes. Our analysis of 21 cases across eight
countries exhibiting this patterfrigure 3.3.2 reveals five distinct manifestations: detection/prediction
disconnected from reaorld action (5 cases), systemic failures despite claimed accuracy (5 cases), vendor
claims contradicted by verified reality (4 cases), accuracy metrics masking faiihees {8 cases), and
technical success without social impact (3 cases). Within our sample, predictive policing systems account
for the largest share (9 cases), followed by healthcare Al (5 cases), with housing, autonomous vehicles,
environmental monitoring, antraffic management comprising the remaindégyre 3.3.D). Notably,

30% of systems exhibiting accuracy illusion patterns in our sample have been ended or cancelled, while

65% remain active despite documented gaps between technical claims and petityesféssKigure
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3.3.Z). This section examines six cases in depth to illustrate the mechanisms through which impressive
technical metrics can obscure fundamental failures in achieving stated policy goals.

Theme 1: The Accuracy lllusion

When Technical Performance Masks Social Failure — Evidence from 21 Case Studies Across 8 Countries

The Metrics Gap: When Technical Claims Meet Reality Taxonomy: How Accuracy lllusion Manifests
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Figure 3.2 The Accuracy lllusion: Evidence from 21 Case Studies Across 8 Countries.

a, The metrics gap between technical claims and social outcomes, with color coding indicating comparable
metrics (green), different metric types (orange), and systems that have ended (red highlight). ShotSpotter
Chicago exhibits the largest documented ga g8rcentage pointsh, Taxonomy of accuracy illusion
manifestations showing five distinct patterns across casedystem outcomes: 30% of systems in our
sample have been ended or cancelled, 65% remain active, and 5% exist only as researtiDimwigin
distribution within Theme 1 cases, with predictive policing representing the largest category (9 cases)
followed by healthcare Al (5 cases).
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The acoustic gunshot detection system ShotSpotter exemplifies the accuracy illusion through its divergence
between technical precision and operational utility. The company claims 97% accuracy with 0.5% false
positive rates in detecting gunshot souf@eonars & Lynch, 2022)However, the Chicago Office of
Inspector General's analysis of 50,176 ShotSpotter alerts from January 2020 through May 2021 found that
only 9.1% led to evidence of a guelated criminal offens€City of Chicago Office of Inspector General,

2021) an 88 percentage point gap between claimed acoustic accuracy andigiiing effectiveness

(Figure 3.3.2). This disconnect stems from a category error: accurately detecting loud sounds differs from
identifying gun crimes requiring police responf@oucette, Green, Necci Dineen, Shapiro, & Raissian,
2021) analyzed ShotSpotter implementations across 68 large metropolitan counties fro201699

finding no significant impact on firearm homicide or arrest rates. A 2024 New York City audit revealed
that 87% of ShotSpotter alerts were confirmed as false glavittsfewer than 0.9% resulting in firearm
recovery. AsPizg2023)documented in Kansas City, while the technology achieves spatial precision in
locating sounds, this technical achievement did not translate into measurable public safety improvements
in that context. Chicago terminated its $33 million ShotSpotter conir&stptember 2024.

The Correctional Offender Management Profiling for Alternative Sanctions (COMPAS) algorithm
illustrates how moderate overall accuracy can mask disparate error rates across demographic groups.
ProPublica's analysis of over 7,000 criminal defendants in Bcb@aunty, Florida, found that COMPAS
achieved approximately 600% overall accuracy in predicting recidivigAngwin et al., 2016)However,

this aggregate metric concealed differential false positive rates: Black defendants were falsely flagged as
high-risk at 44.9% compared to 23.5% for white defendants. Conversely, white defendants who reoffended
were incorrectly labeled lowisk 47.7% of the time compared to 28.0% for Black defendants. Even after
controlling for criminal history, age, and gender, Black defendants remained 77% more likely to be scored
as highrisk for violent recidivism. The accuracy illusion operates here thraggregation: overall
performance metrics obscure how errors distribute across groups, a finding consistent with subsequent
research demonstrating mathematical tensions between different fairness criteria in risk assessment
(Chouldechova, 2017; Kleinberg, Ludwig, Mullainathan, & Sunstein, 208Bjilarly, the Obermeyer
healthcare algorithm achieved high accuracy for its optimization téuepgdthcare costget only 17.7% of

Black patients who should have been identified for extra care based on health needs were flagged, compared
to an estimated 46.5% if the algorithm performed equitéblyObermeyer et al., 2019The algorithm
accurately predicted costs, but structural inequalities meant Black patients generated lower costs despite
equal or greater health needs due to barriers in accessing care.

Environmental and health prediction systems in our sample exhibit a related pattern: technical accuracy that
fails to capture differential impacts across populations. Delhi's air quality prediction system using Grey

Wolf Optimization with Decision Tree atgithms achieved 88.98% accuracy for Air Quality Index
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prediction(Natarajan, Shanmurthy, Arockiam, Balusamy, & Selvarajan, 202dyever, standardized
monitoring networks may not capture hyperlocal variations affecting residents near industrial areas or
informal settlements, where studies have documented pollution levdR%38Mhigher than city averages.

The system optimizes for eteorological prediction rather than equitable exposure assessment. Boston
University researchers' hospitalization prediction model achieved 82% accuracy compared to 56% for
clinical guidelinegHao et al., 202Q)et the model's reliance on medical records and diagnostic data means

it cannot incorporate social determinaihitsusing instability, food insecurity, transportation barridrat

shape health outcomes. For patients facing structural barriers, accurate prediction without addressing root
causes documents outcomes rather than enabling intervention. €@V¢Dntact tracing applications
achieved 785% proximity detection accurady laboratory conditions, yet realorld effectiveness was

limited by adoptio rates below 20% in many countries and inability to distinguish transmission risk
contextgF. Yi, Xie, & Jamieson, 2021%ingapore's TraceTogether required 75% adoption for meaningful
epidemic contrqgla threshold that was not reached.

These six cases suggest several mechanisms through which accuracy illusion may operate, though we note
these patterns derive from our selected sample rather than representing universal claims about urban Al.
First, each case exhibits misalignment betwdgoriihmic optimization targets and policy objectives:
ShotSpotter optimized for sound detection rather than crime prevention; COMPAS and Obermeyer
optimized for aggregate prediction rather than equitable outcomes; environmental and health systems
optimizad for technical accuracy rather than populafievel impact. Second, aggregated metrics can
obscure distributional failuresoverall performance statistics may hide how accuracy varies across
populations or contexts. Third, in several cases, technically accurate systems appeared to generate limited
policy value: Chicago and New York audits found ShotSpotter alerts rarely tibmable outcomes;
COMPAS accuracy barely exceeded chance while exhibiting disparate error ratggerfiogining health
predicions could not address social determinants driving hospitalizatadsie 33-1 summarizes these
patterns. We emphasize that these observations derive from documented cases in our sample; whether they
represent broader patterns in urban Al deployment requires further systematic investigation across larger

and more representative sde®

Table 3-1 The Metrics Gap in Selected Urban Al Systems
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Note: pp = percentage points. Metrics gaps calculated where comparable measures available.

3.2.3Theme 2: Discriminatory Feedback Loops

Discriminatory feedback loops represent a pattern wherein algorithmic systems may not only reflect
existing societal biases but potentially amplify them through iterative operation. Our analysis identified 11
cases across three domains exhibiting docurdefietedback loop characteristics: predictive policing (5
cases), housing algorithms (4 cases), and energy systems (2 ¢ages) 8.3% These cases span
implementation periods from 2007 to present, with three systems subsequently terminated or adidcontinu
(Chicago SSL in 2019, Palantir New Orleans in 2018, HART Durham in 2020), while others remain active
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or face ongoing regulatory actioRigure 3.3§. Regulatory responses to documented harms in these cases
have resulted in over $36 million in fines and settlements, including $23 million against TransUnion, $4.2
million against AppFolio, and $3 million against RealPdggyre 3.39. This section examines seven cases

in depth to illustrate mechanisms through which algorithmic systems may generaggn$etting cycles

of disadvantage.

Theme 2: Discriminatory Feedback Loops

How Algorithmic Systems Amplify Historical Bias — Fvidence from 11 Documented Cases

A The Feedback Loop Mechanism B Documented Disparities (from CSV sources)
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Figure 3.3 Discriminatory Feedback Loops: Evidence from 11 Documented Cases.

a, The feedback loop mechanism showing how historical bias feeds algorithmic decisions, which generate
disparate impacts that reinforce biased data, with case distribution across policing (5), housing (4), and
energy (2) domaind, Documented disparities from case sources, ranging from Chicago SSL's 84% gap
between algorithmic classification and verified status to EU Smart Meters' 15% cost penalty -for non

participants. ¢, System status timeline showing implementation periods and key events including
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terminations (Chicago SSL 2019, Palantir NOLA 2018, HART Durham 2020) and regulatory interventions.
d, Regulatory response totaling $36.3 million in documented fines and settlements across tenant screening
systems.

Chicago's Strategic Subject List (SSL), operational from ZID, illustrates how predictive policing
systems can create feedback dynamics through recursive data generation. The system assigned risk scores
from 1-500 to nearly 400,000 individuals basedaitributes including arrest records and social network
connectiongCity of Chicago Office of Inspector General, 202Ihe Chicago Office of Inspector General

found that only 16.3% of individuals on the list were confirmed gang members, despite district commanders
believing the figure was approximately 9586 84 percentage point gap between algorithmic classification
and verified statusHgure 3.3p. This discrepancy suggests how algorithmic outputs may acquire
institutional authority that diverges from ground trubmsign et a{2018) developed formal models
demonstrating how predictive policing can create "runaway feedback loops" where increased police
presence in flagged areas generates more arrests, which become new data points reinforcing original
predictions regardless of undergicrime rate changes. The SSL was decommissioned in November 2019
after $3.8 million in federal grants, without documented evidence of violence red(€iipmf Chicago

Office of Inspector General, 20213imilarly, the London Metropolitan Police's Gangs Matrix assigned
"harm scores" to approximately 3,800 individuals, with the Information Commissioner's Office finding that
78% were Black despite Black Londoners comprising 13% of the population, and @#8seolisted were
classified as lowest risk yet remained subject to surveilldrceO., 2018)

New Orleans' covert partnership with Palantir Technologies from-2018 demonstrates how opacity in
algorithmic systems may compound feedback effects by preventing external verification or contestation.
The partnership, exposed by The Verge in Febru@f82operated without city council knowledge or
public oversight, assessing approximately 3,900 individuals through a risk assessment (iAtialstsg

2018) Criminal defense attorneys reported never receiving Palantir analytical products in discovery
materials, raising questions about defendants' ability to challenge algorithmic bases for targeting. The
program was terminated in March 2018 following publixp@sure. Rotterdam's Sensing Project,
documented in Amnesty International's 2022 report, illustrates a related pattern through automated ethnic
profiling. The system monitored vehicles and assigned risk scores specifically targeting what authorities
termed"mobile banditry" allegedly associated with Eastern European natiPhalsesty International,

2022) Amnesty documented that the system created conditions where vehicles flagged as potentially
connected to Eastern Europeans faced enhanced monitoring, increasing likelihood of detecting irregularities
that then became data points supporting original asdessmentsa pattern the organization concluded

violated rights to privacy, data protection, and4aiigstrimination.
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The tenant screening industry demonstrates how algorithmic feedback loops may operate through housing
markets. RealPage (acquired for $9.6 billion in 2020) and CoreLogic (acquired for $6 billion in 2021)
dominate a market where industry reports indicadegpread landlord adoption of screening software
(Bravo, 2020; CoreLogic, 2021Rosen, Garboden, and Cossyl@fi?1)documented how algorithmic
scoring may perpetuate discrimination through variables that correlate with race, such as credit histories
shaped by historical lending disparities or addresses in previously redlined neighborhoods. When these
systems deny housj, applicants may face housing instability affecting credit scores and rental history,
potentially making future denials more likely. Federal Trade Commission settlements totaling $7.25 million
against RealPage and AppFolio addressed accuracy and disaosgerngF.T.C., 2018, 2020while

the Department of Justice's lawsuit against SafeRent alleged these tools affect millions of rental applications
(Louis v. Saferent Sols., 2023yhe VFSPDAT homelessness assessment tool, used across 16+ U.S.
communities, exhibited documented racial disparities: multiple studies found white individuals were
approximately 60% more likely to receive high prioritization scores compared to Blagklirals assessed

at similar vulnerability levelsHigure 3.3b.

Energy systems in our sample exhibit related patterns operating through different mechanisms. California's
proposed incomgraduated fixed charge of $24.15 monthly would apply uniformly regardless of
consumption, with analysis by the American Council far EBnergyEfficient Economy documenting
existing disparities: lowncome households spend 8.1% of income on energy versus 2.3% for-higher
income households, with Black households spending 43% more, Hispanic households 20% more, and
Native American househad5% more of their income on eneir@rehobl, Ross, & Ayala, 2020The
European Union's smart meter rollout, reaching
(ACER, 2021)creates conditions where households unable to engage with smart teclohoddgyacking
smartphones, internet access, or technical literaey face up to 15% higher costs through inability to

shift consumption to ofpeak periods. These seven cases suggest three potential feedback mechanisms
operating across domains: enforcement feedback, where differential observation generates didtgeential
(Chicago SSL, London Gangs Matrix); surveillance cascades, where initial algorithmic judgments expand
into multiple institutional domains (Palantir, Rotterdam Sensing); and economic exclusion loops, where
algorithmic denials or burdens may compound over time (tenant screening, energy systexkp)nas
De-Arteaga, and Chouldechdi2®21)demonstrated, even attempts to train algorithms on alternative data

sources may not eliminate bias when structural factors shape data generation processes tHeabtelves.

3-3-2 summarizes documented disparities and mechanisms across these cases; we note that while these

patterns appear consistent within our sample, their generalizability to other contexts requires further

investigation.
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Table 3-2 Documented Feedback Loop Mechanisms in Selected Cases
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Note: Disparities calculated from documented sources as cited in text.

3.2.4Theme 3: Community Resistance and Democratic Pushback

Community resistance represents a countervailing dynamic in several documented cases, where grassroots
organizing challenged algorithmic system deployments. Our analysis identified 20 cases exhibiting
resistance patterns, resulting in seven documentednsytsirminations or major reforms, ten municipal

facial recognition bans, and two sté®el warrant requirement$igure 3.4. These cases cluster in

contexts with robust civil society infrastructure: the United States accounts for the majority of dimclmen
68



Theme 3: Community Resistance and Democratic Pushback

Documentod cases of algonithinic systems challenged tiwough democratic organizing
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Figure 3.4 Community Resistance and Democratic Pushback: Evidence from 20 Documented Cases.

a, Timeline of resistance victories showing implementation periods, outcomes

(shutdown/banned/reformed/suspended), and key documented ihdfatsal recognition ban vote counts

across U.S. municipalities, with Boston's@8nanimous vote and subsequent regional diffusion to five

Massachusetts cities, Key impact metrics including LASER's 84% Latino/Black targeting rate, Boston's
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79% voter support, Detroit's $300,000 settlement, and Cruise's $500,000 federal, fibemocratic

context comparison showing resistance indicators (victories, bans enacted, coalition organizations, public
support) in contexts where resistance occurred versus Singapore where no documented resistance emerged.
e, Coalition composition and scale across five major campaigns, from Boston's 50+ organization coalition

to grassroots movements in New OrleansStatelevel warrant requirements for facial recogmoiti in

Montana (2023) and Utah (2024), both achieving bipartisan legislative majorities.

resistance victories, with a notable concentration in Massachusetts where Boston's 2020 ban (passed 13
preceded adoption in five additional municipalitieg(re 3.8). Coalition sizes ranged from grassroots
networks of affected residents to formal alliances of 50+ organizakang € 3.4€). This section examines

six cases in depth to illustrate conditions and tactics associated with successful resistance, while noting that
Singapore's traffic Al deploymentvhere no documented resistance occyme®y illuminate contextual

factors that enable or constrain democratic pushback.

The defeat of Google's Sidewalk Labs smart city project in Toronto represents a case where sustained
opposition resulted in complete project cancellation. The project, announced in 2017, proposed deploying
sensor networks collecting data across Torontoay/Qide waterfront. Opposition led by the Canadian Civil
Liberties Association (CCLA) and the #BlockSidewalk coalifiwhich mobilized over 1,000 supporters
(Figure 3.£), culminated in project cancellation in May 20@DBC News, 2020)The CCLA filed a
constitutional challenge under the Charter of Rights and Freedoms, arguing the project raised privacy and
democratic governance conce(sC.L.A., 2020) The coalition achieved momentum when hjgbfile

advisors resigned, including former Ontario Privacy Commissioner Ann Cavoukian, who departed citing
privacy concerns. Similarly, the Netherlands' SyRI welfare fraud detection system, whicreteosscd

personal data from multiple government databases and was deployediintdome neighborhoods, was
banned by court ruling in February 2020 after a coalition of NGOs and a trade union filed legal challenges
arguing it violated European Convention on HurRaghts Article 8(Amnesty International, 2022Both

cases suggest that legal challenges combined with coalition organizing can achieve system termination,
though we note these represent specific political and legal contexts that may not generalize.

Detroit's trajectory from facial recognition deployment to reform illustrates how individual cases of harm
can catalyze policy change when connected to organized advocacy. The January 2020 wrongful arrest of
Robert Williamsdocumented as the first U.S. case of facial recognition misidentification leading tp arrest
became a focal point for organizing by Detroit Community Technology Project, ACLU Michigan, and
allied organizationgA.C.L.U., 2024) The June 2024 settlement achieved $300,000 compensation for
Williams and established policies requiring corroborating evidence before arrests based on facial

recognition matched=(gure 3.£). Boston's facial recognition ban campaign, led by ACLU Massachusetts'
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"Press Pause Face Surveillance" initiative, achieved unanimous City Council pass&jew(fB
documented support from 79% of Massachusetts voters in pENiGgL.U. Massachusetts, 2020; Boston

City Council, 2020) The campaign united over 50 organizations spanning racial justice, immigrant rights,
and civil liberties groupsHigure 3.£). Subsequently, Springfield, Cambridge, Northampton, Brookline,

and Somerville adopted similar bans, creating regional policy diffusion within 18 months. At the state level,
Montana (2023) and Utah (2024) enacted warrant requirements for police facighiteon use with
bipartisan supporMontana's legislation passed-88 in the House and 49in the Senate~{gure 3.4).

The Los Angeles Police Department's 2019 termination of Operation LASER after eight years demonstrates
how sustained community pressure can achieve system shutdown. The Stop LAPD Spying Coalition
conducted community research documenting that 84% of indilddargeted by LASER were Latino or

Black (Figure 3.£), findings subsequently confirmed by the Inspector General's(Bueithan Center for
Justice, 2024; CBS News, 202#8)ew Orleans' Palantir predictive policing partnership, operating covertly
from 20122018 without city council knowledge, was terminated within months of The Verge's February
2018 exposéWinston, 2018) The revelation that criminal defense attorneys had never received Palantir
analytical products in discovery materials intensified public pressure. These cases suggest that
documentation of discriminatory impacts (LASER) and exposure of secret oper@@astir) can
delegitimize systems, though the specific conditions enabling termination varied: LASER required eight
years of sustained organizing, while Palantir collapsed rapidly once its covert nature was revealed.
Singapore's IBM traffic prediction system, deployed through the Land Transport Authority ¥2Q006

and achieving 88®0% accuracy(IBM, 2007), provides an instructive contrast that illuminates the
relationship between system characteristics, democratic context, and resistance [jbigat&al3.D).
Critically, this system differs fundamentally from the perbased predictive systems documented in
Themes 12: traffic flow optimization uses aggregate vehicle data to manage congestion rather than
generating individualized risk scores that mark spepiiaple for differential treatmeferguson, 2017;

Lum & lIsaac, 2016) This distinction matters because perbased prediction creates discriminatory
feedback loops through recursive data generatiordynamic largely absent in aggregate traffic
optimization. We therefore do not suggest Singapore's traffic system warranted resistance comparable to
systems like Chicago's SSL or COMPAS,; the absence of documented opposition may appropriately reflect
lower stakes for civil liberties.

However, Singapore's broader "Smart Nation" initiative does raise privacy concerns that have been
documented by human rights organizations. Human Rights Wat@tr) and CIVICUS2024) have
characterized Singapore's civic space as "repressed,” noting extensive surveillance networks, restrictions
on public assembly under the Public Order Act, and laws that limit criticism of government systems. The

smart city infrastructure promises eiéncy, but as NYU's Center for Human Rights and Global Justice
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(2022)documented, "the constant technolatiwen surveillance and the loss of a few civil liberties are
viewed by many as a small price to pay for such efficiereytaming that forecloses rather than enables
democratic deliberation about algorithmic governance. The comparison suggests that democratic
infrastructure civil society organizations, protected assembly rights, independent ,madia be
preconditions for the resistance patterns documented elsewhere, while acknowledging that the
appropriateness ofesistance depends on the specific harms a system produces. We caution against
overgeneralizing from a single contrasting cabable 33 summarizes implementation contexts and
outcomes across these six cases; the patterns observed may reflect selection effects in our sample rather

than universal dynamics of algorithmic resistance.

Table 3-3 Implementation Context and Resistance Outcomes in Selected Cases
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Note: Outcomes and timeframes reflect documented sources; absence of documented resistance does not

indicate public support.
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3.2.5Theme 4: Transparent Alternatives and Democratic Al Governance

Figure 3.5maps transparency characteristics across urban Al implementations in our sample, revealing
variation along multiple dimensions: process transparefigue 3.%), documented performance
outcomesFigure 3.B), the relationship between model opacity and governance opeRimga® (3.%),

and democratic engagement scaligigre 3.%). Importantly, these cases occupy different positions on the
transparency spectrum defined in our Introduction: some emphasize process transparency through
documentation and registers (e.g., Amsterdam, Helsinki), others demonstrate contestability through
stakeholder feedback mechanisms (e.g., Austin Energy's custacieg interfaces, Seoul's waste collector
feedback integration]'he NYC Health + Hospitals case uniquely combines documented bias assessment
with opensource methodology enabling independent verification. We present reported outcomes while
acknowledging that crossase comparisons are complicated by differences in nurbantext,
implementation timeline, evaluation methodology, and data availability. Rather than claiming these cases
prove transparent systems universally outperform opaque alternatolasn that would require controlled
comparisons unavailable in reabrld municipal deploymentsve document the specific mechanisms
through which transparency was operationalized and the outcomes that implementing organizations have
reported.
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Theme 4: The Transparency Spectrum

Process Transparency, Model Interpretability, and Democratic Engagement in Urban Al
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Figure 3.5 The Transparency Spectrum in Urban Al Implementations.

a, Process transparency levels across 16 implementations, ranked from low (Hangzhou City Brain) to very
high (EU Urban Atlas, 785+ citiesp, Documented performance outcomes by domain: cost reduction
(Seoul waste, 83%), participation rates (Austin Energy, 80%), recycling rates (Seoul, 60%-+), and traffic
improvements (Surtrac, 280%).c, Process transparency versus model opacity, with bubble size indicating
democratic engagement level. Loweght quadrant represents exemplary cases combining open
governarce with interpretable modelsl, Democratic engagement scale showing participant numbers:
Singapore LTMP2040 (7,400+ citizens), Seoul waste (320+ public meetings), Barcelona Decidim (200+
cities adopted), EU Al Clauses (40+ expert roundtables). Annotation indicates documented equity
outoomes from NYC Health + Hospitals (5pp bias gap closed) and ZSFG (5.4pp racial disparity gap

closed).
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Amsterdam and Helsinki launched municipal algorithm registers in September 2020, creating publicly
accessible documentation of algorithmic systems used in city opergdimsserdam Municipality, 2020;

City of Helsinki, 2020) Amsterdam's register, implemented through the Saidot platform, documents
systems from parking compliance to citizen report categorization, providing standardized fields for purpose,
data sources, operational logic, and human oversight mechgfiamst, 2025)Each entry includes plain
language descriptions intended to make algorithmic operations comprehensiblkeg¢ohmical audiences.
Amsterdam officials reported that the registration process prompted departments to articulate system
purposes more explityt leading to identification of some redundancthsugh no independent evaluation

has quantified governance improvemg(iihiot, 2025) Helsinki's parallel register documents rbkesed
chatbots and Al systems with feedback channels for citizen {i@ptyt of Helsinki, 2020) Barcelona's
Algorithmic Implementation Protocol, established in 2021, categorizes Al systems by risk level and
mandates external auditing for higkk applicationgBarcelona City Council, 2021)he city's vCity

project (20232025) integrates digital twin technology with the Decidim participatory platform, which has
been adopted by over 200 cities globally, enabling residents to visualize algorithmic applications and
propose modification®©ECD-OPSI, 2024)The EU's Livingin.EU Model Al Contractual Clauses (2623
2024), developed through 40+ expert roundtables, provide standardized procurement language for
transparency requiremen(&U Public Buyers Community, 2024)hese institutional mechanisms
represent attempts to operationalize algorithmic accountability, though their effectiveness in preventing
harms depends on implementation fideléyactor we cannot assess from available documentation.

Seoul's smart waste management system, implemented through Ecube Labs beginning in 2014, reported an
83% reduction in collection costs following installation of 85 Clean Cube sensors with neural retwork
based route optimizatiofEcube Labs, 2015; Seoul Metropolitan Government, 20IHd¢ loT sensors
transmit reatime fill-level data accessible to collection staff through the Clean City Networks platform,
and route optimization prioritizes bins exceeding fill thresholds while minimizing travel distances. Waste
collectors provided opational feedback identifying constraints the algorithm initially missearow

alleys, market day obstacles, seasonal variatemabling iterative refinement. The broaderjpayou

throw system involved over 320 public meetings since 2001, with m#fizeouncils including
environmental specialists contributing to system design; Seoul reports recycling rates exceeding 60%
(Seoul Metropolitan Government, 201Austin Energy's demand response program, implemented through
AutoGrid's DROMS platform, achieved 177 MW of demand response capacity with documented
participation rates of 80% in smart thermostat pjlotsnpared to industrgeported averages of ZD%

for similar programgAustin Energy; AutoGrid Systems)he system provides custorfacing interfaces
displaying reatime consumption, predicted peak events, and potential savings. Austin Energy established

a Low Income Consumer Advisory Task Force and provides CAP discounts for hocmdifeed
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customers, though independent assessment of equity outcomes has not been published. These cases
illustrate how transparent operational logic may facilitate stakeholder engagement, though the contribution
of transparency specificallyersus other factors such as program design, incentive structures, or local
context cannot be isolated from available data.

NYC Health + Hospitals, the largest municipal safe¢y system in the United States serving over one
million patients (90% patients of color, 70% Medicaid or uninsured), provides a documented example of
proactive algorithmic bias assessment and mitigatidrealthcare A(Mackin et al., 2025)The system
evaluated two binary classification models in their electronic medical remogredicting acute visits for
asthma and one predicting unplanned readmissamress race/ethnicity, sex, language, and insurance
status using Equal Opportunity Difference (EOD), a metric comparing false negative rates across
subgroups. For the asthma model, baseline analysis revealed bias across race/ethnicity, with false negative
rates ranging from 51% (Black or African American patients) to 82.8% (White pstidror the
readmission model, insurance status showed the highestwi#isie burden of bias, with false negative
rates ranging from 38.2% (Medicare) to 79.7% (&&lf/). The system tested threshold adjustnaepost
processing method that sets subgrsppcific classification thresholds to minimize fairness metric
differences and successfully reduced absolute EOD to less than 5 percentage points for all targeted
subgroups while maintaining accuracy losses below 10% and alert rate changes below 20%. Th
methodology, including opesource R code, was published with a supplementary playbook explicitly
designed for other lowesource systems to replicate. This case demonstrates that bias identification and
mitigation can be operationalized within resoucomstrained settings, though the approach addresses post
hoc fairness correction rather than eliminating bias sources in training data or model architecture.

The European Space Agency's Urban Atlas processe®0BBbunctional Urban Areas across Europe using
deep learning on Sentinel satellite imagery, achieving land use classification at continental scale
(E.S.A./Copernicus, 2021Unlike many urban Al applications, the Urban Atlas operates under Copernicus
open data policy (Regulation EU 1159/2013): all imagery, processing methods, and classification outputs
are freely accessible, enabling verification, replication, and improviggn@mosals from any researcher or
government. While deep learning classification involves technically opaque neural networks, the outputs
are verifiable land cover categories that users can examine against source,ipragetiyng what might

be termed "atcome transparency" even where "process transparency" of model internals is Reieat
technical scholarship has examined relationships between model interpretability and predictive
performance across specific application domduslin2019a)argues in Nature Machine Intelligence that

the supposed accuradpterpretability tradeoff is frequently overstated, providing evidence from domains
including criminal justice risk assessment, medical diagnosis, and credit scoring where interpretdble mode

matched blaclbox performance. In separate work, R§&uadin et al., 2011and colleagues' analysis of
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NYC's electrical grid failure predictigrdeveloped in collaboration with Con Edison over 2Q012
demonstrated that machine learning models with interpretable features enabled utility engineers to identify
failure modes and prioritize maintenance, with the transparent use of data allowing domain experts to
troubleshoot and extend the mod®&l&agner et a{2022)demonstrated that gradient boosting decision tree
models with SHAP values could capture up to 84% of variance in Berlin's trip emissions analysis while
revealing policyrelevant threshold effegtsuch as the sharp increase in vehicle kilometers traveled beyond
10km from city centerghat inform targeted urban planning interventidfisn et al(2023)showed that
XGBoost SHAP approaches in Seoul's urban expansion modeling achieved prediction accuracy exceeding
90% while providing actionable insights about laoover characteristics driving growth patterns. These
domainspecific findings suggest thatatrsparency and performance need not be mutually exclusive in
particular applications, though we note these represent specific contexts; whether the relationship
generalizes across all urban Al deployment scenarios remains an empirical question reaguivang f
investigation The cases documented in this theme illustrate varied approaches to operationalizing
transparencyfrom algorithm registers to bias mitigation playbooks to open data infrastruafitieut

claiming that any single approach constitutes a universal solution to algorithmic accountability challenges.

3.3 Discussion

The crosscase analysis reveals a recurring tension in urban Al implementations: technical performance
metrics frequently diverge from policy outcomes, and this divergence appears structural rather than
incidental. Across 157 documented cases, we obseatterps suggesting that the core challenge of urban
Al governance is not primarily technical but epistemologiaasystematic misalignment between what
algorithms optimize for and what cities need them to achieve. This synthesis integrates findings across four
themes to articulate principles for democratic urban Al governance, while acknowledging that these
principles derive from our sample and require validation across broader cd@eripbell, 1979; Muller,
2018; T. M. Porter, 2020; Strathern, 1997; R. L. Thomas & Uminsky, 2022)
The accuracy illusion documented across our cases reveals what we term the "metrics trap": algorithmic
systems achieving high performance on technical proxies while failing their stated policy objectives. The
88 percentage point gap between ShotSpottexsistic accuracy and crinfighting effectiveness,
COMPAS's aggregate accuracy masking disparate error rates, and healthcare algorithms optimizing for cost
while underidentifying patients for care demonstrate this common mechg@isgwin et al., 2016; City
of Chicago Office of Inspector General, 2021; Z. Obermeyer et al., 2Uh#) pattern extendsluller
(2018)s analysis of "the tyranny of metrics" into algorithmic governance, challenging tepkinustic
narrative§M. Batty, 2013; Townsend, 201®hile providing explanatory mechanisms absent from purely
critical accountgGreenfield, 2013; Morozov, 2013Breaking free requires redefining success through
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democratic deliberation, ensuring algorithms optimize for commuanttgulated goals rather than vendor
defined metricgCardullo & Kitchin, 2019; Fung, 2009; Smith, 2009)

The discriminatory feedback loops documented across domains reveal how algorithms can transform
historical bias into "computational destiny." Chicago's Strategic Subject List exemplifies this: only 16.3%
of listed individuals were confirmed gang membeet,district commanders believed 95%, demonstrating
how algorithmic outputs acquire institutional authority independent of ground @itgtof Chicago Office

of Inspector General, 2021; Ensign et al., 2008)r cases exteridim and Isaa¢2016)s analysis beyond
predictive policing to housing, surveillance, and energy systamgesting feedback loops may represent

a general property of algorithmic governance in unequal soc{Beegamin, 2019; Eubanks, 2018; Noble,
2018; Rosen et al., 2021hterrupting these loops requires structural approaches: reforming data generation
at source, incorporating affected community perspectives at decision points, and implementing regular
audits with sunset provisioriBrayne, 2017; Citron & Pasquale, 2014; Collins & Evans, 2002)

The community resistance cases reveal both the power and limitations of democratic opposition. Toronto,
Boston, Detroit, and LA demonstrate that organized communities can achieve significant policy changes,
but these campaigns required enormous resoures/ears of organizingA.C.L.U., 2024; A.C.L.U.
Massachusetts, 2020; Brennan Center for Justice, 2024) challenge lies in transforming episodic
resistance into systematic governgmeeving from whatirschman(1970)termed "voice" through protest
toward institutionalized voice embedded in governance structures. Boston's ban diffusing to five
Massachusetts municipalities suggests policy frameworks can scale through networked {Daboaity

& Marsh, 2000; Keck & Sikkink, 2014; Walker, 196%yhile Singapore's contrast case illustrates how
political context shapes these dynan{ideCarthy & Zald, 1977; Tarrow, 2022)

The transparent alternatives examined suggest that transparency can be operationalized through varied
institutional mechanisms. Three distinct levels prove necessary for democratic accountability: technical
transparency requiring interpretable models wHogi& can be examinednoving beyond whafAnanny

and Crawford(2018) term "seeing without knowing"; process transparency demanding visibility into
development, procurement, and deploym@dsquale, 2015)and impact transparency necessitating
ongoing monitoring of outcomes disaggregated by affected populé8etisst et al., 2019NYC Health

+ Hospitals' documented bias mitigation demonstrates these principles can be operationalized even in
resourceconstrained setting®ackin et al., 2025)while technical scholarship provides domapecific
evidence that interpretable models can achieve competitive perforhn€en et al., 2023; C. Rudin &

J. Radin, 2019; Wagner et al., 2022)

Cities can institutionalize these insights through permanent structures combining-bpttesistance with
top-down policy frameworks. Barcelona's Advisory Council creates ongoing channels for community input

(Barcelona City Council, 2021)pperationalizingcung and Wrigh{2003)s "empowered participatory
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governance." The EU's Model Al Contractual Clauses demonstrate how procurement power can mandate
transparency requiremen{&U Public Buyers Community, 2024hligning with Ostrom (1990)s
polycentric governance theory. The interaction between grassroots organizing and formal governance
observed in Detroit suggests neither approach alone achieves sustainable acco(béafbifgur, 2012)

As Fung et al(2007)distinguish, transparengsdisclosure differs from transparenagaccountability;

the latter requires mechanisms ensuring disclosed information generates conse(fierstesiam
Municipality, 2020; Saidot, 2025)

Several boundary conditions shape interpretation. Language constraints restricted analysis primarily to
Englishlanguage sources. Publication bias likely favors documented failures over quietly successful
systems. Temporal constraints mean recent implatiens lack comprehensive outcome data. Our critical
orientation, while justified by documented harms, may undervalue genuine technical achievements; we
view this stance as methodologically appropriate given power asymmetries while acknowledging its
influence(Jasanoff, 2004; Pasquale, 20IR)e cases examined represent specific political and institutional
contexts resistance succeeded predominantly where civil society infrastructure existed; transparent
governance emerged in municipalities with prior participatory commitmergdsstraining direct
generalization.

The patterns documented converge on a central finding:-blacloptimization evaluated by technical
metrics divorced from democratic accountability produces predictable harms across domains. Yet the
transparent alternatives demonstrate this outcome isexitable. The evidence suggests cities need not
accept supposed tradeoffs between technical capability and democratic governance. The path forward
requires reconceptualizing algorithms not as neutral tools but as political systems requiring democratic
oversight extendingWinner (2017)s insight that artifacts have politics into the algorithmic domain. Just

as cities govern infrastructure and services through democratic processes, algorithmic systems must become
subject to public accountability, community input, and ongoing assesshimentases examined suggest

this governance is not only necessary but achievable, though specific mechanisms require continued

investigation across diverse contexts.

3.4 Methods

This study employs a multiple case study design integrated with thematic synthesis to examine the
deployment and impacts of artificial intelligence systems across urban domains. This methodological
approach was selected for its capacity to provide riafitestual understanding of complex sociotechnical
phenomena while enabling systematic croasse analysis of patterns and theif@ake, 2006; R. K. Yin,

2018)

79



3.4.1Research Design Rationale

The multiple case study methodology is particularly suited to examining urban Al implementations for
several reasons. First, Al deployments in cities represent bounded systems where technology, policy, and
social outcomes intersect in specific contefglyvbjerg, 2006) Second, the approach accommodates
multiple data sources and types of evidence, reflecting the reality that urban Al systems are documented
across academic, governmental, commercial, and journalistic sq@@een, 2009) Third, case study
methodology explicitly supports critical examination of power relations and social justice concerns central
to this investigatior{Bartlett & Vavrus, 2016)

The integration of thematic synthesis enhances the analytical power of the case study approach by enabling
systematic identification of patterns across cases while preserving contextual rithn€esmas &

Harden, 2008)This combined methodology allows us to move beyond individual implementation stories

to identify recurring mechanisms of success, failure, and resistance in urban Al deployment. The approach
aligns with recent calls for methodological innovation in sigyalgorithmic systems, which require
techniques capable of capturing both technical specifications and lived experiences of affected communities
(Katzenbach & Ulbricht, 2019)

3.4.2Researcher Positionality

As researchers trained in urban studies, data science, and human geography, we acknowledge our
positionality shapes this investigation. We have technical expertise in machine learning systems combined
with critical social science perspectives on urban uaéty and digital justice. This interdisciplinary
background provides sensitivity to both technical claims and social impacts, though we recognize it also
predisposes us toward skepticism of technosolutionist narratives. We have previously engaged in
comnunity organizing around algorithmic accountability, which informs our commitment to centering
affected communities’' experiences. Throughout the research process, we maintained reflexive journals
documenting how our perspectives evolved through engagemiéimttve data, particularly when

encountering cases that challenged our initial assumptions about the inevitability of algorithmic harm.

3.4.3Case Universe and Sampling Strategy

Our case universe comprises 157 documented Al implementations across six urban domains spanning 27
countries from January 2015 to May 2024. This comprehensive mapping emerged from systematic searches
of academic databases including Web of Science, Sctpkg Xplore, ScienceDirect, and Google
Scholar, supplemented by government repositories and verified news sources. The temporal boundaries
capture the period following the deep learning revolution while providing sufficient time for

implementation outcomds manifest. We acknowledge this dataset reflects documented and accessible
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cases rather than a comprehensive global census; the concentration of cases irsfgaiisg and
European contexts likely reflects language and documentation accessibility limitations in our search
strategy rather than actual global deployment patterns.
From this universe, we selected 23 cases fatejpth thematic analysis through purposeful sampling
(Patton, 2015)Selection criteria prioritized documentation richness, defined as cases with evidence from
at least four different source types including technical specifications, implementation reports, and
community responses. We sought maximum variation across gdoggaensuring representation from
Global North and Global South contexts, as well as variation in implementation outcomes from documented
successes to documented failures. FollowfRtyvbjerg, 2006% critical case logic, we deliberately
included extreme and paradigmatic cases that illuminate the boundaries of urban Al's possibilities and
failures. Temporal coverage spanned early implementations from2ZEbthrough recent deployments
in 20222024,enabling analysis of evolutionary patterns in the field.
Cases were included if they met all the following criteria:
Algorithmic Component: The system must use machine learning, statistical models, cbasébsl
algorithms to process urban data and generate outputs affecting governance decisions or resident
experiences. This includes:

71 Predictive models (risk scoring, forecasting, classification)

1 Optimization algorithms (routing, resource allocation, scheduling)
1 Pattern recognition systems (image analysis, anomaly detection)

1 Automated decision support systems

1 Infrastructural platforms enabling multiple algorithmic applications

Urban Governance Context The system must be deployed (or seriously proposed for deployment) by
municipal authorities, affect urban populations, or operate within city boundaries. Private systems (e.g.,
ride-sharing algorithms) were excluded unless directly integrated into mdarnance.

Documented Implementation Sufficient documentation must exi s
rigorous analysis. Sources must include technical specifications plus evidence of social impacts.
Temporal Relevance Implementation or serious deployment proposal must have occurred between
January 2015 May 2024 to capture pesieeplearningrevolution developments.

Inclusion of Resistance CasesWe deliberately included cases where proposed Al systems were
successfully blocked or reformed through community resistance (Toronto Sidewalk Labs, Boston facial
recognition ban, Detroit facial recognition reform, LA LASER termination, New Orleans Palant
termination). These cases are essential rather than peripheral because they:

1 Reveal community capacity to identify algorithmic threats before or during implementation,
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1 Document effective resistance strategies applicable to future proposals,
f  Show how democratic governance can prevent or reform harmful Al,
1 Provide evidence against technological determinism.

Excluding resistance cases would systematically bias analysis toward systems that successfully overcame
opposition, obscuring the democratic agency that shapes urban Al landscapes. Cases were excluded if they:

1 Lacked sufficient documentation for rigorous analysis,

7 Involved purely privatesector algorithms without public governance implications,

1  Occurred primarily outside urban contexts (e.g., agricultural Al, wilderness monitoring),
1 Were announced but never reached serious implementation stage (vaporware).

The final sample includes cases from multiple regions, with deliberate attention to implementations
affecting marginalized communities whose experiences are often underdocumented in technical literature.
This sampling strategy balances depth of analydlsbvieadth of coverage, exceed{&gsenhardt, 198%
recommended range of ) cases for theory building while remaining manageable for detailed qualitative

analysis.

3.4.4Data Collection and Management

Following Yin (2018)s principle of multiple evidence sources, we developed a comprehensive data
collection protocol. Data sources encompassed academic publications includimgvipmeed articles,
conference proceedings, and technical reports; government documents stiitiaghgaports, audits,

policy documents, and regulatory findings; technical documentation from system specifications and vendor
materials; news media, particularly investigative journalism documenting system failures and community
impacts; legal documesntincluding court filings, settlements, and regulatory enforcement actions; and
community sources such as advocacy reports, public testimony, and documented resistance efforts.

This diverse source strategy refle@smke(2006)s argument that case studies should capture multiple
realities and perspectives. The inclusion of-agademic sources proves essential for documenting real
world impacts often absent from technical publications, particularly regarding marginalized dtieshun
experience$Gillborn, Warmington, & Demack, 2018for each case, we constructed a digital repository
using Mendeley for academic sources and a structured filing system for grey literature, with all documents
tagged by case, source type, and temporal period.

Data collection proceeded iteratively, beginning with technical documentation to understand system
specifications, followed by government and academic sources for implementation details, and culminating
with community sources and investigative journalisncépture impacts and resistance. This sequencing

allowed us to identify gaps between technical claims and lived experiences.
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3.4.5Analytical Framework

Our analysis proceeded through three integrated phases, each building upon the previous to develop
comprehensive understanding of urban Al implementations. The analytical process combined deductive
frameworks from critical algorithm studies with inductiheme development from empirical data.

Phase 1: Individual Case Analysis

Each case underwent systematic analysis using NVivo 12 software. We developed an initial coding
framework based on sociotechnical systems théBijker et al., 2012)and critical algorithm studies
(Benjamin, 2019; Noble, 2018) encompassing technical architecture, stakeholder networks,
implementation processes, documented outcomes, and resistance patterns. Two researchers independently
coded five initial cases, achieving irt@ater reliability of 0.84 (Cohen's kappa) befordinag the
codebook. The refined framework was then applied to all cases, with regular team meetings to discuss
emerging patterns and resolve interpretive differences.

Phase 2: Thematic Synthesis

Following Thomas and Hardef2008)s approach, we conducted libg-line coding of case findings to
develop descriptive themes staying close to primary data. Through constant comparison, these descriptive
themes evolved into analytical themes capturing deeper patterns. We entplayadt Clarke(2019)s

reflexive thematic analysis principles, recognizing themes as analytical outputs rather than discovered
entities. The synthesis generated 47 descriptive codes, consolidated into 12 analytical themes, and
ultimately organized into four theoretical constis: the accuracy illusion (Theme 1), discriminatory
feedback loops (Theme 2), community resistance (Theme 3), and transparent alternatives (Theme 4).
Phase 3: CrosCase Pattern Analysis

Systematic crossase analysis employed multiple techniques including pattern matéhikgYin, 2018)
explanation buildingMiles, Huberman, & Saldafia, 202@nd qualitative comparative analysis principles
(Ragin, 2014) We constructed detailed case matrices documenting implementation characteristics,
outcomes, and contextual factors. Pattern identification focused on mechanisms driving the "metrics trap"
phenomenon, conditions enabling transitions to transparent systemsunity resistance patterns and

outcomes, and relationships between technical architectures and social impacts.

3.4.6Quality and Rigor

We implemented multiple strategies to ensure analytical rigor and trustworthiness. Triangulation operated
at multiple levels, comparing findings across data sources within cases, across cases within domains, and
across domains for mepatterngDenzin & Lincoln, 2017)We maintained comprehensive audit trails in

NVivo documenting all coding decisions, theme development, and analytical memos totaling over 200

pages. This documentation enables traceability from raw data to theoretical claims.
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Negative case analysis played a crucial role, with deliberate attention to implementations that defied
emerging patterns. For instance, we extensively analyzed cases wherbdXagkstems appeared to

benefit communities and where transparent systemsdféad prevent harm. These analyses refined our
theoretical claims and identified boundary conditions. Member checking occurred through two
mechanisms: sharing case summaries with documented implementation stakeholders (achieving responses
from 31 of 67 cotacted) and presenting preliminary findings at three practitioner conferences for feedback.
Peer debriefing involved monthly meetings with an external advisory board of scholars in critical data
studies, urban governance, and Al ethics who reviewed oulytiaah process and challenged

interpretations.

3.4.7Thematic Case Distribution

The 23 indepth cases were organized across four analytical themes, with some cases appearing in multiple
themes where their characteristics warranted examination from different analytical perspectives:

Theme 1- The Accuracy lllusion (6 in-depth cases):ShotSpotter Chicago and NYC exemplify
divergence between acoustic detection accuracy (97%) and policy effectiveness (9.1% of alerts leading to
gun crime evidence). COMPAS demonstrates how aggregate accuracy masks racially disparate error rates.
The Obermger healthcare algorithm illustrates optimization for cost prediction while tiddatifying

Black patients for care. Delhi's air quality prediction and Boston University's hospitalization model show
techical accuracy that may not capture differential impacts across populations.

Theme 2- Discriminatory Feedback Loops (7 indepth cases)Chicago's Strategic Subject List (2012

2019) exemplifies algorithmic bias in predictive policing, with documented gaps between algorithmic
classification and verified status. London's Gangs Matrix demonstrates regulatory intervention following
documentedacial disproportionality. New Orleans' Palantir partnership (ZIB) reveals opacity in
surveillance collaborations. Rotterdam's Sensing Project illustrates automated ethnic profiling. Tenant
screening systems (RealPage, CorelLogic, SafeRent) demonstrate feedback dynamics in housing. VI
SPDAT homelessness assessment shows documented racial disparities in prioritization. Energy systems
(California fixed charges, EU smart meters) illustrate digiteide amplification.

Theme 3- Community Resistance (6 indepth cases including one contrast case)oronto Sidewalk

Labs cancellation represents successful coalition resistance against corporate smatrt city initiatives. Boston's
facial recognition ban demonstrates preemptive policy action with regional diffusion. Detroit's facial
recognition case showsansformation from documented harm to systemic reform. LA's LASER
termination reveals how sustained community research and pressure achieved shutdown. New Orleans'

Palantir ternmation demonstrates response to exposed covert operations. Singapore's traffic Al serves as
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contrast case where no documented resistance occurred, illustrating contextual factors that may enable or
constrain democratic pushback.

Theme 4- Transparent Alternatives (6 in-depth cases)Amsterdam's algorithm register and Helsinki's

Al register represent pioneering transparency infrastructure. Barcelona's Al governance framework
including vCity and Decidim integration provides model for participatory governance. Seoul's waste
managementamonstrates 10T integration with worker feedback mechanisms. Austin Energy's demand
response shows transparent custefaeing interfaces with documented participation rates. NYC Health +
Hospitals' bia assessment and mitigation demonstrates operationalized algorithmic fairness in+esource
constrained settings. EU Urban Atlas represents contingcdidd open data infrastructure.

Several cases merit particular attention as critical or paradigmatic examples. Toronto's Sidewalk Labs
cancellation demonstrates the power of sustained coalition resistance combining legal challenges, public
advocacy, and expert resignations. Detroit'safaccognition case stands as paradigmatic for several
reasons: it produced the first documented U.S. wrongful arrest from facial recognition, catalyzed
unprecedented policy reform including mandatory corroborating evidence requirements, and achieved both
individual remedy ($300,000 settlement) and systemic change. NYC Health + Hospitals' bias mitigation
case demonstrates that algorithmic fairness assessment can be operationalized evemat sgfteyns

with limited resources, with opesource methodobyy enabling replication by other institutions.

Several notable implementations were excluded due to insufficient documentation or language barriers.
Chinese social credit systems, while influential, lacked sufficient Enfglisjuage documentation for
rigorous analysis. Some European implementationsomEnglish speaking countries were similarly
excluded despite potentially innovative approaches. Recent deployments (late 2024) lacked sufficient
outcome data for meaningful evaluation of social impacts beyond technical claims.

This selection of 23 cases provides coverage across domains, geographies, and outcomes while maintaining
analytical depth. The cases collectively demonstrate the patterns of metrics divergence, feedback dynamics,
community resistance strategies, and transpcy mechanisms that characterize contemporary urban Al

deployment within our documented sample.

3.5 Author Contributions

S.N.M.M. conceived and designed the study, developed the methodological framework, conducted the
systematic case selection and data collection across 157 Al implementations, performed the qualitative
analysis of 3 in-depth cases, created all figures and tables, wrote the manuscript, and approved the final
version for submission. H.C. supervised and participated in the research design, assessed and performed
partially in qualitative analysis of¥n-depth cases, participated in revision and writing tha fimanuscript
version and approved the final version for submission.
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Abstract

Urban demographic forecasting often faces a tradeoff between interpretable, mechanistic models and high
performing machindearning approaches that offer only phst explanations. Current computational
approaches to population modeling achieve predistiveess yet fail to reveal the underlying mechanisms

of spatial mobility patterns, demographic vitality, and irgthmic interactions that govern settlement
dynamicsHere,we introduce GraphPDE, a physicgormed neural architecture that embeds rrthinic

reaction diffusion dynamics directly within a graph neural network, enabling the joint learning of
demographic parameters and spatiotemporal population evolution. Operating on neighbtawélood
spatial graphs across 52 Canadian cities, GraphPDé&sinéthnicity and cityspecific diffusion
coefficients, growth rates, carrying capacities, and interaction matrices through differentiable integration of
partial differential equations. Trained on two decades of census data spanning nine ethnic groups,
GraphPDE achieves competitive predictive performance while providing mechanistic interpretability
unattainable with pogtoc attribution methods. The learned parameters uncover systematic regularities in
urban settlement: mobility scales differ substantialtyoss groups, nucleation thresholds vary by more
than an order of magnitude, and growth rates exhibit marked temporatatmmnarity. By unifying
physical demographic laws with flexible graphased learning, GraphPDE offers a general framework for
interpretable, physiethformed spatiotemporal modeling, advancing demographic forecasting beyond
correlational prediction.

Data Availability

The datasets supporting the findings of this study are publicly available. Census demographic data for
Canadian Dissemination Areas (262021) were obtained from Statistics Canada and are available at

https://figshare.com/s/a9459ba93132b4ae69e processed spatial graph structures, neighborhood

adjacency matrices, and derived features used in this study are also available in the same repository. Source

code for the GraphPDE model implementation, including custom CUDA kernels, training,sanigts

analysis notebooks, is publicly availablehetps://github.com/navidisk/graphPDEAII data and code are
provided under open licenses to ensure reproducibility of results.
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4.1 Main

Computational approaches to urban demographic analysis have achieved substantial success in prediction
tasks. Deep learning methods, particularly convolutional neural networks includieg &nd ResNet
architectures, accurately estimate population defisity satellite imagery and geospatial dataabhan
& Alotaiby, 2022; Georganos, Hafner, Kuffer, Linard, & Ban, 2022; Pan, Xu, Guo, Hu, & Wang,. 2020)
Graph neural networks leverage spatial relationships to predict building charactesgstlds, Milojevic-
Dupont, & Biljecki, 2024)and analyze street netwo(Ma et al., 2024) These methods produce high
resolution population distribution maps Cao, Wang, Guo, Zhang, & Wu, 2025; Cui, Hu, Bao, & Li,
2024; Doda et al., 2024nd have been applied to informal settlement detection, urban growth simulation,
and migration flow predictigi@Gaskin & Abel, 2025; Huang et al., 2021; M. Luo & Chen, 2024)
Recent work has emphasized interpretability through-postexplanation methods. Gradient boosting
models combined with SHAP analysis identify features correlating most strongly with population
outcome§Z. Li, 2024; M. Wang et al., 2023; J. Zhang et al., 2023; Z. Zhang, Yang, Zhao, & Li, 2025)
revealing that income, housing density, or employment accessibility associate with population growth
through feature importance rankiriljsiratova, Mitrofanova, & Islam, 2022; S. Yi et al., 2028pwever,
posthoc explanations do not represent the underlying processes generating demographic patterns. SHAP
analysis revealsorrelations that high income associates with population grewth not themechanisms
through which this occurs (immigration attraction, reduced emigration, differential birth rates, or housing
supply effects). As Rudin argues, "explanations are often not reliable, and can be misleading" because
explanation models "do not always attempiriionic the calculations made by theginal model(Rudin,
2019b)
Interpretable mechanistic models offer an alternative by directly encoding demographic processes as
mathematical relationships. Diffusidbased models describe spatial population redistribution where
counties within cities grow proportionally through dgfue processes governed by migration fl(Resa,
Rao, & Ukkusuri, 2022)Reactiordiffusion frameworks extend this by combining aggregation forces
(positive externalities from urban amenities) with dispersal forces (negative externalities like congestion),
capturing how spatial patterns emerge from local growth and spdfiedidn interplayRaimbault, 2019;
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Whiteley, Avitabile, Siebers, Robinson, & Owen, 20ZB)ese models predict characteristic length scales
between cities (approximately #53 km) through linear stability analyé®hiteley et al., 2022)with
interpretable parameters: diffusion coefficients measuring population mobility, reaction terms encoding
birth-death dynamics and migration attractiveness, andspigific decay rates capturing population
redistributiorfReia et al., 2022)

Physicsinformed neural networks (PINNS) represent a recent advance, embedding differential equations
directly into neural network training through loss functions penalizing violations of physicdAlaws

2025; L. Yin & Lv, 2024) In population dynamics, PINNs simultaneously learn system states and estimate
governing parameters from sparse observationa{ddta et Cuong, Lalil, Petril,
2024) For refugee population dynamics, PINNs captured nonlinear interactions between demographic and
environmental factors more effectively than regression appro@jak & Mayengo, 2025)while recent

work demonstrates PINNs' ability to incorporate pcliciven heterogeneity in agstructured mode(3ao,

2025) However, PINNs face challenges with nugtiale behavior and stiff ODEs, requiring careful
normalization and gradient balanc{Adj, 2025).

Despite these advances, existing interpretable models face limitations for ethnic settlement dynamics.
Reactiondiffusion models typically treat aggregate population as a single variable, overlooking how
different ethnic groups experience distinct mignatipatterns, amenity preferences, and clustering
behavioréWhiteley et al., 2022)Diffusion-based approaches assume symmetric migration flows that may
not hold for ethnic communities shaped by social networks, cultural institutions, and discriminatory housing
market¢Reia et al., 2022)Current PINN applications focus on univariate or aggregated populations rather
than multigroup interaction@\li, 2025; Tao, 2025)

We employ reactiowliffusion dynamics as our physics prior because empirical evidence demonstrates that
urban settlement patterns emerge through-aelinizing spatiotemporal processes consistent with
diffusion-reaction mechanisrfidenn, Friesen, Hartig, & Pelz, 2020; Kovalevsky, Volchenkov, &
Scheffran, 2021; Louf & Barthelemy, 2013; Raimbault, 2019; Torrens & O'Sullivan, .20i@i£s develop

as dissipative structures where regular settlement patterns emerge spontaneously from local growth
(reaction) and spatial redistribution (diffusi¢®drano et al., 2013Recent work shows locations with high

or low populations emerge intrinsically through Turiiyge pattern formation, with behavior reminiscent

of selforganizing systems where structure arises from collective behavior following simple local
rulegHartig, Friesen, & Pelz, 2020; Zincenko, Petrovskii, Volpert, & Banerjee, 2@ular automata
models, computational cousins to reactibfiusion systems, successfully represent urban environments
where each cell's state depends on reaction functions (local processes) and diffusion functions (neighbor
interactionsjMichael Batty, Xie, & Sun, 1999; Torrens & O'Sullivan, 200Ihe framework accurately

reproduces even urban traffic congestion propagd@mltocchi & Geroliminis, 202Q)
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Alternative frameworks exist but present limitations for mettinic analysis. Agertased models like
Schelling's segregation model capture individual preferences but require specifying decision rules varying
across groups and lack mathematical traatgfibr deriving interpretable aggregate paramétasset,
1999; Hatna & Benenson, 2012; Schelling, 19RBdiation and gravity models describe migration flows
but do not generate the emergent spatial patterns (stripes, spots, labyrinths) observed in ethnic settlement
morphologyAlis, Legara, & Monterola, 2021; Simini, Gonzalez, Maritan, & Barabasi, 2(@&olation
approaches identify connectivity thresholds but operate as static geometric models rather than dynamic
evolution systen{grcaute et al., 2016; Behnisch, Schorcht, Kriewald, & Rybski, 2019; W. Cao, Dong,
Wu, & Liu, 2020) Reactiordiffusion frameworks naturally incorporate both local demographic processes
(births, deaths, immigration, emigration via reaction terms) and spatial movements (via diffusion operators
on graphs), enabling interpretable parameters quantifyimjcespecific mobility, growth propensity, and
inter-group competition while predicting realistic spatiotemporal pat{btichael Batty et al., 1999;
Steinhaeuser & Chawla, 2010)
We develop a graphased physiecthformed neural network (GraphPDE) that embeds ratlthic
reactiondiffusion dynamics while learning interpretable demographic parameters. The model solves
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for each ethnicityon a spatial graph Db representing 30,091 dissemination areas, whene
neighborhoods, encodes spatial adjacency, amadexes cities. The diffusion term employs a normalized
graph Laplacian with learnable global weigrand perioespecific, cityspecific diffusion coefficients
'O do learned separately for four census intervals (20006, 20062011, 20112016, 20162021).

The reaction function decomposes as:
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and emigration { ), with all base parameters learned -period and pecity. The term
. Ucendys represents census feature modulation through a learned multilayer perceptron

Ocend, s © A with sigmoid activationy t , capturing how local socioeconomic conditions (income,
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education, housing characteristics) affect demographic rates. This modulation mechanism enables the
model to adapt baseline demographic parameters to neighbesheoific contexts without requiring
separate parameters for each dissemination area.

Neural augmentation via city embeddings { 5 ) and period embeddings (N 5 ), combined with

a residual MLP weighted by learnable paramtercaptures systematic deviations from the physics
structure while maintaining interpretable PDE foundations. We integrate this system throwgte4th
RungeKutta over 5year intervals, training on 238,175 samples spanning nine ethnic groups across 52
major Canadian citiegFigure 4.1). The framework yields both accurate predictions and interpretable
insights: learned diffusion coefficients quantify ethnic mobility patterns, growth rates reveal demographic
vitality, carrying capacities show urban constraints, and the neural residimté@sdwhere classical

demographic theory requires extension
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Figure 4.1 GraphPDE Model Architecture.
4.2 Results

4.2.1GraphPDE Achieves Superior Predictive Performance Through Reactioiffusion Dynamics

We evaluated GraphPDE against eight baseline models spanning traditional machine learning (XGBoost
with SHARChen & Guestrin, 201%) standard neural architectures (MLP), griyslsed methods
(GCN(Kipf, 2016), GAT(Velickovic et al., 2017)GraphSAGEHamilton, Ying, & Leskovec, 2017 201)7)
physicsinformed approaches (DeepORai, Jin, Pang, Zhang, & Karniadakis, 20R1and spatio
temporal architectures {ECN(Zhao et al., 2019DCRNNY. Li, Yu, Shahabi, & Liu, 2017) GraphPDE
achieved arY of 0.7649 with the lowest error metrics among neural approaches (MAE = 10.14, RMSE =
21.08, MAPE = 42.0%), representing substantial improvements over both purebbjackodels and
existing physicgnformed methods (Figt.2a g). While XGBoost with SHAP achieved marginally higher

'Y (0.7760), this gradient boosting approach lacks the mechanistic interpretability central to our framework
it cannot recover the reactialiffusion dynamics governing settlement evolution. The training dynamics
reveal GraphPDE's stable convergence without overfitting, contrasting sharply with the divergent validation
curves of DeepONet and the plateauing pentmce of graptonly architectures.

The critical architectural innovation lies in the hybrid reaction term design, which decomposes population
dynamics into interpretable physibased components and a learnable residual. Analysis of contribution
magnitudes reveals that 57.2% of the reactéawm derives from interpretable components {segdiction

| , pairwise interactions , and spatial attention mechanisms), while 42.8% captures unstructured
residual patterns through the MLP (Fig.iBh This decomposition achieves a principled balance: the
physicsinformed components encode theoretically meaningful proceisggssic growth, interethnic
interactions, and spatiallyarying responses to urban amenitiekile the neural residual accommodates
phenomena not captured by the reactidfusion formalism, such as policy interventions or idiosyncratic
local factors. The bimodal distribution of reaction term magnitudes @) further indicates that
interpretable and unstructured components capture distinct dynamical regimes.

Ablation experiments confirm the necessity of this hybrid design. Removing the residual MLP (GraphPDE
No Residual) reduce¥ from 0.7649 to 0.5588 and increases MAPE from 42.0% to 44.7%, demonstrating
that pure physiecbased dynamics, while interpretable, cannot fully capture the complexity of urban
settlement processes. Conversely, removing physics constraints entirelytgasdaré GNNSs) sacrifices
interpretability without commensurate predictive gains. The full GraphPDE architecture thus occupies a
unique position in the accuraayterpretability tradeoff space, providing mechanistic insights into

settlement dynamics whilmaintaining competitive predictive performance.
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Figure 4.2 GraphPDE achieves superior predictive performance through physiesformed learning

with interpretable demographic mechanisms.
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4.2.2L.earned Demographic Parameters Reveal Distinct Ethnic Settlement Dynamics

GraphPDE's cityevel parameters reveal substantial geographic variation across Canada's 52 major
metropolitan areas (Figl.3). Carrying capacity trajectories diverge markedly: Toronto and Vancouver
maintain stable high capacities (1,2Q(B00 people/DAUID)Global Property Guide, 2025; Remax
Canada, 2022while Calgary exhibits boothust dynamics peaking at 1,400 before corre(@ékola &
Brunelle, 2018; Stephenson, 2022nd Winnipeg shows 38% decline. C#yecific diffusion coefficients

range from 2.9 km?/year (Ottawa) to 6.8 km?/year (Rocky View County), with Western suburban
municipalities exhibiting approximately double the spatial mobility of established urban Boaenpton's

high diffusion (0.140.16) aligns with its 25.3% population growth and 50,000 dwelling
additiongBurchfield & Kramer, 2015; Federal Redistribution, 2Q2@)ile Montreal's low diffusion (0.G8

0.10) reflects documented neighborhood stalfBibulianne & Guilbault, 2016)Notably, geographically
proximate cities show divergent patternBoronto, Mississauga, and Brampton developed distinct
ethnoburbs despite contigujBurchfield & Kramer, 2015; Ontario 360, 2023)

Growth rate distributions stratified by city size reveal scpendent demographic equilibria (Mgic).
Large cities display narrow di sUtArAiQoandistert withuritae nt er e
scaling theorgL. M. Bettencourt, 2020)Small cities exhibit wider distributions (+0.0BA A Qreflecting
heterogeneous trajectories predicted by models emphasizing increased variance for complex
phenomen@omezLievano, Pattersehomba, & Hausmann, 2016 )This is empirically supported:
peripheral municipalities grew faster (+6.9%) than central municipalities fromi 2026 Statistics
Canada, 2022b)immigration attractiveness exhibits clear geographic clustering, with Western cities
forming a highattractiveness zone: Edmonton experienced the fagt@sing immigrant populatigBell,

2023) Calgary led interprovincial migration (+26,6@R2etcher, 2024)while Montreal's share declined

from 14.8% to 12.2%cQuillan, 2024; Statistics Canada, 2022f)
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Figure 4.3 Learned demographic parameters reveal distinct ethnic settlement dynamics and inter

ethnic interaction patterns.

Ethnicity-specific settlement flows reveal distinct geographic strategies (Fig. 4h).dndia populations
show the most dispersed pattern across Toronto, Brampton (52.4% South{Addiamgte & Hameed,
2022) and Surrey. Chinrarigin populations display a{mioastal strategy with nearly equal flows to Toronto
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