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Abstract 

This study examines the deployment of artificial intelligence in urban systems through a multiple case 

study analysis of 28 implementations selected from 157 AI deployments across six domains (2015-2024). 

We reveal how cities have fallen into a "metrics trap", pursuing 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% crime-fighting effectiveness; (2) discriminatory feedback loops that transform 

historical bias into computational destiny, affecting millions through predictive policing and housing 

algorithms; and (3) successful community resistance movements from Toronto to Detroit proving 

technological determinism is a myth. Cases including Amsterdam's algorithm register, Seoul's 

participatory waste management, and NYC Health + Hospitals' bias mitigation reveal varied approaches 

to democratic AI governance. These findings suggest cities can pursue both technical capability and 

democratic accountability. 

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 services 1-3. This proliferation has accelerated markedly: documented AI use cases in local 

governments nearly tripled from 22 cases in 2019 to 58 cases in 2020, peaking at 68 cases in 20214. 

Between 2010 and 2020, AI tools became more accessible to municipalities as costs declined and 

commercial solutions expanded; the release of generative AI systems such as ChatGPT in 2022 further 

accelerated adoption, enabling diverse stakeholders to experiment with AI for urban analysis and service 

delivery5. Yet as algorithmic systems become embedded in urban infrastructure, a fundamental tension 

emerges between technical performance and policy effectiveness, a 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 automated decision systems 6-9; urban governance research critiquing 

technocratic smart city approaches 10-13; and science and technology studies analyzing how technological 

systems embed political values and reshape power relations 14-16. While these literatures establish that 

algorithmic systems can perpetuate discrimination and reshape urban governance, they provide limited 
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empirical specification of the mechanisms through which technical metrics diverge from policy 

outcomes, how communities 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. Black-box models are algorithms whose 

internal decision-making processes remain opaque to human users, including deep neural networks and 

ensemble methods that learn patterns through parameters lacking meaningful human interpretation 17-

19. Post-hoc explainability methods such as LIME and SHAP attempt to approximate black-box reasoning 

after decisions are made, but as Rudin 20 argues, these provide "illusion of transparency without genuine 

interpretability", what Ananny & Crawford 21 term "seeing without knowing." Inherently interpretable 

models, by contrast, are designed from inception to be comprehensible, using transparent logic that 

humans can examine and contest 22,23. Distinct 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 mechanisms 15,24. 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 implementations along a transparency spectrum based on three dimensions: model 

interpretability, which concerns whether the algorithm uses inherently comprehensible logic (e.g., 

decision trees, scoring systems, logistic regression) versus opaque architectures requiring post-hoc 

explanation; process transparency, which examines whether governance procedures including purpose, 

data sources, decision criteria, and accountability mechanisms are publicly documented; and 

contestability, which addresses 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 examines how these dimensions interact, revealing how 

their configuration shapes whether algorithmic systems serve or undermine democratic urban 

governance. 

The widespread deployment of black-box systems in urban contexts rests on an assumption that merits 

empirical scrutiny: that achieving high predictive accuracy requires accepting algorithmic opacity. This 

supposed interpretability-performance tradeoff serves as justification for deploying inscrutable systems, 

with vendors claiming that transparency would sacrifice capability and officials accepting opacity as the 

cost of technical sophistication 25,26. However, recent technical scholarship challenges this assumption. 

Rudin 20 argues the tradeoff is "not a real figure," providing evidence that interpretable models match 

black-box performance across diverse applications. Wagner et al.27 demonstrated interpretable models 

explained 84% of variance in Berlin's urban emissions analysis while revealing policy-relevant threshold 

effects. Kim et al.28 showed explainable approaches in Seoul's urban modeling maintained competitive 

accuracy while providing actionable insights. When the interpretability-performance tradeoff is accepted 

as given, it enables what we term the "metrics trap": algorithmic systems optimized for technical proxies 

that diverge from, or actively undermine, their stated policy purposes. This pattern extends Strathern 29's 

formulation of Goodhart's Law ("when a measure becomes a target, it ceases to be a good measure") 

into algorithmic governance, where Thomas and Uminsky 30 document how metric optimization can 
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become actively harmful. Muller 31 analyzes this as "the tyranny of metrics" across institutions; our study 

examines how it operates specifically in urban AI deployments. 

Our analysis draws on theoretical frameworks from multiple disciplines to interpret patterns across 

cases. From science and technology studies, we employ Winner 16's insight that artifacts have politics, 

that technological systems embed values and enable particular governance arrangements, alongside 

Jasanoff 32's concept of co-production, whereby technical and social orders are constituted together. 

From algorithmic governance scholarship, we draw on Ensign et al.33's formal models of feedback loops 

in predictive systems and Lum ans Isaac 34's analysis of how biased data generates biased predictions 

that produce biased enforcement. From institutional theory, we employ Ostrom 35's polycentric 

governance framework and (Fung & Wright 36's concept of empowered participatory governance. From 

social movement scholarship, we draw on resource mobilization theory 37, policy diffusion mechanisms 
38,39, and frame alignment processes 40. These 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 distinguish 

transparency-as-disclosure from transparency-as-accountability 24, a distinction that proves essential for 

understanding why algorithm registers and documentation requirements vary in their governance 

effects. 

Through multiple case study analysis of 28 in-depth cases selected from 157 documented 

implementations across six urban domains (2015-2024), this article examines how the current paradigm 

of urban AI development produces systematic divergence between technical metrics and policy 

outcomes. We document cases where high technical accuracy coexists with limited policy effectiveness, 

ShotSpotter achieving 97% acoustic accuracy while only 9.1% of alerts led to gun crime evidence 41; 

COMPAS achieving aggregate accuracy while exhibiting racially disparate error rates 42; healthcare 

algorithms accurately predicting costs while systematically under-identifying Black patients for care 43. 

We examine how algorithmic systems can create feedback dynamics that amplify existing disparities 
6,33,44. We analyze conditions under which community resistance achieved policy changes, from Boston's 

facial recognition ban to Detroit's comprehensive reform 45,46. And we document transparent 

alternatives, Amsterdam's algorithm register, Seoul's participatory waste management, NYC Health + 

Hospitals' bias mitigation, where interpretable systems and democratic governance processes produced 

documented benefits 47-49. These 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 offer these findings as 

systematic observations from a substantial sample warranting further investigation, while acknowledging 

that generalization requires validation across broader and more representative cases. 
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Results 

Overview of the Case Universe 

Our analysis draws from 157 documented AI implementations across six urban domains spanning 27 

countries from 2015 to 2024 (Figure 1). This mapping enabled identification of patterns in urban AI 

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 period following 

the deep learning revolution while providing sufficient time for implementation outcomes to become 

observable. 

Figure 1 | Global landscape of urban AI implementations (2015–2024). a, Distribution of 157 

documented cases across eleven urban domains, with predictive policing comprising the largest share 

(n=54). b, Geographic distribution showing concentration in North America and Europe, with the United 

States accounting for the most cases (n=98). c, Country-level domain specialization patterns for the ten 

most-represented nations, with bar length indicating specialization ratio relative to global distribution. d, 

Sankey diagram illustrating relationships between domains, regions, and analytical themes examined in 

this study. Case selection reflects documentation accessibility rather than comprehensive global 

deployment. For Panel B, basemap data from Natural Earth (public domain, naturalearthdata.com) 
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Within our sample, domain distribution (Figure 1a) shows 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 associated 

with transparent governance approaches, including digital twins and algorithm registers (14 cases), 

smart waste management (9 cases), and smart city infrastructure (5 cases), constitute a smaller 

proportion. This distribution within our sample may reflect documentation availability and research 

attention rather than actual global deployment patterns; surveillance-related systems tend to generate 

more public scrutiny and thus more accessible documentation than routine municipal services. 

Geographic distribution within our sample (Figure 1b) shows concentration in English-speaking 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 Singapore. The Sankey diagram (Figure 1d) visualizes relationships between domains, regions, 

and article themes within our dataset. Country-level patterns (Figure 1c) show that within our sample, 

different nations appear more frequently in particular domains, for instance, 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 28 cases for in-depth thematic analysis based on documentation 

richness (evidence from at least four source types), demonstrated social impact, and theoretical 

significance for illuminating the metrics trap phenomenon. These cases were organized across four 

analytical themes: the accuracy illusion (Theme 1, examining seven cases), discriminatory feedback loops 

(Theme 2, seven cases), community resistance (Theme 3, seven cases including one contrast case), and 

transparent alternatives (Theme 4, seven cases). Some cases appear in multiple themes where their 

characteristics warranted examination from different analytical perspectives. The following sections 

examine these patterns in detail. 

Theme 1: The Accuracy Illusion 

The accuracy illusion emerges as a recurring pattern across urban AI implementations in our sample, 

where technical performance metrics diverge from policy outcomes. Our analysis of 21 cases across 

eight countries exhibiting this pattern (Figure 2) reveals five distinct manifestations: detection/prediction 

disconnected from real-world action (5 cases), systemic failures despite claimed accuracy (5 cases), 

vendor claims contradicted by verified reality (4 cases), accuracy metrics masking fairness failures (3 

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 AI (5 cases), with housing, 

autonomous vehicles, environmental monitoring, and traffic management comprising the remainder 

(Figure 2D). 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 policy 

effectiveness (Figure 2C). This section examines seven cases in depth to illustrate the mechanisms 

through which impressive technical metrics can obscure fundamental failures in achieving stated policy 

goals. 
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Figure 2 | The Accuracy Illusion: 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 gap (88 percentage points). b, Taxonomy of accuracy illusion 

manifestations showing five distinct patterns across cases. c, System outcomes: 30% of systems in our 

sample have been ended or cancelled, 65% remain active, and 5% exist only as research tools. d, Domain 

distribution within Theme 1 cases, with predictive policing representing the largest category (9 cases) 

followed by healthcare AI (5 cases). 

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 sounds 50. 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 gun-related criminal offense 41, an 88 percentage point gap between claimed 

acoustic accuracy and crime-fighting effectiveness (Figure 2A). This disconnect stems from a category 

error: accurately detecting loud sounds differs from identifying gun crimes requiring police response. 51 

analyzed ShotSpotter implementations across 68 large metropolitan counties from 1999-2016, finding no 
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significant impact on firearm homicide or arrest rates. A 2024 New York City audit revealed that 87% of 

ShotSpotter alerts were confirmed as false alarms, with fewer than 0.9% resulting in firearm recovery. As 

Piza52 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 contract in September 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 Broward County, Florida, found that COMPAS 

achieved approximately 60-70% overall accuracy in predicting recidivism 42. 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 low-risk 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 high-risk for violent recidivism. The accuracy illusion operates here through aggregation: 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 
53,54. Similarly, the Obermeyer healthcare algorithm achieved high accuracy for its optimization target, 

healthcare costs, yet 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 equitably 43. 

The 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 algorithms achieved 88.98% accuracy for Air Quality Index 

prediction 55. However, standardized monitoring networks may not capture hyperlocal variations 

affecting residents near industrial areas or informal settlements, where studies have documented 

pollution levels 30-40% higher than city averages. The system optimizes for meteorological prediction 

rather than equitable exposure assessment. Boston University researchers' hospitalization prediction 

model achieved 82% accuracy compared to 56% for clinical guidelines 56, yet the model's reliance on 

medical records and diagnostic data means it cannot incorporate social determinants, housing instability, 

food insecurity, transportation barriers, that shape health outcomes. For patients facing structural 

barriers, accurate prediction without addressing root causes documents outcomes rather than enabling 

intervention. COVID-19 contact tracing applications achieved 70-95% proximity detection accuracy in 

laboratory conditions, yet real-world effectiveness was limited by adoption rates below 20% in many 

countries and inability to distinguish transmission risk contexts 57. Singapore's TraceTogether required 

75% adoption for meaningful epidemic control, a 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 AI. First, each case exhibits misalignment between algorithmic 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 optimized for technical accuracy rather than population-level impact. Second, aggregated 

metrics can obscure distributional failures, overall performance statistics may hide how accuracy varies 
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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 led to 

actionable outcomes; COMPAS accuracy barely exceeded chance while exhibiting disparate error rates; 

high-performing health predictions could not address social determinants driving hospitalization. Table 1 

summarizes these patterns. We emphasize that these observations derive from documented cases in our 

sample; whether they represent broader patterns in urban AI deployment requires further systematic 

investigation across larger and more representative samples. 

Table 1. The Metrics Gap in Selected Urban AI Systems 

Case Domain Technical 

Metric 

Claimed 

Documented 

Social Outcome 

Metrics Gap Failure Mode 

ShotSpotter 

(Chicago) 

Public Safety 97% 

acoustic 

accuracy 

9.1% of alerts 

led to gun crime 

evidence 

88pp Sound 

detection ≠ 

crime 

prevention 

ShotSpotter 

(NYC) 

Public Safety High 

detection 

rate 

87% false 

alarms; <0.9% 

firearm recovery 

12pp 

documented 

Lab accuracy ≠ 

field 

effectiveness 

COMPAS 

(Broward 

County) 

Public Safety 60-70% 

overall 

accuracy 

2x false positive 

rate for Black 

defendants 

0pp overall; 

disparate errors 

Aggregate 

accuracy ≠ 

equitable 

outcomes 

Obermeyer 

Healthcare 

Health High cost 

prediction 

accuracy 

17.7% vs 46.5% 

Black patient 

identification 

164% potential 

increase if 

corrected 

Cost proxy ≠ 

health needs 

Delhi Air 

Quality 

Environment 88.98% AQI 

accuracy 

30-40% higher 

exposure in 

informal 

settlements not 

captured 

Unknown City-wide 

accuracy ≠ 

hyperlocal 

equity 

Boston 

Hospitalization 

Health 82% 

accuracy (vs 

56% 

guidelines) 

Cannot address 

social 

determinants 

26pp 

improvement 

without root 

cause 

intervention 

Prediction ≠ 

prevention 

COVID-19 

Contact Tracing 

Health 70-95% 

proximity 

accuracy 

<20% adoption 

in many 

countries 

~62pp gap 

between lab 

and field 

Technical 

accuracy ≠ 
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population 

impact 

Note: pp = percentage points. Metrics gaps calculated where comparable measures available. 

Singapore's TraceTogether is included as a documented example within the COVID-19 contact tracing 

case, illustrating how even well-resourced national implementations faced the adoption threshold barrier 

that characterized this technology globally. 

Theme 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 documented feedback loop characteristics: predictive policing 

(5 cases), housing algorithms (4 cases), and energy systems (2 cases) (Figure 3a). These cases span 

implementation periods from 2007 to present, with three systems subsequently terminated or 

discontinued (Chicago SSL in 2019, Palantir New Orleans in 2018, HART Durham in 2020), while others 

remain active or face ongoing regulatory action (Figure 3c). 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 RealPage (Figure 3d). This section 

examines seven cases in depth to illustrate mechanisms through which algorithmic systems may 

generate self-reinforcing cycles of disadvantage. 
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Figure 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) domains. 

b, 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. c, System 

status timeline showing implementation periods and key events including 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 2012-2019, 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 based on attributes including arrest records and social 

network connections 41. The 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 95%, an 84 percentage point gap between algorithmic classification and verified status 

(Figure 3b). This discrepancy suggests how algorithmic outputs may acquire institutional authority that 

diverges from ground truth. Ensign et al.33 developed formal models demonstrating how predictive 
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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 

underlying crime rate changes. The SSL was decommissioned in November 2019 after $3.8 million in 

federal grants, without documented evidence of violence reduction 41. Similarly, 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 64% of those listed were classified as lowest risk yet remained subject to 

surveillance 58. 

New Orleans' covert partnership with Palantir Technologies from 2012-2018 demonstrates how opacity 

in algorithmic systems may compound feedback effects by preventing external verification or 

contestation. The partnership, exposed by The Verge in February 2018, operated without city council 

knowledge or public oversight, assessing approximately 3,900 individuals through a risk assessment 

database 59. 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 public exposure. 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 nationals 60. 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 risk assessments, a pattern the organization concluded violated 

rights to privacy, data protection, and non-discrimination. 

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 indicate widespread landlord adoption of screening 

software 61,62. Rosen, Garboden, and Cossyleon44 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 

housing, 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 disclosure concerns 63,64, while the Department of 

Justice's lawsuit against SafeRent alleged these tools affect millions of rental applications 65. The VI-

SPDAT 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 Black individuals assessed at similar vulnerability levels (Figure 3b). 

Energy systems in our sample exhibit related patterns operating through different mechanisms. 

California's proposed income-graduated fixed charge of $24.15 monthly would apply uniformly 

regardless of consumption, with analysis by the American Council for an Energy-Efficient Economy 

documenting existing disparities: low-income 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 households 45% more of their income on energy 66. The European Union's 

smart meter rollout, reaching 54% of households by 2021 with €47 billion invested 67, creates conditions 

where households unable to engage with smart technology, due to lacking smartphones, internet access, 
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or technical literacy, may face up to 15% higher costs through inability to shift consumption to off-peak 

periods. These seven cases suggest three potential feedback mechanisms operating across domains: 

enforcement feedback, where differential observation generates differential data (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 systems). As Akpinar, De-Arteaga, 

and Chouldechova68 demonstrated, even attempts to train algorithms on alternative data sources may 

not eliminate bias when structural factors shape data generation processes themselves. Table 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. 

Table 2. Documented Feedback Loop Mechanisms in Selected Cases 

System Domain Initial 

Disparity 

Source 

Documented 

Disparity 

Feedback 

Mechanism 

Status 

Chicago SSL Policing Arrest history 

weighting 

84% gap: 16.3% 

actual vs 95% 

believed gang 

members 

Enforcement 

feedback 

Decommissioned 

2019 

London 

Gangs 

Matrix 

Policing 78% Black 

(13% of 

population) 

64% lowest-risk still 

surveilled 

Surveillance 

cascade 

Active (under 

reform) 

Palantir New 

Orleans 

Policing Covert 

operation 

without 

oversight 

3,900 individuals 

assessed secretly 

Opacity-

enabled 

feedback 

Terminated 2018 

Rotterdam 

Sensing 

Policing Ethnic 

profiling of 

Eastern 

Europeans 

Documented rights 

violations 

Cross-border 

discrimination 

Active (Amnesty 

criticism) 

Tenant 

Screening 

Housing Historical 

rental/credit 

data 

$36.3M in 

regulatory 

fines/settlements 

Economic 

exclusion 

Active (regulatory 

action) 

VI-SPDAT Housing Assessment 

tool design 

60% white 

advantage in 

prioritization 

Scoring 

disparity 

Phase-out 

recommended 

CA Fixed 

Charges / EU 

Energy Income-blind 

structures 

15-45% disparity by 

income/race 

Digital divide 

amplification 

Proposed / Active 
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Smart 

Meters 

Note: Disparities calculated from documented sources as cited in text. 

Theme 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 documented system terminations or major reforms, ten 

municipal facial recognition bans, and two state-level warrant requirements (Figure 4). These cases 

cluster in contexts with robust civil society infrastructure: the United States accounts for the majority of 

documented resistance victories, with a notable concentration in Massachusetts where Boston's 2020 

ban (passed 13-0) preceded adoption in five additional municipalities (Figure 4B). Coalition sizes ranged 

from grassroots networks of affected residents to formal alliances of 50+ organizations (Figure 4E). This 

section examines seven cases in depth to illustrate conditions and tactics associated with successful 

resistance, while noting that Singapore's traffic AI deployment, where no documented resistance 

occurred, may illuminate contextual factors that enable or constrain democratic pushback. 
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Figure 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 harms. b, Facial recognition ban vote 

counts across U.S. municipalities, with Boston's 13-0 unanimous vote and subsequent regional diffusion 

to five Massachusetts cities. c, Key impact metrics including LASER's 84% Latino/Black targeting rate, 

Boston's 79% voter support, Detroit's $300,000 settlement, and Cruise's $500,000 federal fine. d, 

Democratic context comparison showing resistance indicators (victories, bans enacted, coalition 
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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 Orleans. f, State-level warrant 

requirements for facial recognition in Montana (2023) and Utah (2024), both achieving bipartisan 

legislative majorities. 

 

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 Toronto's Quayside waterfront. Opposition led by the 

Canadian Civil Liberties Association (CCLA) and the #BlockSidewalk coalition, which mobilized over 1,000 

supporters (Figure 4E), culminated in project cancellation in May 2020 69. The CCLA filed a constitutional 

challenge under the Charter of Rights and Freedoms, arguing the project raised privacy and democratic 

governance concerns 70. The coalition achieved momentum when high-profile advisors resigned, 

including former Ontario Privacy Commissioner Ann Cavoukian, who departed citing privacy concerns. 

Similarly, the Netherlands' SyRI welfare fraud detection system, which cross-referenced personal data 

from multiple government databases and was deployed in low-income 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 Human Rights Article 8 60. Both 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 Williams, documented as the first U.S. case of facial recognition misidentification leading to 

arrest, became a focal point for organizing by Detroit Community Technology Project, ACLU Michigan, 

and allied organizations 45. The June 2024 settlement achieved $300,000 compensation for Williams and 

established policies requiring corroborating evidence before arrests based on facial recognition matches 

(Figure 4C). Boston's facial recognition ban campaign, led by ACLU Massachusetts' "Press Pause Face 

Surveillance" initiative, achieved unanimous City Council passage (13-0) with documented support from 

79% of Massachusetts voters in polling 46,71. The campaign united over 50 organizations spanning racial 

justice, immigrant rights, and civil liberties groups (Figure 4E). 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 

facial recognition use with bipartisan support, Montana's legislation passed 83-16 in the House and 49-0 

in the Senate (Figure 4F). 

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 individuals targeted by LASER were 

Latino or Black (Figure 4C), findings subsequently confirmed by the Inspector General's audit 72,73. New 

Orleans' Palantir predictive policing partnership, operating covertly from 2012-2018 without city council 

knowledge, was terminated within months of The Verge's February 2018 exposé 59. 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) 
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and exposure of secret operations (Palantir) 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 in 2006-2007 

and achieving 85-90% accuracy 74, provides an instructive contrast that illuminates the relationship 

between system characteristics, democratic context, and resistance potential (Figure 4D). Critically, this 

system differs fundamentally from the person-based predictive systems documented in Themes 1-2: 

traffic flow optimization uses aggregate vehicle data to manage congestion rather than generating 

individualized risk scores that mark specific people for differential treatment 34,75. This distinction matters 

because person-based prediction creates discriminatory feedback loops through recursive data 

generation, a dynamic 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 Watch 76 and CIVICUS77 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 efficiency, but as NYU's Center for Human Rights and Global Justice 78 

documented, "the constant technology-driven surveillance and the loss of a few civil liberties are viewed 

by many as a small price to pay for such efficiency", a framing that forecloses rather than enables 

democratic deliberation about algorithmic governance. The comparison suggests that democratic 

infrastructure, civil society organizations, protected assembly rights, independent media, may be 

preconditions for the resistance patterns documented elsewhere, while acknowledging that the 

appropriateness of resistance depends on the specific harms a system produces. We caution against 

overgeneralizing from a single contrasting case. Table 3 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. Implementation Context and Resistance Outcomes in Selected Cases 

Case Period Resistance Type Key Actors Outcome Timeframe 
to Outcome 

Toronto 
Sidewalk Labs 

2017-
2020 

Coalition + legal 
challenge 

CCLA, #BlockSidewalk 
(1,000+ supporters) 

Complete 
cancellation 

3 years 

SyRI 
Netherlands 

2014-
2020 

NGO coalition + 
legal challenge 

NJCM, FNV Trade 
Union, Privacy First, 
civil society coalition 

Court ban (ECHR 
Article 8 
violation) 

6 years 

Detroit Facial 
Recognition 

2016-
2024 

Individual case 
→ systemic 
reform 

ACLU Michigan, 
Detroit Community 
Tech 

$300K 
settlement + 
strongest US FR 
policy 

4 years 

New Orleans 
Palantir* 

2012-
2018 

Investigative 
exposure 

The Verge, ACLU 
Louisiana 

Program 
terminated 

Months 
after 
exposure 
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Boston FR 
Ban 

2019-
2020 

Proactive 
coalition 

50+ organizations, 
79% voter support 

Ban passed 13-
0, regional 
spread 

1 year 

LA Operation 
LASER 

2011-
2019 

Research + 
sustained 
pressure 

Stop LAPD Spying 
Coalition 

Shutdown 8 years 

Singapore 
Traffic AI 

2006-
present 

No 
documented 
resistance 

N/A Continued 
operation 

N/A 
(contrast 
case) 

Note: Outcomes and timeframes reflect documented sources; absence of documented resistance does 

not indicate public support. *: This case is common in Theme 2. 

 

Theme 4: Transparent Alternatives and Democratic AI Governance 

Figure 5 maps transparency characteristics across urban AI implementations in our sample, revealing 

variation along multiple dimensions: process transparency (Figure 5a), documented performance 

outcomes (Figure 5b), the relationship between model opacity and governance openness (Figure 5c). 

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 customer-facing interfaces, Seoul's waste collector feedback integration). The NYC 

Health + Hospitals case uniquely combines documented bias assessment with open-source methodology 

enabling independent verification. We present reported outcomes while acknowledging that cross-case 

comparisons are complicated by differences in urban context, implementation timeline, evaluation 

methodology, and data availability. Rather than claiming these cases prove transparent systems 

universally outperform opaque alternatives, a claim that would require controlled comparisons 

unavailable in real-world municipal deployments, we document the specific mechanisms through which 

transparency was operationalized and the outcomes that implementing organizations have reported. 
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Figure 5 | The Transparency Spectrum in Urban AI Implementations. a, Process transparency levels 

across 16 implementations, ranked from low (Hangzhou City Brain) to very high (EU Urban Atlas, 785+ 

cities). b, Documented performance outcomes by domain: cost reduction (Seoul waste, 83%), 

participation rates (Austin Energy, 80%), recycling rates (Seoul, 60%+), and traffic improvements (Surtrac, 

25-40%). c, Process transparency versus model opacity, with bubble size indicating democratic 

engagement level. Lower-right quadrant represents exemplary cases combining open governance with 

interpretable models.  

Amsterdam and Helsinki launched municipal algorithm registers in September 2020, creating publicly 

accessible documentation of algorithmic systems used in city operations 47,79. 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 mechanisms 80. Each entry includes plain-language descriptions intended to make algorithmic 

operations comprehensible to non-technical audiences. Amsterdam officials reported that the 

registration process prompted departments to articulate system purposes more explicitly, leading to 

identification of some redundancies, though no independent evaluation has quantified governance 

improvements 81. Helsinki's parallel register documents rule-based chatbots and AI systems with 

feedback channels for citizen input 79. Barcelona's Algorithmic Implementation Protocol, established in 
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2021, categorizes AI systems by risk level and mandates external auditing for high-risk applications 82. 

The city's vCity project (2023-2025) 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 modifications 83. The EU's Living-in.EU Model AI Contractual Clauses (2023-

2024), developed through 40+ expert roundtables, provide standardized procurement language for 

transparency requirements 84. These institutional mechanisms represent attempts to operationalize 

algorithmic accountability, though their effectiveness in preventing harms depends on implementation 

fidelity, a factor 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 network-

based route optimization 48,85. The IoT sensors transmit real-time 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 operational feedback identifying 

constraints the algorithm initially missed, narrow alleys, market day obstacles, seasonal variations, 

enabling iterative refinement. The broader pay-as-you-throw system involved over 320 public meetings 

since 2001, with citizens' councils including environmental specialists contributing to system design; 

Seoul reports recycling rates exceeding 60% 48. Austin 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 pilots, compared to industry-reported averages of 20-30% 

for similar programs 86,87. The system provides customer-facing interfaces displaying real-time 

consumption, predicted peak events, and potential savings. Austin Energy established a Low Income 

Consumer Advisory Task Force and provides CAP discounts for income-qualified 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 specifically, versus other factors such as program design, incentive structures, or local 

context, cannot be isolated from available data. 

NYC Health + Hospitals, the largest municipal safety-net 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 mitigation in healthcare AI 49. The system evaluated two 

binary classification models in their electronic medical record, one predicting acute visits for asthma and 

one predicting unplanned readmissions, across 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 patients). For the readmission model, 

insurance status showed the highest within-class burden of bias, with false negative rates ranging from 

38.2% (Medicare) to 79.7% (Self-Pay). The system tested threshold adjustment, a post-processing 

method that sets subgroup-specific 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%. The methodology, including 

open-source R code, was published with a supplementary playbook explicitly designed for other low-

resource systems to replicate. This case demonstrates that bias identification and mitigation can be 

operationalized within resource-constrained settings, though the approach addresses post-hoc fairness 

correction rather than eliminating bias sources in training data or model architecture. 
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The European Space Agency's Urban Atlas processes 785-800 Functional Urban Areas across Europe 

using deep learning on Sentinel satellite imagery, achieving land use classification at continental scale 88. 

Unlike many urban AI 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 improvement proposals 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 imagery, providing what might 

be termed "outcome transparency" even where "process transparency" of model internals is limited. 

Recent technical scholarship has examined relationships between model interpretability and predictive 

performance across specific application domains. Rudin20 argues in Nature Machine Intelligence that the 

supposed accuracy- interpretability tradeoff is frequently overstated, providing evidence from domains 

including criminal justice risk assessment, medical diagnosis, and credit scoring where interpretable 

models matched black-box performance. In separate work, Rudin89 and colleagues' analysis of NYC's 

electrical grid failure prediction, developed in collaboration with Con Edison over 2007-2012, 

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 models. Wagner et al.27 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 policy-relevant threshold effects, such as the sharp increase in vehicle kilometers 

traveled beyond 10km from city centers, that inform targeted urban planning interventions. Kim et al.28 

showed that XGBoost- SHAP approaches in Seoul's urban expansion modeling achieved prediction 

accuracy exceeding 90% while providing actionable insights about land-cover characteristics driving 

growth patterns. These domain-specific findings suggest that transparency and performance need not be 

mutually exclusive in particular applications, though we note these represent specific contexts; whether 

the relationship generalizes across all urban AI deployment scenarios remains an empirical question 

requiring further investigation. The cases documented in this theme illustrate varied approaches to 

operationalizing transparency, from algorithm registers to bias mitigation playbooks to open data 

infrastructure, without claiming that any single approach constitutes a universal solution to algorithmic 

accountability challenges. 

Discussion 
The cross-case analysis reveals a recurring tension in urban AI implementations: technical performance 

metrics frequently diverge from policy outcomes, and this divergence appears structural rather than 

incidental. Across 157 documented cases, we observe patterns suggesting that the core challenge of 

urban AI governance is not primarily technical but epistemological, a systematic 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 AI governance, while acknowledging 

that these principles derive from our sample and require validation across broader contexts 29-31,90,91. 

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 ShotSpotter's acoustic accuracy and crime-fighting effectiveness, 

COMPAS's aggregate accuracy masking disparate error rates, and healthcare algorithms optimizing for 
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cost while under-identifying patients for care demonstrate this common mechanism 41-43. This pattern 

extends Muller 31's analysis of "the tyranny of metrics" into algorithmic governance, challenging techno-

optimistic narratives 3,92 while providing explanatory mechanisms absent from purely critical accounts 
10,93. Breaking free requires redefining success through democratic deliberation, ensuring algorithms 

optimize for community-articulated goals rather than vendor-defined metrics 94-96. 

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 members, yet district commanders believed 95%, 

demonstrating how algorithmic outputs acquire institutional authority independent of ground truth 33,41. 

Our cases extend Lum and Isaac 34's analysis beyond predictive policing to housing, surveillance, and 

energy systems, suggesting feedback loops may represent a general property of algorithmic governance 

in unequal societies 6-8,44. Interrupting these loops requires structural approaches: reforming data 

generation at source, incorporating affected community perspectives at decision points, and 

implementing regular audits with sunset provisions 97-99. 

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 resources and years of organizing 45,46,72. The challenge 

lies in transforming episodic resistance into systematic governance, moving from what Hirschman 100 

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 advocacy 38,39,101, while Singapore's contrast case illustrates how political context shapes 

these dynamics 37,102. 

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 whose logic can be examined, moving beyond what Ananny 

and Crawford 21 term "seeing without knowing"; process transparency demanding visibility into 

development, procurement, and deployment 15; and impact transparency necessitating ongoing 

monitoring of outcomes disaggregated by affected populations 25. NYC Health + Hospitals' documented 

bias mitigation demonstrates these principles can be operationalized even in resource-constrained 

settings 49, while technical scholarship provides domain-specific evidence that interpretable models can 

achieve competitive performance 27,28,103. 

Cities can institutionalize these insights through permanent structures combining bottom-up resistance 

with top-down policy frameworks. Barcelona's Advisory Council creates ongoing channels for community 

input 82, operationalizing Fung and Wright 36's "empowered participatory governance." The EU's Model 

AI Contractual Clauses demonstrate how procurement power can mandate transparency requirements 
84, aligning with Ostrom 35's polycentric governance theory. The interaction between grassroots 

organizing and formal governance observed in Detroit suggests neither approach alone achieves 

sustainable accountability 104. As Fung et al. 24 distinguish, transparency-as-disclosure differs from 

transparency-as-accountability; the latter requires mechanisms ensuring disclosed information generates 

consequences 47,80. 

Several boundary conditions shape interpretation. Language constraints restricted analysis primarily to 

English-language sources. Publication bias likely favors documented failures over quietly successful 
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systems. Temporal constraints mean recent implementations 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 15,32. The cases examined represent specific political and institutional 

contexts, resistance succeeded predominantly where civil society infrastructure existed; transparent 

governance emerged in municipalities with prior participatory commitments, constraining direct 

generalization. 

The patterns documented converge on a central finding: black-box optimization evaluated by technical 

metrics divorced from democratic accountability produces predictable harms across domains. Yet the 

transparent alternatives demonstrate this outcome is not inevitable. 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, extending Winner 16'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 assessment. The 

cases examined suggest this governance is not only necessary but achievable, though specific 

mechanisms require continued investigation across diverse contexts. 

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 rich, contextual understanding of complex 

sociotechnical phenomena while enabling systematic cross-case analysis of patterns and themes 105,106. 

Research Design Rationale 

The multiple case study methodology is particularly suited to examining urban AI implementations for 

several reasons. First, AI deployments in cities represent bounded systems where technology, policy, and 

social outcomes intersect in specific contexts 107. Second, the approach accommodates multiple data 

sources and types of evidence, reflecting the reality that urban AI systems are documented across 

academic, governmental, commercial, and journalistic sources 108. Third, case study methodology 

explicitly supports critical examination of power relations and social justice concerns central to this 

investigation 109. 

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 richness 110. This 

combined methodology allows us to move beyond individual implementation stories to identify 

recurring mechanisms of success, failure, and resistance in urban AI deployment. The approach aligns 

with recent calls for methodological innovation in studying algorithmic systems, which require 

techniques capable of capturing both technical specifications and lived experiences of affected 

communities 111. 
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Researcher 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 inequality 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 community 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 engagement with the data, particularly 

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

harm. 

Case Universe and Sampling Strategy 

Our case universe comprises 157 documented AI 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, Scopus, IEEE 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 outcomes to manifest. We acknowledge this dataset reflects documented and 

accessible cases rather than a comprehensive global census; the concentration of cases in English-

speaking 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 28 cases for in-depth thematic analysis through purposeful sampling 112. 

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 geographies, ensuring representation from Global 

North and Global South contexts, as well as variation in implementation outcomes from documented 

successes to documented failures. Following 107's critical case logic, we deliberately included extreme 

and paradigmatic cases that illuminate the boundaries of urban AI's possibilities and failures. Temporal 

coverage spanned early implementations from 2015-2018 through recent deployments in 2022-2024, 

enabling analysis of evolutionary patterns in the field. 

Cases were included if they met all the following criteria: 

The system must use machine learning, statistical models, or rule-based algorithms to process urban 

data and generate outputs affecting governance decisions or resident experiences. This includes: 

• Predictive models (risk scoring, forecasting, classification) 

• Optimization algorithms (routing, resource allocation, scheduling) 

• Pattern recognition systems (image analysis, anomaly detection) 

• Automated decision support systems 

• Infrastructural platforms enabling multiple algorithmic applications 
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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 public governance. 

Sufficient documentation must exist across ≥4 source types to enable rigorous analysis. Sources must 

include technical specifications plus evidence of social impacts. 

Implementation or serious deployment proposal must have occurred between January 2015 - May 2024 

to capture post-deep-learning-revolution developments. 

We deliberately included cases where proposed AI 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 Palantir termination). These cases are essential 

rather than peripheral because they: 

• Reveal community capacity to identify algorithmic threats before or during implementation, 

• Document effective resistance strategies applicable to future proposals, 

• Show how democratic governance can prevent or reform harmful AI, 

• 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 AI landscapes. Cases were excluded if 

they: 

• Lacked sufficient documentation for rigorous analysis, 

• Involved purely private-sector algorithms without public governance implications, 

• Occurred primarily outside urban contexts (e.g., agricultural AI, wilderness monitoring), 

• 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 analysis with breadth of coverage, exceeding 113's 

recommended range of 4-10 cases for theory building while remaining manageable for detailed 

qualitative analysis. 

Data Collection and Management 

Following Yin 106's principle of multiple evidence sources, we developed a comprehensive data collection 

protocol. Data sources encompassed academic publications including peer-reviewed articles, conference 

proceedings, and technical reports; government documents such as official reports, 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 documents including court filings, settlements, and regulatory enforcement actions; and 

community sources such as advocacy reports, public testimony, and documented resistance efforts. 
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This diverse source strategy reflects Stake 105's argument that case studies should capture multiple 

realities and perspectives. The inclusion of non-academic sources proves essential for documenting real-

world impacts often absent from technical publications, particularly regarding marginalized 

communities' experiences 114. For 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 journalism to capture impacts and resistance. This 

sequencing allowed us to identify gaps between technical claims and lived experiences. 

Analytical Framework 

Our analysis proceeded through three integrated phases, each building upon the previous to develop 

comprehensive understanding of urban AI implementations. The analytical process combined deductive 

frameworks from critical algorithm studies with inductive theme development from empirical data. 

Each case underwent systematic analysis (phase 1) using NVivo 12 software. We developed an initial 

coding framework based on sociotechnical systems theory 14 and critical algorithm studies 6,8, 

encompassing technical architecture, stakeholder networks, implementation processes, documented 

outcomes, and resistance patterns. Two researchers independently coded five initial cases, achieving 

inter-rater reliability of 0.84 (Cohen's kappa) before refining the codebook. The refined framework was 

then applied to all cases, with regular team meetings to discuss emerging patterns and resolve 

interpretive differences. 

Following Thomas and Harden 110's approach, we conducted line-by-line coding of case findings to 

develop descriptive themes (phase 2) staying close to primary data. Through constant comparison, these 

descriptive themes evolved into analytical themes capturing deeper patterns. We employed Braun & 

Clarke 115'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 constructs: the accuracy illusion (Theme 1), 

discriminatory feedback loops (Theme 2), community resistance (Theme 3), and transparent alternatives 

(Theme 4). 

Systematic cross-case analysis employed multiple techniques including pattern matching 106, explanation 

building 116, and qualitative comparative analysis principles 117. We constructed detailed case matrices 

documenting implementation characteristics, outcomes, and contextual factors (phase 3). Pattern 

identification focused on mechanisms driving the "metrics trap" phenomenon, conditions enabling 

transitions to transparent systems, community resistance patterns and outcomes, and relationships 

between technical architectures and social impacts. 

Quality 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 meta-patterns 118. We maintained comprehensive audit trails in NVivo 
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documenting all coding decisions, theme development, and analytical memos totaling over 200 pages. 

This documentation enables traceability from raw data to theoretical claims. 

Negative case analysis played a crucial role, with deliberate attention to implementations that defied 

emerging patterns. For instance, we extensively analyzed cases where black-box systems appeared to 

benefit communities and where transparent systems failed to 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 contacted) 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 AI ethics who reviewed our analytical process 

and challenged interpretations. 

Thematic Case Distribution 

The 28 in-depth 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 Illusion (7 in-depth cases) includes: ShotSpotter Chicago and ShotSpotter NYC 

exemplify divergence between acoustic detection accuracy (97%) and policy effectiveness (9.1% of alerts 

leading to gun crime evidence in Chicago; 87% false alarm rate in NYC). COMPAS demonstrates how 

aggregate accuracy masks racially disparate error rates. The Obermeyer healthcare algorithm illustrates 

optimization for cost prediction while under-identifying Black patients for care. Delhi's air quality 

prediction and Boston University's hospitalization model show technical accuracy that may not capture 

differential impacts across populations. COVID-19 contact tracing applications, including Singapore's 

TraceTogether, achieved high proximity detection accuracy (70-95%) in laboratory conditions while failing 

to reach adoption thresholds necessary for population-level epidemic control." 

Theme 2 - Discriminatory Feedback Loops (7 in-depth cases) contains: 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 documented racial disproportionality. New Orleans' Palantir partnership (2012-

2018) reveals opacity in surveillance collaborations. Rotterdam's Sensing Project illustrates automated 

ethnic profiling. Tenant screening systems (RealPage, CoreLogic, 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 digital divide 

amplification. 

Theme 3 - Community Resistance (7 in-depth cases including one contrast case) includes: Toronto 

Sidewalk Labs cancellation represents successful coalition resistance against corporate smart city 

initiatives. Boston's facial recognition ban demonstrates preemptive policy action with regional diffusion. 

Detroit's facial recognition case shows transformation from documented harm to systemic reform. LA's 

LASER termination reveals how sustained community research and pressure achieved shutdown. New 

Orleans' Palantir termination demonstrates response to exposed covert operations. Singapore's traffic AI 

serves as contrast case where no documented resistance occurred, illustrating contextual factors that 

may enable or constrain democratic pushback. 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 
 

Theme 4 - Transparent Alternatives (7 in-depth cases) includes: Amsterdam's algorithm register and 

Helsinki's AI register represent pioneering transparency infrastructure. Barcelona's AI governance 

framework including vCity and Decidim integration provides model for participatory governance. Seoul's 

waste management demonstrates IoT integration with worker feedback mechanisms. Austin Energy's 

demand response shows transparent customer-facing interfaces with documented participation rates. 

NYC Health + Hospitals' bias assessment and mitigation demonstrates operationalized algorithmic 

fairness in resource-constrained settings. EU Urban Atlas represents continental-scale 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's facial recognition 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 even in safety-

net systems with limited resources, with open-source methodology 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 English-language documentation for 

rigorous analysis. Some European implementations in non-English 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 28 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 transparency mechanisms that characterize 

contemporary urban AI deployment within our documented sample. 
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