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Abstract: Governments increasingly seek to deploy artificial intelligence (AI) to improve public services, yet 

progress remains constrained by fragmented data governance, limited interoperability, and declining public trust. 

This paper advances the argument that reconceptualizing government data as public infrastructure governed 

through trusted data ecosystems provides a viable pathway for enabling AI-driven public services while 

safeguarding privacy, accountability, and equity. Drawing on a mixed-methods study of data-as-infrastructure 

implementations across 45 jurisdictions, the research integrates comparative policy analysis, technical architecture 

assessment, and interviews with 87 stakeholders. Findings identify five interdependent governance dimensions legal, 

technical, institutional, trust, and economic that distinguish effective data infrastructure from conventional data 

management approaches. Jurisdictions adopting infrastructure-oriented governance demonstrate significantly faster 

AI deployment, improved cross-agency data sharing, reduced duplicative data collection, and higher levels of citizen 

trust. The study contributes theoretically by linking infrastructure studies, institutional economics, and AI 

governance, and practically by providing evidence-based guidance for policymakers, government technology leaders, 

and civil society actors seeking to operationalize trustworthy AI in the public sector. 
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I. INTRODUCTION 

 

Governments worldwide face growing pressure to 

harness artificial intelligence (AI) to improve public 

service delivery, yet most public-sector AI initiatives 

remain constrained by persistent data challenges. Unlike 

private-sector organizations that leverage integrated data 

assets for personalization and predictive analytics, 

governments operate within fragmented institutional 

environments characterized by siloed data systems, 

inconsistent data quality, restrictive data-sharing 

regulations, and widespread citizen concerns regarding 

privacy, surveillance, and algorithmic bias (Janssen & 

Kuk, 2016; Wirtz et al., 2019). These challenges are not 

merely technical; they reflect deeper uncertainty about 

the role of data in democratic societies. 

 

Public-sector data is variously treated as a 

proprietary organizational asset, a byproduct of 

administrative processes, or an open resource subject to 

disclosure regimes. This conceptual ambiguity limits 

governments’ ability to develop coherent AI strategies. 

This study advances the proposition that reframing data 

as public infrastructure analogous to roads, utilities, or 

telecommunications networks offers a more robust 

foundation for AI-enabled public services. An 

infrastructure perspective emphasizes coordinated 

investment, interoperability, universal access principles, 

and democratic oversight, transforming data governance 

from a narrow technical concern into a political–

economic challenge of collective resource management 

(Plantin et al., 2018; Verhulst & Young, 2018). 

 

Although the notion of data-as-infrastructure has 

gained prominence in academic, policy, and advocacy 

discourse, empirical evidence on how such governance 

models are implemented and with what effects remains 

limited. Existing research is dominated by conceptual 

arguments or isolated case studies, offering insufficient 

guidance on institutional design, technical architecture, 

legal frameworks, or economic sustainability. This study 

addresses these gaps through a comprehensive mixed-
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methods investigation spanning 45 jurisdictions across 

multiple governance levels and regions. By combining 

comparative analysis, technical evaluation, and 

stakeholder interviews, the research provides systematic 

evidence on how data infrastructure governance enables 

AI deployment while addressing trust, accountability, and 

equity concerns. 

 

 Significance of the Study 

This research is significant across theoretical, 

empirical, policy, and practical domains, addressing a 

central challenge of contemporary governance: how 

democratic societies can harness the benefits of AI 

without undermining accountability, public trust, and 

citizen rights. Theoretically, the study integrates 

infrastructure studies, institutional economics, and AI 

governance three literatures that have largely evolved in 

parallel despite shared concerns with coordination, 

power, and collective value creation. By synthesizing 

these perspectives, the research reframes data governance 

challenges often treated as technical issues as 

fundamentally political–economic questions concerning 

resource allocation, institutional authority, and 

democratic control. 

 

The study also advances scholarship on digital 

public goods governance. Unlike physical infrastructure, 

data is non-rival, exhibits strong network effects, and 

entails near-zero marginal costs, creating distinctive 

coordination challenges and monopoly risks. By 

examining how governments manage these dynamics, the 

research contributes to broader debates on public value 

creation, platform power, and competition policy in data-

driven economies. 

 

Empirically, the study addresses limitations in 

existing research by providing comparative, mixed-

methods evidence across diverse jurisdictions. This 

approach enables identification of general governance 

patterns while capturing contextual implementation 

challenges. From a policy perspective, findings inform 

urgent decisions surrounding AI deployment in areas 

such as public health, climate governance, and smart 

cities, where data sharing is essential yet politically 

sensitive. Practically, the research offers actionable 

guidance for policymakers, government technology 

leaders, AI practitioners, procurement officials, and civil 

society actors seeking to implement trustworthy, 

equitable, and sustainable AI-enabled public services. 

 

 Problem Statement 

Despite growing recognition of data-as-

infrastructure as a foundation for AI-enabled government 

services, key questions regarding its definition, 

governance, and effectiveness remain unresolved. First, 

the concept lacks operational clarity. Although widely 

cited in academic and policy discourse (Plantin et al., 

2018), data-as-infrastructure is often ambiguously 
defined, leaving policymakers uncertain about its legal, 

institutional, and technical implications. 

 

Second, empirical evidence on data infrastructure 

governance remains limited. Existing studies rely largely 

on conceptual arguments or single-case analyses, offering 

little comparative insight into which governance 

approaches work, under what conditions, and with what 

measurable outcomes. Third, the relationship between 

data infrastructure governance and AI system 

performance is underexamined; claims that infrastructure 

accelerates deployment, improves system quality, or 

enhances public trust have rarely been tested 

systematically. 

 

Fourth, mechanisms intended to reconcile data 

sharing with privacy, security, and accountability 

concerns require deeper investigation. While tools such 

as differential privacy, secure multi-party computation, 

and algorithmic impact assessments are increasingly 

proposed, their effectiveness in real-world government 

contexts remains unclear. Fifth, persistent institutional 

design challenges surround how to balance centralized 

coordination with distributed innovation across agencies 

and levels of government. 

 

This study addresses these gaps through a mixed-

methods investigation examining how jurisdictions 

operationalize data-as-infrastructure governance, the 

outcomes such approaches produce, and the mechanisms 

linking data infrastructure to AI performance, trust, and 

adoption. 

 

II. LITERATURE REVIEW 

 

 Infrastructure Studies and Data-as-Infrastructure 

Infrastructure studies examine large-scale 

sociotechnical systems such as transportation networks, 

electrical grids, and telecommunications that underpin 

economic and social life while remaining largely 

invisible until failure (Hughes, 1983; Star, 1999). Star 

and Ruhleder (1996) identify defining infrastructure 

characteristics, including embeddedness in social 

practices, reliance on standards, incremental development 

over an installed base, and visibility primarily through 

breakdown. These features distinguish infrastructure 

from standalone technologies or tools. 

 

Subsequent research extended infrastructure 

concepts to digital and information systems. Studies of 

information infrastructure emphasize evolutionary 

growth, governance complexity, and the inertia created 

by legacy systems (Hanseth & Lyytinen, 2010). 

Empirical work on cyberinfrastructure and domain-

specific infrastructures demonstrates that shared digital 

systems are shaped as much by institutional arrangements 

and power relations as by technical design (Edwards et 

al., 2007; Bowker et al., 2010). This literature establishes 

that infrastructure governance requires simultaneous 

attention to standards, institutions, and political 

dynamics. 
 

The framing of data as infrastructure has emerged 

from these traditions. Coyle (2018) argues that data 

exhibits infrastructure-like economic properties, 
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including non-rival consumption and network effects, 

warranting public investment and governance. Verhulst 

and Young (2018) introduce data collaboratives as 

structured data-sharing arrangements, while the Open 

Data Institute (2019) advances the concept of data 

institutions, including data trusts, to steward shared data 

resources. Policy initiatives, particularly within the 

European Union, further institutionalize this framing 

through data spaces conceived as foundational economic 

infrastructure (European Commission, 2020). 

 

However, critical scholarship cautions against 

uncritical adoption of infrastructure rhetoric. Plantin et al. 

(2018) document processes of “infrastructuralization,” 

whereby private platforms assume infrastructure-like 

roles without corresponding public accountability, raising 

concerns about surveillance, dependency, and power 

asymmetries. These critiques highlight the central tension 

of data-as-infrastructure governance: infrastructure 

benefits can emerge through market dynamics while 

governance safeguards lag behind. 

 

Despite growing conceptual maturity, empirical 

research examining how data-as-infrastructure 

governance is implemented in practice remains limited. 

Existing studies largely emphasize theory, policy 

aspirations, or isolated cases, leaving unanswered 

questions regarding governance design, implementation 

challenges, and measurable outcomes. This study 

addresses these gaps through systematic, comparative 

investigation. 

 

 Data Governance in Government 
Government data governance scholarship has 

evolved through several overlapping phases. Early 

research focused on information resource management, 

treating data as an internal organizational asset requiring 

quality control, cataloging, and access management to 

improve administrative efficiency (Marchand & Horton, 

1986). This perspective emphasized intra-agency 

optimization rather than cross-government sharing or 

public access. 

 

The open government data movement shifted 

attention toward transparency, accountability, and 

innovation, advocating proactive data release to enable 

civic oversight and economic value creation (Janssen et 

al., 2012; Zuiderwijk & Janssen, 2014). While research 

documents positive impacts, it also highlights persistent 

challenges, including limited reuse, unclear legal rights, 

and uneven data quality. 

 

More recent work on data-driven government and 

smart cities emphasizes analytics and real-time data for 

policy optimization and service personalization (Gil-

Garcia et al., 2014; Kitchin, 2014). Critical perspectives 

caution that such initiatives often reproduce existing 

power asymmetries, intensify surveillance, and operate 
with limited democratic oversight (Kitchin et al., 2019). 

 

Institutional innovations such as data trusts and 

cooperatives seek to address these concerns by 

introducing collective governance models grounded in 

fiduciary responsibility (Delacroix & Lawrence, 2019; 

Hafen et al., 2014). While promising, empirical evidence 

on their application in governmental contexts remains 

sparse and sectorally concentrated. 

 

This study builds on government data governance 

literature by examining how an infrastructure framing 

differs from prior approaches. Unlike open data, which 

emphasizes release, or data-driven government, which 

prioritizes analytics, data-as-infrastructure focuses on 

sustained interoperability, shared governance, and 

foundational capabilities enabling multiple public uses. 

The research empirically examines whether this framing 

leads to distinct governance practices and outcomes. 

 

 AI Governance and Accountability 

AI governance research addresses the challenge of 

ensuring automated systems operate transparently, fairly, 

and in alignment with public values despite their 

technical complexity (Dafoe, 2018; Cath et al., 2018). 

Early work focused heavily on ethical principles, 

producing numerous frameworks emphasizing 

transparency, accountability, fairness, and human 

oversight (Jobin et al., 2019). Critics argue, however, that 

principle-based approaches often lack operational 

specificity and may function as symbolic compliance 

rather than effective governance (Hagendorff, 2020). 

 

More recent scholarship advances concrete 

accountability mechanisms, including explainability 

techniques (Wachter et al., 2017), algorithmic impact 

assessments (Reisman et al., 2018), and auditing methods 

for detecting bias and discrimination (Raji et al., 2020). 

These approaches offer actionable tools for governing AI 

systems but frequently assume the availability of high-

quality, representative data. 

 

Public-sector AI research highlights distinctive 

governance challenges. Governments operate under 

heightened accountability expectations, legal constraints, 

and political scrutiny while serving diverse populations 

that amplify fairness concerns (Mehr, 2017; Sun & 

Medaglia, 2019). Empirical studies consistently identify 

data quality, interoperability, and public trust as primary 

barriers to AI adoption in government (Bullock, 2019; 

Zuiderwijk et al., 2021). 

 

Despite this, AI governance research rarely 

examines data governance as foundational infrastructure 

enabling accountable AI. Most accountability 

mechanisms focus on algorithm design and oversight 

rather than the data ecosystems on which AI systems 

depend. This study explicitly links data-as-infrastructure 

governance to AI accountability and performance 

outcomes. 

 

III. METHODOLOGY 
 

 Research Design 

This study adopts a convergent parallel mixed-

methods design integrating quantitative and qualitative 
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approaches to examine data-as-infrastructure governance 

across jurisdictions (Creswell & Plano Clark, 2017). The 

design addresses the multidimensional nature of 

infrastructure governance spanning legal, technical, 

institutional, trust, and economic dimensions by 

combining cross-jurisdictional comparison with in-depth 

process analysis. Quantitative analysis identifies patterns 

and relationships between governance characteristics and 

outcomes across 45 jurisdictions, while qualitative 

inquiry elucidates implementation dynamics, challenges, 

and stakeholder perspectives. Integration occurs at the 

analytical and interpretive stages. 

 

 Case Selection and Sample 

The study examines 45 jurisdictions selected 

through purposive sampling to ensure variation in 

geography, governance level, and maturity of 

implementation. The sample includes jurisdictions across 

North America (n=12), Europe (n=18), Asia-Pacific 

(n=10), Latin America (n=3), and Africa (n=2), spanning 

national, regional, and municipal levels. Implementation 

maturity ranges from emerging (1–3 years) to established 

(>3 years). 

 

Selection criteria required the presence of an explicit 

data infrastructure strategy, operational data-sharing 

mechanisms, at least 12 months of implementation, and 

accessible documentation. Jurisdictions represent diverse 

governance contexts, including federal and unitary 

systems, smart city initiatives, open data leaders, AI 

innovation hubs, and emerging economies facing 

resource constraints. 

 

 Data Collection 

Data collection integrated multiple sources. Policy 

analysis examined 183 documents, including data 

strategies, AI strategies, privacy laws, interoperability 

standards, and evaluation reports. Technical 

documentation review analyzed 67 artifacts detailing data 

platforms, APIs, standards, and system architectures. 

 

Quantitative outcome data were drawn from 

government portals, AI deployment inventories, citizen 

trust surveys, administrative records on data sharing, and 

budget documents. Semi-structured interviews were 

conducted with 87 stakeholders across 22 jurisdictions, 

including government officials, AI leads, privacy 

officers, vendors, academics, and civil society 

representatives. Supplementary data included 

observations of governance forums, public consultation 

responses, and audit reports. 

 

 Measurement and Variables 
Outcome variables measure AI deployment speed, 

cross-agency data sharing, data quality improvement, and 

citizen trust in government data use. Governance 

characteristics are operationalized across five dimensions 

legal frameworks, technical architecture, institutional 
arrangements, trust mechanisms, and economic models 

using validated multi-item scales. Control variables 

account for economic capacity, governmental structure, 

digital maturity, and pre-existing AI activity. 

 

Qualitative data were analyzed using thematic 

analysis with inter-coder reliability checks (κ=0.83), 

supported by NVivo software. 

 

 Analytical Approach 

Quantitative analysis employed descriptive 

statistics, cluster analysis, correlation analysis, regression 

modeling, structural equation modeling, and qualitative 

comparative analysis. Qualitative analysis involved 

within-case analysis, cross-case comparison, and process 

tracing to identify causal mechanisms. Mixed-methods 

integration used joint displays and iterative comparison to 

refine interpretations. 

 

 Validity and Trustworthiness 

Validity was enhanced through triangulation across 

data sources, methods, and investigators; jurisdictional 

diversity; member checking; reflexive memoing; and 

negative case analysis. Quantitative robustness was 

supported through standardized measures, statistical 

controls, and multiple indicators. 

 

IV. RESULTS/FINDINGS 
 

 Data Infrastructure Governance Archetypes 

Cluster analysis revealed four distinct governance 

archetypes among the 45 jurisdictions, characterized by 

different emphases across the five governance 

dimensions (legal, technical, institutional, trust, 

economic). These archetypes labeled Centralized 

Leaders, Federated Innovators, Open Data Pioneers, and 

Emerging Builders demonstrate alternative approaches to 

data infrastructure governance with varying strengths, 

weaknesses, and contextual suitability. 
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Table 1 Data Infrastructure Governance Archetypes: Cluster Analysis Results (N=45 Jurisdictions) 

Archetype N Legal 

Framework 

Score (1-10) 

Technical 

Architecture 

Score (1-10) 

Institutional 

Arrangements 

Score (1-10) 

Trust 

Mechanisms 

Score (1-10) 

Economic 

Model Score 

(1-10) 

Example 

Jurisdictions 

Centralized 

Leaders 

11 8.7 (±0.9) 8.4 (±1.1) 7.9 (±1.0) 8.2 (±0.8) 7.6 (±1.2) Singapore, 

Estonia, 

UAE, South 

Korea 

Federated 

Innovators 

14 7.8 (±1.2) 8.9 (±0.7) 8.7 (±0.9) 7.9 (±1.0) 7.4 (±1.3) USA, 

Germany, 

Canada, 

Australia, 

Switzerland 

Open Data 

Pioneers 

12 8.1 (±1.0) 7.2 (±1.4) 7.4 (±1.3) 7.1 (±1.5) 6.8 (±1.6) UK, France, 

Netherlands, 

Finland, New 

Zealand 

Emerging 

Builders 

8 5.9 (±1.8) 6.3 (±1.6) 6.1 (±1.4) 5.7 (±1.7) 5.4 (±1.9) India, Brazil, 

Kenya, 

Indonesia, 

Mexico 

 

 Note: Scores represent mean (±SD) on 10-point scales 

measuring each governance dimension. Cluster 

analysis used Ward's hierarchical method with 

Euclidean distance. F-tests confirm significant 

differences across clusters for all dimensions 

(p<0.001). Source: Author's analysis of policy 

documents and technical assessments (2020-2024). 

 

Table 1 demonstrates substantial variation in 

governance approaches. Centralized Leaders (n=11) 

exhibit high scores across all dimensions, particularly 

legal frameworks (M=8.7) and trust mechanisms 

(M=8.2). These jurisdictions predominantly smaller 

nations or city-states like Singapore, Estonia, and UAE 

leverage centralized authority to establish comprehensive 

data governance rapidly. Strong legal foundations 

provide clear data sharing mandates, while robust privacy 

protections and algorithmic accountability mechanisms 

build citizen trust. However, centralization may limit 

innovation and raise concerns about concentrated 

surveillance power (Morozov & Bria, 2018). 

 

Federated Innovators (n=14) emphasize technical 

architecture (M=8.9) and institutional arrangements 

(M=8.7) while maintaining strong but not maximal legal 

frameworks (M=7.8). This archetype characterizes 

federal systems like USA, Germany, and Canada where 

constitutional structures necessitate coordination across 

governmental levels. These jurisdictions excel in 

developing interoperable technical standards and multi-

stakeholder governance mechanisms enabling innovation 

while managing complexity. However, federated 

coordination proves time-intensive and requires 

substantial capacity across participating jurisdictions 

(Fountain, 2001). 

 

Open Data Pioneers (n=12) demonstrate strong legal 

frameworks (M=8.1) establishing data access rights, but 

relatively weaker scores on technical architecture 

(M=7.2) and economic models (M=6.8). Jurisdictions 

like UK, France, and Netherlands pioneered open 

government data, establishing legal foundations and 

transparency norms. However, infrastructure evolution 

beyond static dataset publication toward dynamic data 

sharing and AI enablement has progressed more slowly. 

This reflects path dependence, with early open data 

investments creating institutional commitments that 

subsequent infrastructure initiatives must navigate 

(Davies, 2019). 

 

Emerging Builders (n=8) show lower scores across 

dimensions, reflecting resource constraints, governance 

capacity limitations, and shorter implementation 

histories. Jurisdictions like India, Brazil, and Kenya 

pursue ambitious digital government agendas despite 

challenging conditions. Lower scores reflect realities 

rather than lack of ambition; these jurisdictions often 

demonstrate remarkable innovation given constraints. 

Economic model scores (M=5.4) indicate particular 

challenges sustaining infrastructure investment, 

suggesting need for international development assistance 

and South-South cooperation (World Bank, 2021). 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 



6 

 
Fig 1 Data Infrastructure Governance Archetypes 

 

Multi-Dimensional Comparison. Radar chart 

displaying four governance archetypes across five 

dimensions: Legal Framework, Technical Architecture, 

Institutional Arrangements, Trust Mechanisms, and 

Economic Model. Each archetype shown as distinct 

polygon: Centralized Leaders (dark blue solid line) 

showing balanced high scores across all dimensions, 

particularly legal (8.7) and trust (8.2); Federated 

Innovators (green dashed line) excelling in technical (8.9) 

and institutional (8.7) dimensions; Open Data Pioneers 

(orange dotted line) strong on legal (8.1) but weaker on 

technical (7.2) and economic (6.8); Emerging Builders 

(red dash-dot line) showing lower but emerging capacity 

across dimensions. Axes scaled 0-10 with gridlines at 2-

point intervals. Shaded areas represent SD ranges. 

Legend indicates N for each archetype and example 

jurisdictions. Chart demonstrates that no single 

governance approach dominates; archetypes reflect 

different strategic emphases and contextual adaptations. 

Effective governance requires strength across multiple 

dimensions simultaneously. Source: Cluster analysis of 

45 jurisdictions, author's data collection and scoring 

2020-2024. 

 

 Governance Dimensions and AI Deployment 
Outcomes 

Multiple regression analysis examined relationships 

between governance dimensions and AI deployment 

outcomes, controlling for contextual factors (GDP, 

population, e-government maturity, open data history). 

Results reveal that technical architecture and trust 

mechanisms demonstrate strongest associations with AI 

deployment speed, while institutional arrangements 

significantly predict cross-agency data sharing 

improvements. These patterns suggest that while all 

governance dimensions matter, technical and trust 

dimensions prove particularly critical for AI enablement. 
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Table 2 Regression Results: Data Infrastructure Governance Dimensions and Outcomes (N=45) 

Governance 

Dimension 

AI Deployment 

Speed (β) 

Cross-Agency 

Data Sharing (β) 

Data Quality 

Improvement (β) 

Citizen Trust 

(β) 

Theoretical Source 

Legal 

Framework 

0.18* 0.31*** 0.27** 0.34*** Janssen & Kuk 

(2016); Zuiderwijk & 

Janssen (2014) 

Technical 

Architecture 

0.42*** 0.38*** 0.41*** 0.22** Hanseth & Lyytinen 

(2010); Edwards et 

al. (2007) 

Institutional 

Arrangements 

0.24** 0.47*** 0.29** 0.26** Ostrom (1990); 

Fountain (2001) 

Trust 

Mechanisms 

0.39*** 0.28** 0.31*** 0.51*** Mittelstadt et al. 

(2016); Reisman et 

al. (2018) 

Economic Model 0.21* 0.19* 0.23** 0.17* Coyle (2018); 

European 

Commission (2020) 

GDP per capita 

(control) 

0.15 0.12 0.18* 0.09 Control variable 

E-Gov Index 

(control) 

0.26** 0.21* 0.24** 0.14 UN (2020) 

Model R² 0.67 0.71 0.63 0.69 Variance explained 

 

 Note: Standardized β coefficients from OLS 

regression with robust standard errors. ***p<0.001, 

**p<0.01, *p<0.05. AI deployment speed measured as 

days from concept to production (reverse coded so 

higher = faster). Cross-agency sharing measured via 

API calls and formal agreements. Data quality from 

metadata completeness audits. Citizen trust from 

representative surveys. All governance dimensions 

measured on 10-point scales. Controls include GDP 

per capita (log), population (log), UN E-Government 

Development Index, and years since open data policy. 

Theoretical sources indicate key literature informing 

each dimension's measurement and interpretation. 

 

Table 2 reveals several important patterns. 

Technical architecture demonstrates consistently strong 

associations across all outcome dimensions (β=0.42 for 

AI deployment speed, β=0.38 for data sharing, β=0.41 for 

data quality, β=0.22 for citizen trust, all p<0.01). This 

suggests that investing in interoperability standards, API 

infrastructure, and semantic harmonization yields 

benefits across multiple governance objectives 

simultaneously. Technical infrastructure constitutes 

necessary foundation enabling other governance 

dimensions to function effectively (Hanseth & Lyytinen, 

2010). 

 

Trust mechanisms show particularly strong 

association with citizen trust (β=0.51, p<0.001) as 

expected, but also significantly predict AI deployment 

speed (β=0.39, p<0.001) and data quality (β=0.31, 

p<0.001). This finding challenges assumptions that 

privacy protection and accountability requirements 

merely impose costs on AI development. Instead, well-

designed trust mechanisms that address legitimate 
concerns while enabling data sharing can actually 

accelerate deployment by building social license and 

regulatory confidence. Privacy-enhancing technologies 

like differential privacy and secure multi-party 

computation enable data use that restrictive access 

controls would prohibit (Dwork & Roth, 2014). 

 

Institutional arrangements demonstrate strongest 

association with cross-agency data sharing (β=0.47, 

p<0.001), consistent with Ostrom's (1990) collective 

action framework emphasizing governance arrangements 

enabling cooperation. Effective coordination 

mechanisms, clear authority structures, dispute resolution 

processes, and participatory decision-making prove 

critical for overcoming organizational silos and aligning 

incentives toward data sharing. However, institutional 

development requires time and sustained leadership, 

explaining why jurisdictions with strong technical 

architecture but weak institutional arrangements often 

struggle translating technical capability into operational 

data sharing. 

 

Legal frameworks show moderate but significant 

associations across outcomes, with strongest effects on 

cross-agency sharing (β=0.31, p<0.001) and citizen trust 

(β=0.34, p<0.001). Clear legal foundations establishing 

data sharing authorities and access rights reduce 

organizational uncertainty and risk aversion inhibiting 

data sharing (Janssen & Kuk, 2016). Legal privacy 

protections and accountability requirements build citizen 

confidence enabling data collection and use. However, 

legal frameworks alone prove insufficient; technical 

capability and institutional coordination remain essential 

for operationalizing legal mandates. 

 

Economic models show smaller but significant 

associations across outcomes. Sustainable funding 

mechanisms, clear value propositions, and strategic 

procurement practices enable infrastructure investment 

and evolution. However, economic governance appears 

less immediately constraining than technical or trust 

dimensions. Jurisdictions can achieve substantial 

progress with modest investment if governance design 
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proves sound, though long-term sustainability requires 

addressing economic questions. 

 

 Data Infrastructure and AI System Performance 
Beyond deployment speed, the research examined 

whether data infrastructure characteristics associate with 

AI system performance and adoption. Analysis focused 

on 247 government AI applications across 12 

jurisdictions with detailed performance tracking. 

Applications span diverse domains: predictive 

maintenance, fraud detection, service personalization, 

resource optimization, and citizen engagement. 

Performance metrics include prediction accuracy (for 

predictive applications), user satisfaction (for citizen-

facing services), and efficiency gains (for operational 

applications). 

 

Table 3 Data Infrastructure Characteristics and AI System Performance (N=247 Applications Across 12 Jurisdictions) 

Data Infrastructure 

Characteristic 

Prediction Accuracy 

Improvement 

User Satisfaction 

Score (1-10) 

Efficiency 

Gain (%) 

Adoption 

Rate (%) 

Supporting 

Literature 

High Technical 

Interoperability 

+23% (vs. low) 7.8 (vs. 6.4) +34% 67% Edwards et al. 

(2007) 

Comprehensive Data 

Quality Framework 

+31% (vs. basic) 8.2 (vs. 6.7) +28% 71% Janssen et al. 

(2012) 

Strong Privacy-

Enhancing Technologies 

+18% (vs. minimal) 8.1 (vs. 5.9) +19% 74% Dwork & Roth 

(2014) 

Multi-Agency Data 

Integration 

+27% (vs. single 

agency) 

7.6 (vs. 6.8) +38% 63% Gil-Garcia et al. 

(2014) 

Citizen Participation in 

Governance 

+12% (indirect) 8.4 (vs. 6.5) +15% 79% Zuiderwijk & 

Janssen (2014) 

 

 Note: Prediction accuracy improvement compares AI 

systems in high vs. low infrastructure environments 

controlling for algorithm type and domain. User 

satisfaction measured through surveys (n=8,742 

respondents). Efficiency gains measured as 

percentage improvement in operational metrics 

(processing time, resource utilization, error 

reduction). Adoption rate indicates percentage of 

target user population actively using AI service. 

Comparisons based on matched applications 

controlling for domain, jurisdiction size, and 

implementation year. Supporting literature indicates 

key sources documenting each characteristic's 

importance. Data collected 2020-2024. 

 

Table 3 demonstrates that data infrastructure 

characteristics significantly influence AI system 

performance beyond merely enabling deployment. 

Comprehensive data quality frameworks associate with 

31% accuracy improvement and 8.2/10 user satisfaction 

compared to basic quality controls (6.7/10 satisfaction). 

This confirms that 'garbage in, garbage out' principle: AI 

systems require high-quality training data to perform 

well, and infrastructure governance establishing quality 

standards, documentation requirements, and validation 

processes directly improves AI outcomes (Janssen et al., 

2012). 

 

Multi-agency data integration enables 27% accuracy 

improvement and 38% efficiency gains compared to 

single-agency data. Many governmental functions (fraud 

detection, service coordination, resource allocation) 

require information spanning organizational boundaries. 

Infrastructure enabling safe, legal, and technically 

feasible data sharing across agencies allows AI systems 

to leverage comprehensive information producing better 

predictions and decisions. However, multi-agency 

integration shows lower adoption rates (63%) than other 

characteristics, suggesting integration complexity and 

privacy concerns inhibit user acceptance despite 

performance benefits. 

 

Privacy-enhancing technologies (PETs) like 

differential privacy, federated learning, and secure multi-

party computation demonstrate substantial impact on user 

satisfaction (8.1 vs. 5.9 for minimal privacy protection) 

and adoption (74% vs. lower rates for systems without 

strong privacy). While PETs may impose computational 

costs or accuracy trade-offs, evidence suggests these 

costs remain modest in practice while trust benefits prove 

substantial (Dwork & Roth, 2014). Citizens more 

willingly adopt AI services when confident data handling 

respects privacy, and satisfaction increases when 

transparency mechanisms enable understanding of data 

use. 

 

Citizen participation in infrastructure governance 

shows strongest association with user satisfaction 

(8.4/10) and adoption (79%), though indirect effects on 

accuracy (+12%). Participatory mechanisms public 

consultations on data policies, citizen boards advising on 

AI deployment, feedback channels enabling service 

improvement build legitimacy and trust while 

incorporating citizen preferences into system design. This 

finding supports democratic AI governance arguments 

that inclusion produces both normative benefits 

(respecting citizen autonomy) and instrumental benefits 

(improving system design and acceptance) (Reisman et 

al., 2018). 
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Fig 2 Data Infrastructure Impact on AI System Performance: 

 

Comparative Analysis. Four-panel visualization 

showing infrastructure characteristics' effects on AI 

performance metrics. Panel A (top-left): Bar chart 

comparing prediction accuracy improvements across 

infrastructure characteristics (Quality Framework +31%, 

Multi-agency Integration +27%, Technical 

Interoperability +23%, Privacy Tech +18%, Citizen 

Participation +12%), with error bars showing 95% CI. 

Panel B (top-right): Scatter plot with fitted regression line 

showing positive relationship between overall 

infrastructure score (x-axis, 0-10 composite scale) and 

user satisfaction (y-axis, 1-10 scale), r=0.67, p<0.001, 

n=247 applications color-coded by domain (fraud 

detection orange, service delivery blue, resource 

optimization green). Panel C (bottom-left): Grouped bar 

chart comparing adoption rates across high/medium/low 

infrastructure environments within application domains, 

demonstrating that infrastructure benefits hold across 

contexts. Panel D (bottom-right): Box plots showing 

efficiency gain distributions by infrastructure maturity 

level (emerging/developing/mature), with median 

efficiency gains of 15%, 27%, and 38% respectively. 

Statistical annotations show t-test results. Chart 

demonstrates that data infrastructure characteristics 

significantly and consistently improve AI performance 

across multiple metrics and domains, with cumulative 

benefits when multiple characteristics present. Source: 

Performance tracking data from 247 AI applications 

across 12 jurisdictions, 2020-2024. 

 
 Implementation Challenges and Success Factors 

Qualitative analysis of interview data (n=87 

stakeholders) identified common implementation 

challenges and factors distinguishing successful from 

struggling implementations. Challenges cluster into four 

categories: organizational resistance, technical 

complexity, legal uncertainty, and political coordination. 

Success factors include: executive leadership, 

incremental implementation, stakeholder engagement, 

and capability building. These findings illuminate 

practical realities of translating governance frameworks 

into operational infrastructure. 

 

Organizational resistance emerged as most 

frequently cited challenge (mentioned by 71 of 87 

interviewees). Government agencies often perceive data 

as source of organizational power and autonomy; data 

sharing threatens perceived control. One data officer 

explained: 'Agencies view data as their competitive 

advantage in budget negotiations and policy influence. 

They resist infrastructure mandates requiring sharing, 

fearing loss of leverage.' This resistance manifests as 

foot-dragging in technical implementation, minimal 

compliance with sharing requirements, and bureaucratic 

obstacles hindering access requests. 

 

Technical complexity challenges include legacy 

system integration (mentioned by 64 interviewees), data 

quality issues (58), and semantic interoperability (52). 

Decades of IT investment created diverse systems with 

incompatible data formats, undocumented schemas, and 

embedded business logic making integration difficult. 

One technology officer noted: 'We have data in 

mainframes from the 1980s, custom databases from the 
1990s, cloud services from last year, and everything in 

between. Creating unified infrastructure requires 

archaeological excavation understanding what data exists 

and how systems work.' These technical challenges 
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require substantial investment and specialized expertise 

many jurisdictions lack. 

 

Legal uncertainty stemmed from evolving privacy 

regulations, unclear data sharing authorities, and 

conflicting legal requirements across jurisdictions. 

Privacy regulations like GDPR established strict 

requirements, but interpretations regarding legitimate 

government data use remain contested. One legal counsel 

explained: 'Privacy law establishes principles but leaves 

implementation details ambiguous. We struggle 

determining whether data sharing for AI training 

constitutes compatible purpose or requires new consent. 

Legal uncertainty makes agencies risk-averse, defaulting 

to restrictive interpretations limiting data use.' 

 

Political coordination challenges include competing 

interests across agencies, jurisdictional conflicts in 

federal systems, and short-term political incentives 

undermining long-term infrastructure investment. 

Infrastructure benefits accrue gradually and collectively 

while costs concentrate on implementing agencies facing 

disruption. One innovation lead noted: 'Elected officials 

want visible results within election cycles. Infrastructure 

produces diffuse benefits years later, making it difficult 

to secure political support and sustained funding.' 

Success factors analysis revealed that effective 

implementations demonstrate strong executive leadership 

articulating vision, mandating participation, and 

providing resources. Multiple interviewees emphasized 

Chief Data Officers or equivalent positions with 

authority, budget, and direct reporting to executive 

leadership. Incremental implementation strategies proved 

more successful than comprehensive overhauls; 

jurisdictions achieving early wins building momentum 

and learning from experience before scaling succeeded 

more often than those attempting complete system 

transformation immediately. 

 

Stakeholder engagement throughout design and 

implementation builds buy-in and incorporates diverse 

perspectives. Successful jurisdictions established 

advisory boards including government agencies, private 

sector, academic experts, and civil society 

representatives. Regular consultation, transparent 

decision-making, and responsiveness to concerns built 

trust and legitimacy. Capability building through training, 

technical assistance, and knowledge sharing proved 

essential. Infrastructure adoption requires skills many 

government employees lack; investments in capacity 

development enable effective use. 

 

Table 4 Success Factors Distinguishing Effective from Struggling Data Infrastructure Implementations 

Implementation 

Factor 

Successful 

Implementations 

(n=24) 

Struggling 

Implementations 

(n=21) 

Difference Key Insight / Literature 

Strong Executive 

Leadership 

92% (22/24) 43% (9/21) +49 pts*** Vision, authority, resources 

critical (Fountain, 2001) 

Dedicated CDO/Data 

Office 

88% (21/24) 38% (8/21) +50 pts*** Centralized coordination 

needed (Janssen & Kuk, 2016) 

Incremental 

Implementation 

83% (20/24) 29% (6/21) +54 pts*** Early wins build momentum 

(Dawes et al., 2004) 

Multi-Stakeholder 

Governance 

79% (19/24) 33% (7/21) +46 pts** Participation builds legitimacy 

(Zuiderwijk & Janssen, 2014) 

Adequate Funding 

(% of IT budget) 

12.4% (±3.8) 4.7% (±2.9) +7.7 pts*** Infrastructure requires 

sustained investment (Coyle, 

2018) 

Legacy System 

Strategy 

75% (18/24) 19% (4/21) +56 pts*** Integration plan essential 

(Edwards et al., 2007) 

Privacy Officer 

Involvement 

71% (17/24) 24% (5/21) +47 pts** Trust mechanisms integral 

(Mittelstadt et al., 2016) 

Formal Change 

Management 

67% (16/24) 29% (6/21) +38 pts** Organizational adaptation 

crucial (Gil-Garcia et al., 2014) 

 

 Note: Successful implementations defined as 

achieving ≥70% of stated objectives within planned 

timelines and budgets. Struggling implementations 

faced major delays, cost overruns, or abandoned 

initiatives. Percentages indicate proportion with factor 

present. ***p<0.001, **p<0.01 from chi-square tests 

(categorical) or t-tests (continuous). Funding 

measured as percentage of total government IT budget 

allocated to data infrastructure. Legacy system 
strategy indicates formal plan for integrating or 

replacing legacy systems. Key literature sources 

inform interpretation of each factor's importance. Data 

from interviews, document analysis, and 

implementation reports, 2020-2024. 

 

Table 4 quantifies success factor differences 

between effective and struggling implementations. 

Executive leadership shows 92% presence in successful 

implementations versus 43% in struggling ones (+49 

percentage points, p<0.001), confirming qualitative 

findings. Similarly dramatic differences emerge for 

dedicated data offices (+50 points), incremental 

implementation (+54 points), and legacy system 

strategies (+56 points). These factors prove nearly 
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universal among successes yet rare among struggles, 

suggesting necessary if not sufficient conditions. 

 

Funding differences prove substantial and 

significant. Successful implementations allocated average 

12.4% of IT budgets to data infrastructure versus 4.7% 

for struggling implementations (t(43)=8.24, p<0.001). 

This suggests successful data infrastructure requires not 

merely symbolic commitment but substantial, sustained 

investment. The 12% figure provides useful benchmark 

for resource planning, though optimal allocation likely 

varies by context (Coyle, 2018). 

 

Multi-stakeholder governance and privacy officer 

involvement dimensions relating to trust and legitimacy 

show strong associations with success. Infrastructure 

governance requires technical capability and political 

sustainability. Engaging stakeholders builds support 

while incorporating diverse perspectives improves 

design. Privacy officer involvement from initiative start 

ensures privacy considerations shape architecture rather 

than becoming compliance burden addressed 

retrospectively. These organizational factors prove as 

important as technical design (Zuiderwijk & Janssen, 

2014). 

 
Fig 3 Implementation Success Factors 

 

Comparative Analysis. Diverging bar chart showing 

percentage-point differences between successful (n=24) 

and struggling (n=21) implementations across eight key 

factors. Bars extend leftward (negative) for struggling 

implementations and rightward (positive) for successful 

implementations. Factors ordered by effect size: Legacy 

System Strategy +56 pts***, Incremental Implementation 

+54 pts***, Dedicated CDO/Data Office +50 pts***, 

Strong Executive Leadership +49 pts***, Privacy Officer 

Involvement +47 pts**, Multi-Stakeholder Governance 

+46 pts**, Formal Change Management +38 pts**, with 

color-coding by category (Organizational=blue, 

Technical=green, Political=orange, Trust=purple). Inset 

box shows funding comparison: Successful M=12.4% vs. 

Struggling M=4.7% of IT budget. Statistical significance 

stars indicate p<0.001(***), p<0.01(**). Chart 

demonstrates that successful implementations 
consistently exhibit strong presence of organizational, 

technical, political, and trust factors while struggling 

implementations typically lack multiple critical elements. 

Success requires multi-dimensional capability, not 

merely technical competence. Source: Qualitative and 

quantitative analysis of 45 jurisdictions, author's data 

collection 2020-2024. 

 

 Trust, Accountability, and Citizen Perspectives 

Citizen trust analysis examined survey data 

(n=8,742 respondents across 18 jurisdictions) and focus 

group discussions (n=147 participants in 24 groups) 

exploring attitudes toward government data use for AI 

services. Findings reveal nuanced views: citizens 

recognize potential benefits yet express significant 

concerns about privacy, bias, and accountability. Trust 

varies substantially across jurisdictions, correlating with 

specific governance characteristics rather than general 

government trust. 

 

Survey results show 58% of respondents express at 
least moderate trust in government data use for AI 

services, but trust varies from 38% (lowest jurisdiction) 

to 79% (highest). Regression analysis identifies 

transparency mechanisms (β=0.42, p<0.001), algorithmic 
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accountability tools (β=0.38, p<0.001), and participatory 

governance (β=0.31, p<0.01) as significant predictors of 

citizen trust controlling for general government trust, 

education, age, and technical literacy. These findings 

suggest that data infrastructure governance design 

specifically influences AI trust rather than merely 

reflecting pre-existing institutional trust. 

 

Focus group discussions illuminated specific 

concerns and trust-building mechanisms. Privacy 

concerns centered not on data collection per se but on 

secondary uses, data breaches, and mission creep. One 

participant explained: 'I don't mind government having 

my data for services I use. What worries me is data 

collected for one purpose getting used for another 

without my knowledge or consent.' This suggests consent 

management and purpose limitation often dismissed as 

technical requirements hold substantive importance for 

citizen trust. 

 

Algorithmic transparency emerged as critical yet 

insufficient for meaningful accountability. Citizens want 

to understand AI decisions affecting them but often lack 

technical literacy interpreting algorithmic explanations. 

One participant noted: 'They say the system is transparent 

and show me math formulas. But I don't understand math 

I need explanations in plain language about why I got this 

decision and how to appeal if wrong.' This highlights 

need for layered transparency: technical documentation 

for experts, plain-language explanations for citizens, and 

accessible appeals processes for those disagreeing with 

decisions (Wachter et al., 2017). 

 

Bias and fairness concerns proved particularly 

salient for historically marginalized communities. Focus 

groups with minority communities revealed skepticism 

about AI fairness given historical discrimination 

experiences. Multiple participants expressed concerns 

that AI would automate and amplify existing biases. 

Trust-building required not merely technical debiasing 

approaches but procedural fairness mechanisms: diverse 

participation in AI governance, impact assessments 

examining distributional effects, and accountability 

mechanisms enabling bias challenges. 

 

Table 5 Trust Factors, Accountability Mechanisms, and Citizen Perspectives (N=45 Jurisdictions, Survey n=8,742) 

Trust Factor / 

Accountability 

Mechanism 

Correlation with 

Citizen Trust 

% Jurisdictions 

with Strong 

Implementation 

Citizen Priority 

Ranking (1=highest) 

Supporting Framework 

Clear Purpose Limitation 

& Consent 

r=0.48*** 42% (19/45) 1 GDPR Article 5; Solove 

(2012) 

Algorithmic Impact 

Assessment 

r=0.43*** 38% (17/45) 2 Reisman et al. (2018); 

Ada Lovelace Institute 

(2020) 

Plain-Language 

Transparency 

r=0.41*** 31% (14/45) 3 Wachter et al. (2017); 

European Commission 

(2020) 

Human Appeal & 

Override Mechanisms 

r=0.39** 29% (13/45) 4 GDPR Article 22; Citron 

& Pasquale (2014) 

Independent Algorithmic 

Auditing 

r=0.37** 24% (11/45) 5 Raji et al. (2020); AI 

Now Institute (2019) 

Participatory AI 

Governance Boards 

r=0.34** 20% (9/45) 6 Rahwan (2018); Sætra 

(2021) 

Data Breach Notification 

& Remedy 

r=0.33** 67% (30/45) 7 GDPR Article 33-34; 

Romanosky et al. (2011) 

Anti-Discrimination 

Testing 

r=0.32** 22% (10/45) 8 Barocas & Selbst (2016); 

Buolamwini & Gebru 

(2018) 

 

 Note: Correlations calculated between mechanism 

implementation strength (0-10 scale from document 

analysis) and citizen trust scores from representative 

surveys. ***p<0.001, **p<0.01. % Implementation 

indicates strong presence (score ≥7/10). Citizen 

priority ranking from focus group importance ratings 

(n=147 participants). Supporting frameworks indicate 

key scholarly and policy sources establishing each 

mechanism's importance. Data collected 2020-2024 

through mixed methods. 

 
Table 5 demonstrates that trust factors with 

strongest citizen priority (purpose limitation, impact 

assessments, plain-language transparency) show strongest 

correlations with actual trust yet remain incompletely 

implemented. Only 42% of jurisdictions strongly 

implement purpose limitation mechanisms, 38% conduct 

algorithmic impact assessments, and 31% provide plain-

language transparency. This implementation gap suggests 

substantial opportunity for trust improvement through 

better accountability mechanisms (Reisman et al., 2018). 

 

Interestingly, data breach notification widely 

implemented (67%) due to legal requirements ranks 

relatively low in citizen priority (7th) and shows weaker 

trust correlation (r=0.33). This suggests that while breach 

protection matters, citizens prioritize understanding and 

controlling normal data use over preventing exceptional 

breaches. Overemphasis on breach security while 
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neglecting everyday transparency and purpose limitation 

may misallocate trust-building efforts. 

 

The table also reveals that sophisticated 

accountability mechanisms like independent auditing 

(24% strong implementation) and anti-discrimination 

testing (22%) remain rare despite significant trust effects 

(r=0.37 and r=0.32). Implementation requires technical 

expertise, organizational capacity, and political will that 

many jurisdictions lack. This suggests need for shared 

services, international standards, and technical assistance 

helping jurisdictions implement accountability 

mechanisms beyond basic transparency (Raji et al., 

2020). 

 

 
Fig 4 Citizen Trust Factors and Implementation Gaps. 

 

Combined bar and line chart showing trust 

mechanisms' effectiveness versus implementation 

prevalence. Primary y-axis (left, 0-1.0 scale) measures 

correlation with citizen trust (blue bars). Secondary y-

axis (right, 0-100% scale) measures percentage of 

jurisdictions with strong implementation (orange line 

with markers). X-axis lists eight accountability 

mechanisms ordered by citizen priority ranking. Four 

quadrants annotated: High Priority / Low Implementation 

(top-left, includes Purpose Limitation, Impact 

Assessment, Plain-Language Transparency) indicates 

urgent implementation opportunities; High Priority / 

High Implementation (top-right, only Data Breach 

Notification) indicates alignment with citizen concerns; 

Low Priority / High Implementation (bottom-right) 

suggests potential overemphasis; Low Priority / Low 

Implementation (bottom-left) indicates lower urgency. 

Shaded region highlights 'implementation gap' between 

citizen priorities and actual governance practices. Chart 

demonstrates significant disconnect: mechanisms citizens 

prioritize most and that correlate strongest with trust 

remain least implemented, while legally-mandated breach 

notification receives disproportionate attention despite 

weaker citizen prioritization. Strategic implication: 

jurisdictions can substantially improve trust by focusing 

on purpose limitation, impact assessments, and plain-

language transparency rather than merely breach security. 

Source: Survey data n=8,742, focus groups n=147, 

jurisdiction assessments n=45, 2020-2024. 

V. DISCUSSION 

 
 Theoretical Contributions 

This research advances understanding of data 

governance, infrastructure studies, and AI in government 

by integrating previously separate literatures and 

demonstrating how infrastructure framing transforms data 

governance from technical problem to political-economic 

challenge requiring democratic deliberation. First, the 

research extends infrastructure studies by systematically 

examining data infrastructure governance, moving 

beyond conceptual analysis to empirical investigation of 

implementation approaches, outcomes, and challenges. 

While infrastructure scholars have analyzed physical 

systems (roads, utilities) and nascent work examined 

scientific cyberinfrastructure (Edwards et al., 2007), 

systematic study of governmental data infrastructure 

remained limited. This research documents governance 

archetypes, identifies critical dimensions, and links 

governance characteristics to measurable outcomes. 

 

The five-dimensional framework legal, technical, 

institutional, trust, economic provides analytical structure 

for examining data infrastructure governance 

comprehensively. Prior research often emphasized single 

dimensions: technical standards (Hanseth & Lyytinen, 

2010), legal frameworks (Janssen & Kuk, 2016), or 

institutional arrangements (Fountain, 2001). This 

research demonstrates that effective governance requires 
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simultaneous attention to all dimensions. Regression 

results showing that technical architecture, trust 

mechanisms, and institutional arrangements 

independently predict outcomes while controlling for 

other dimensions confirm that no single dimension 

dominates; infrastructure governance constitutes multi-

dimensional sociotechnical challenge. 

 

The research contributes to institutional economics 

by examining how data infrastructure governance 

addresses collective action problems in digital context. 

Ostrom's (1990) framework for governing commons 

identified design principles enabling sustainable resource 

management: clearly defined boundaries, proportional 

equivalence between benefits and costs, collective choice 

arrangements, monitoring, graduated sanctions, conflict 

resolution, and nested enterprises. This research adapts 

these principles to data infrastructure context, showing 

how successful implementations establish clear data 

access rights (boundaries), balance contributions with 

benefits (proportionality), include stakeholders in 

governance (collective choice), implement auditing and 

accountability (monitoring), and coordinate across 

governmental levels (nested enterprises). 

 

However, data's distinctive economic characteristics 

non-rival consumption, network effects, economies of 

scale create governance challenges differing from 

physical commons. Traditional common-pool resources 

involve rivalry and excludability enabling individual 

appropriation; overuse threatens sustainability. Data 

infrastructure faces different challenges: underuse due to 

access restrictions, exploitation concerns regarding 

privacy and surveillance, and concentration risks creating 

data monopolies. The research shows how governance 

mechanisms address these distinctive challenges through 

privacy-enhancing technologies enabling use while 

protecting privacy, federated architectures balancing 

integration with control, and open standards preventing 

lock-in. 

 

For AI governance scholarship, the research 

demonstrates that data infrastructure governance 

constitutes essential but underexamined foundation for 

algorithmic accountability. Much AI governance research 

focuses on algorithm design, testing, and monitoring, 

assuming data availability and quality (Mittelstadt et al., 

2016; Rahwan, 2018). However, findings show that data 

infrastructure characteristics quality frameworks, 

interoperability standards, privacy protections 

significantly influence AI system performance and 

trustworthiness. AI governance frameworks must address 

data governance explicitly rather than treating it as 

separate technical concern. The research provides 

empirical evidence linking infrastructure characteristics 

to AI outcomes, establishing data governance as integral 

to accountable AI. 

 
The research also contributes by examining 

infrastructure implementation realities beyond 

governance design. Much prior work emphasizes 

frameworks and principles while implementation 

challenges receive limited attention. Qualitative findings 

documenting organizational resistance, technical 

complexity, legal uncertainty, and political coordination 

challenges illuminate why even well-designed 

governance often struggles in practice. Success factor 

analysis identifying leadership, funding, stakeholder 

engagement, and capability building as critical enables 

more realistic implementation planning. This shifts focus 

from optimal design to feasible implementation given 

organizational and political constraints (Fountain, 2001). 

 

 Policy Implications 

Findings provide multiple policy implications for 

governments pursuing data infrastructure and AI-enabled 

services. First, data infrastructure requires strategic 

approach treating data as foundational capability rather 

than agency-specific asset. Traditional data governance 

emphasizing departmental ownership and control creates 

fragmentation inhibiting AI development requiring cross-

agency integration. Infrastructure framing shifts 

perspective toward collective resource requiring 

coordinated investment, shared standards, and universal 

access principles. Policymakers should develop explicit 

data infrastructure strategies establishing vision, 

governance framework, investment plans, and 

implementation roadmaps. 

 

Second, effective infrastructure governance 

demands multi-dimensional capability; technical 

competence alone proves insufficient. Findings show that 

technical architecture, trust mechanisms, institutional 

arrangements, legal frameworks, and economic models 

independently contribute to outcomes. Governments 

often emphasize technical standards while neglecting 

institutional coordination or trust-building. 

Comprehensive governance requires simultaneous 

investment across dimensions, with particular attention to 

trust mechanisms given their strong citizen impact and 

current implementation gaps. Policymakers should assess 

governance maturity across all dimensions, addressing 

weaknesses rather than merely building on existing 

strengths. 

 

Third, privacy protection and AI development 

constitute complementary rather than competing 

objectives when governance employs privacy-enhancing 

technologies and accountability mechanisms. Results 

showing that trust mechanisms correlate positively with 

AI deployment speed and performance challenge zero-

sum assumptions where privacy protection necessarily 

constrains innovation. Well-designed mechanisms enable 

data use while addressing legitimate concerns, building 

social license for AI deployment. Policymakers should 

invest in sophisticated accountability approaches 

algorithmic impact assessments, independent auditing, 

participatory governance rather than merely access 

restrictions or transparency theater. 

 
Fourth, implementation requires sustained executive 

leadership, adequate resources, stakeholder engagement, 

and organizational change management. Success factor 

analysis demonstrates that effective implementations 
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exhibit strong presence across these dimensions while 

struggling implementations typically lack multiple 

critical elements. Policymakers should ensure: dedicated 

data offices with authority and budget reporting directly 

to executive leadership; sustained funding (benchmark: 

12% of IT budgets based on successful implementations); 

multi-stakeholder advisory bodies ensuring diverse 

participation; formal change management addressing 

organizational culture and capacity; and incremental 

implementation strategies achieving early wins before 

scaling. 

 

Fifth, international cooperation and standards 

harmonization would substantially reduce governance 

complexity and costs. Many jurisdictions face similar 

challenges while developing independent solutions, 

duplicating effort and creating fragmentation inhibiting 

cross-border data flows. International standards for data 

formats, APIs, privacy-enhancing technologies, and 

algorithmic accountability would enable interoperability 

while allowing local adaptation. Development assistance 

helping emerging economies implement infrastructure 

governance would promote equitable access to AI 

benefits while preventing digital divides. Policymakers 

should engage multilateral organizations (UN, OECD, 

regional bodies) establishing frameworks for data 

infrastructure cooperation. 

 

 
Fig 5 Data-as-Infrastructure Governance Framework 

 

Integrative Model. Comprehensive conceptual 

diagram showing relationships among five governance 

dimensions, implementation factors, and outcomes. 

Center shows interconnected pentagon representing five 

dimensions (Legal Framework, Technical Architecture, 

Institutional Arrangements, Trust Mechanisms, 

Economic Model) with bidirectional arrows indicating 

interdependencies. Each dimension connects to specific 

components: Legal access rights, privacy protection, 

accountability mandates; Technical interoperability 

standards, APIs, federated architecture; Institutional 

coordination bodies, stakeholder participation, dispute 

resolution; Trust privacy-enhancing tech, impact 

assessments, transparency; Economic public investment, 

value capture, procurement policy. Outer ring shows 
critical implementation factors (Executive Leadership, 

Stakeholder Engagement, Funding, Capability Building, 

Change Management) with arrows pointing inward 

indicating enabling effects. Right side shows outcome 

dimensions with pathway arrows: AI Deployment Speed, 

Cross-Agency Sharing, Data Quality, System 

Performance, Citizen Trust, leading to ultimate outcome 

of 'Trusted AI-Driven Government Services.' Color 

coding by category: Legal=blue, Technical=green, 

Institutional=orange, Trust=purple, Economic=yellow, 

Implementation=gray, Outcomes=gradient. Dashed 

feedback loops indicate outcomes influence governance 

evolution. Annotations highlight key findings: technical + 

trust dimensions show strongest effects; all dimensions 

required simultaneously; implementation factors mediate 

governance-outcome relationships. Framework 

demonstrates that effective data infrastructure governance 

requires: (1) Multi-dimensional capability across legal, 

technical, institutional, trust, economic domains; (2) 
Strong implementation capacity in leadership, resources, 

engagement; (3) Integrated approach recognizing 

interdependencies rather than siloed initiatives. Success 

demands simultaneous attention to governance design 
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and implementation realities. Source: Synthesized 

framework integrating empirical findings from 45-

jurisdiction study with theoretical foundations from 

infrastructure studies, institutional economics, and AI 

governance literature. 

 

 Practical Recommendations 

For government technology officers implementing 

data infrastructure, findings point to several actionable 

strategies. Begin with a comprehensive governance 

assessment across the five dimensions to identify 

strengths and gaps. Jurisdictions often perform well in 

isolated areas while neglecting others; evidence shows 

balanced development is more effective than optimizing a 

single dimension. Priority should be given to technical 

architecture and trust mechanisms, which show the 

strongest associations with positive outcomes. Investment 

in APIs, semantic standards, and privacy-enhancing 

technologies provides foundational capabilities 

supporting multiple applications. 

 

Adopt an incremental implementation strategy 

rather than pursuing comprehensive transformation 

upfront. Successful jurisdictions typically launched pilot 

initiatives in receptive agencies, demonstrated value, 

refined approaches through learning, and scaled 

gradually. Early wins even modest ones generate political 

support, organizational learning, and momentum. Target 

low-complexity, high-benefit data-sharing opportunities 

to establish credibility. 

 

Governance should be treated as a socio-technical 

process rather than a purely technical exercise. 

Continuous stakeholder engagement is essential. 

Advisory bodies incorporating government agencies, 

private sector partners, academia, and civil society 

enhance legitimacy and technical quality. Regular 

consultation, transparent decision-making, and 

responsiveness to concerns particularly from privacy 

officers, legal counsel, and ethics experts help address 

trust issues proactively. 

 

For AI practitioners developing government 

applications, early engagement with governance 

processes is critical. Projects frequently stall when 

regulatory or policy constraints emerge late in 

development. Understanding legal frameworks, 

institutional arrangements, and trust requirements at the 

outset enables compliant system design while allowing 

practitioners to shape governance in support of legitimate 

technical needs. 

 

Comprehensive documentation of data provenance, 

quality, limitations, and appropriate uses is essential for 

accountability and continuous improvement. Governance 

increasingly relies on metadata standards specifying data 

sources, collection methods, quality indicators, and usage 

constraints. Treating documentation as a compliance 
burden rather than a design principle creates technical 

debt; adoption of dataset documentation standards, model 

cards, and algorithmic impact statements strengthens 

accountability. 

For civil society advocates, findings highlight 

priority accountability mechanisms. Purpose limitation 

and consent management remain under-implemented 

despite high citizen importance. Algorithmic impact 

assessments, independent auditing, plain-language 

transparency, and effective appeal mechanisms are 

technically feasible and strongly associated with trust yet 

remain rare. Targeted advocacy for these mechanisms 

can significantly enhance democratic AI governance. 

 

 Limitations and Delimitations 
Several limitations qualify interpretation of the 

findings. First, purposive case selection emphasizing 

diversity limits statistical generalization, though variation 

across geography, governmental levels, and maturity 

supports analytical generalization. Transferability should 

be assessed contextually. 

 

Second, outcome measures relied partly on self-

reported data and official statistics, which may reflect 

reporting bias. Triangulation across sources mitigated this 

risk, but some measurement error likely remains. 

Longitudinal designs would strengthen causal inference. 

 

Third, the study focuses on governance inputs and 

intermediate outcomes rather than ultimate societal 

impacts. While improved data infrastructure correlates 

with faster AI deployment, enhanced data sharing, and 

increased trust, effects on service quality, citizen 

wellbeing, and democratic accountability require longer-

term evaluation. 

 

Fourth, findings reflect the 2020–2024 technological 

and policy context. Emerging technologies and evolving 

privacy regulations may alter governance requirements, 

although core principles of coordination, trust, and 

accountability are likely to remain relevant. 

 

Finally, the research emphasizes governmental 

perspectives. Deeper citizen-centered and ethnographic 

investigation would enrich understanding of how data 

infrastructure and AI systems are experienced in practice. 

 

VI. CONCLUSION 

 

This research demonstrates that treating data as 

public infrastructure governed through trusted data 

ecosystems enables AI-driven government innovation 

while safeguarding privacy, accountability, and equity. 

Drawing on comparative analysis of 45 jurisdictions, the 

study establishes an empirical foundation for data 

infrastructure governance largely absent from prior 

research. 

 

Findings identify five interdependent governance 

dimensions legal, technical, institutional, trust, and 

economic that together shape effective implementation. 

Successful jurisdictions combine clear legal foundations, 
interoperable technical architectures, balanced 

institutional coordination, robust trust mechanisms, and 

sustainable funding models. 

 



17 

Quantitative analysis shows that jurisdictions 

adopting data-as-infrastructure approaches achieve 

significantly better outcomes, including faster AI 

deployment, improved cross-agency data sharing, 

reduced duplication, and higher citizen trust. These 

governance characteristics also improve AI system 

performance, adoption, and user satisfaction beyond 

merely enabling deployment. 

 

Implementation remains challenging due to 

organizational resistance, legacy systems, legal 

uncertainty, and political coordination barriers. Success 

requires strong executive leadership, sustained funding 

(approximately 12% of IT budgets), stakeholder 

engagement, and incremental strategies producing early 

wins. 

 

Citizen trust analysis reveals that governance design 

rather than general institutional trust strongly shapes 

public confidence. Purpose limitation, impact 

assessments, transparency, and appeal mechanisms show 

the strongest associations with trust yet remain 

incompletely implemented, representing key 

opportunities for improvement. 

 

Theoretically, the study integrates infrastructure 

studies, institutional economics, and AI governance, 

demonstrating that data governance is a political-

economic challenge rather than a purely technical one. 

Practically, it provides guidance for policymakers, 

technologists, and civil society actors seeking to build 

AI-enabled public services aligned with democratic 

values. 

 

VII. LIMITATIONS 

 

The study’s purposive sampling limits statistical 

generalization, though cross-jurisdictional diversity 

supports analytical insights. The cross-sectional design 

constrains causal inference despite temporal analysis for 

some cases. Outcome measures rely on proxies rather 

than direct indicators of citizen wellbeing, and the 

emphasis on government perspectives underrepresents 

private sector and civil society challenges. Rapid 

technological change may require future updates, 

although foundational governance principles are expected 

to endure. 

 

PRACTICAL IMPLICATIONS 

 
For policymakers, data infrastructure should be 

treated as a strategic asset requiring explicit strategy, 

balanced governance, sustained funding, and executive 

leadership. Simultaneous investment in technical 

capability and trust mechanisms is essential. 

 

For technology officers, success depends on 

comprehensive governance across all dimensions, 
incremental implementation with early wins, and 

deliberate strategies for integrating legacy systems. 

 

For AI practitioners, early governance engagement, 

rigorous documentation, and adoption of privacy-

enhancing technologies are critical for scalable and 

trustworthy systems. 

 

For civil society, focused advocacy on high-impact 

accountability mechanisms, meaningful participation in 

governance bodies, and promotion of accessible 

transparency and appeal processes can significantly 

enhance democratic oversight. 

 

FUTURE RESEARCH 

 

Future research should prioritize longitudinal 

studies, causal designs exploiting policy variation, and 

impact evaluations examining service quality and citizen 

wellbeing. Ethnographic and citizen-centered research 

would complement governmental perspectives. 

Comparative studies across sectors and international 

contexts, along with investigation of emerging 

technologies and capacity-building mechanisms, would 

further advance understanding of data infrastructure 

governance. 
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