CHAPTER 4

MODEL OF SOCIOTECHNICAL MATURITY INDICATORS IN SMART CITIES

[bookmark: _839tj6s19lod]ABSTRACT: This chapter proposes a model of sociotechnical maturity indicators applied to smart cities, structured from a multidimensional approach that integrates Artificial Intelligence, Intellectual Property, data governance, and institutional and social dimensions. The model is organized into analytical axes and incorporates specific and synthetic indicators, allowing the measurement and interpretation of complex urban phenomena. The results highlight the centrality of the integration between technology, innovation, institutional capacity and social trust for smart urban development. The role of the Sociotechnical Maturity Index as a synthesis indicator is highlighted, enabling the systemic and comparative evaluation of the analyzed contexts. The model contributes to the theoretical-methodological advancement of the field, offering subsidies for the formulation of data-driven public policies and for the governance of innovative urban ecosystems.
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INTRODUCTION
The growing complexity of contemporary urban systems, intensified by digitalization, the diffusion of Artificial Intelligence (AI) and the centrality of data, has demanded new analytical approaches capable of understanding and evaluating the development of smart cities in an integrated way. In this context, the need for models emerges that go beyond fragmented perspectives and allow capturing the interaction between technological, institutional, economic, and social dimensions, configuring what the literature calls urban sociotechnical systems (KITCHIN, 2014; CARAGLIU; DEL BO; NIJKAMP, 2011).
Smart cities are not limited to the incorporation of digital technologies, but involve the articulation between infrastructure, governance, innovation, and social participation, with a view to improving the quality of life and urban sustainability (ISO, 2019; COHEN, 2014). In this sense, Artificial Intelligence stands out as a structuring technology, as it enables predictive analysis, process automation, and support for data-based decision-making, while intellectual property acts as a mechanism for organizing, protecting, and disseminating innovation in the urban environment (OECD, 2019; WIPO, 2023).
Given this complexity, the construction of indicators plays a fundamental role in the operationalization and measurement of the smart city concept. Indicators allow translating abstract phenomena into observable metrics, enabling comparisons, monitoring, and evaluation of public policies (JANNUZZI, 2012). However, the multidimensional nature of smart cities requires the adoption of composite and synthetic indicators, capable of integrating different variables into a coherent and interpretable analytical framework.
In this scenario, this chapter proposes a model of sociotechnical maturity indicators, structured from the integration between Artificial Intelligence, Intellectual Property, data governance and institutional and social dimensions. The model is organized into multiple analytical axes and incorporates specific and synthetic indicators, allowing the capture of both structural and dynamic aspects of smart urban development.
The notion of sociotechnical maturity adopted in this study refers to the capacity of an urban system to articulate, in an efficient and adaptive way, digital technologies, institutions, economic agents and society, promoting innovation, sustainability and collective well-being. Such an approach dialogues with contemporary perspectives that emphasize the importance of data governance, social trust, and adaptive regulation as central elements for the consolidation of smart urban ecosystems (FLORIDI et al., 2018; WORLD BANK, 2021).
Finally, the proposed model seeks to contribute to the theoretical and methodological advancement in the field of smart cities, by offering an integrated analytical instrument, applicable to empirical evaluation and the formulation of public policies. By articulating indicators of different natures in a unified framework, the chapter lays the groundwork for the analysis of the results presented in the subsequent sections, as well as for the discussion of the practical and strategic implications of sociotechnical maturity in the contemporary urban context.


THEORETICAL FRAMEWORK
The construction of indicators is a central element for the analytical operationalization of public policies and the evaluation of urban performance. In the context of smart cities, indicators not only measure results, but also structure evidence-based governance models, allowing monitoring, international comparability, and strategic alignment with global agendas (ISO, 2019; OECD, 2020).
In the field of urban mobility, classic indicators include average commuting time, congestion rate, modal share, emissions per passenger-kilometer, public transport coverage, and territorial accessibility index (UN-Habitat, 2020). Such metrics allow the evaluation of systemic efficiency, distributive equity, and environmental sustainability, in line with SDG 11 of the 2030 Agenda (UN, 2015).
In the dimension of urban innovation and territorial ecosystems, indicators involve the density of startups, the intensity of investment in R&D, the number of university-company partnerships, venture capital per capita, installed digital infrastructure, and the degree of institutional connectivity (AUDRETSCH; BELITSKI, 2017; OECD, 2019). The literature highlights that innovative environments have high relational density and technological absorption capacity, measurable by indicators composed of regional innovation (ETZKOWITZ; LEYDESDORFF, 2000).
In the context of artificial intelligence applied to the urban context, indicators related to government digital maturity, data interoperability, installed computing capacity, adoption of predictive systems, and algorithmic transparency emerge (OECD, 2019; European Commission, 2020). Algorithmic governance also requires metrics related to accountability, explainability, and bias mitigation, expanding the traditional notion of technological performance to include ethical and regulatory dimensions (FLORIDI et al., 2018).
With regard to intellectual property and patents, relevant indicators include number of filings by technology sector, green patents, technology intensity by territory, and international co-invention networks (WIPO, 2022). The measurement of intangible assets becomes fundamental to assess the sophistication of the urban ecosystem and its insertion in the knowledge economy.
Thus, it is observed that the consolidation of integrated indicators — mobility, innovation, AI, and intellectual property — allows the construction of data-driven urban systems, capable of articulating operational efficiency, environmental sustainability, and economic dynamism. The literature converges on the understanding that smart cities require institutional architecture based on multidimensional metrics, avoiding technocratic reductionism and promoting adaptive governance (CARAGLIU; DEL BO; NIJKAMP, 2011; OECD, 2020).
MATERIALS AND METHODS
The present research adopts a methodological approach with an exploratory and applied character, aimed at the construction of a model of indicators of sociotechnical maturity in smart cities. The methodological strategy is based on the integration between theoretical review, empirical analysis and indicator modeling, allowing the articulation between Artificial Intelligence, Intellectual Property, data governance and institutional and social dimensions. This approach is aligned with the classic methodologies for the construction of synthetic indicators and indices applied to the analysis of public policies and complex phenomena (JANNUZZI, 2012; SCANDAR NETO; JANNUZZI; NASCIMENTO, 2006).
Initially, the conceptual delimitation of the object of study was carried out, understanding smart cities as complex sociotechnical systems, in which technological infrastructure, governance, institutional actors and society interact in a dynamic and interdependent way. This perspective is supported by contemporary literature, which highlights the role of data, digital technologies, and urban governance in the organization of smart cities (KITCHIN, 2014; CARAGLIU; DEL BO; NIJKAMP, 2011). Relevant normative and empirical references were also incorporated, such as the ISO 37122 standard (ISO, 2019), the model of Boyd Cohen (2014) and studies on Artificial Intelligence and innovation, which emphasize the centrality of these technologies in the urban context (OECD, 2019; WIPO, 2023).
Based on this framework, a multidimensional analytical framework was structured, organized into axes that include Artificial Intelligence, Intellectual Property, governance and data, urban innovation, sustainability and the statistical/perceptual dimension. This organization allows the analysis to be operationalized in an integrated way, capturing the complexity of urban systems and enabling the construction of a matrix of indicators consistent with the objectives of the research (COHEN, 2014; JANNUZZI, 2012).
The selection and construction of the indicators were carried out from the combination of indicators consolidated in the literature and original indicators developed within the scope of the research. Criteria such as theoretical relevance, measurability, internal consistency and empirical applicability were considered, according to methodological guidelines for indicator systems (SCANDAR NETO; JANNUZZI; NASCIMENTO, 2006). This process resulted in the definition of a structured set of indicators distributed by dimensions, including metrics related to the maturity of Artificial Intelligence, urban data governance, management of intangible assets, regulation, and innovation.
The empirical basis was constituted through a structured survey, using Likert-type scales, allowing capturing the respondents' perception of the relevance and impacts of Artificial Intelligence, urban innovation and governance in smart cities. The collected data were submitted to statistical treatment procedures, including standardization of variables, distribution analysis, consistency verification and, when necessary, normalization of the data. These procedures aim to ensure the quality of the empirical basis and the comparability of the results (FIELD, 2013).
Based on the suggested indicators, synthetic indices were constructed through aggregation techniques, with emphasis on the use of weighted averages, considering the relative relevance of the indicators in the model. This stage made it possible to consolidate composite metrics, including the Sociotechnical Maturity Index, which integrates the different dimensions analyzed. The use of synthetic indices is particularly relevant for the analysis of complex phenomena, allowing the reduction of dimensionality and the construction of an integrated reading of the data (JANNUZZI, 2012), see:
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The analysis of the results was carried out in an integrated manner, seeking to identify patterns, relationships and trends between the indicators, as well as to understand the interactions between Artificial Intelligence, Intellectual Property, data governance and institutional dimensions. This stage articulates empirical evidence and theoretical interpretation, allowing an in-depth understanding of the factors that influence the development of smart cities (KITCHIN, 2014; OECD, 2019).
Finally, the results obtained were used to support the proposition of applied guidelines, aimed at the governance of smart cities guided by data and innovation. This integration between indicators, statistical analysis, and practical propositions reinforces the applied character of the research and its contribution to the formulation of evidence-based public policies, as recommended by international organizations (WORLD BANK, 2021).
RESULTS 
The results presented in this chapter are structured based on an integrated set of indicators, organized into different analytical axes that reflect the technological, economic, institutional and social dimensions of smart cities. Among them, the most important indicators stand out, responsible for structuring the model and guiding the interpretation of empirical findings. These indicators allow not only the isolated analysis of variables, but also the systemic understanding of the relationships between Artificial Intelligence, Intellectual Property, data governance and social trust, and are later integrated through the Sociotechnical Maturity Index (IMSU), which synthesizes the level of development of the smart cities analyzed.
	Axle
	Table of Contents
	Explanation
	Justification
	Reference (author-date)
	Resources
	Stakeholders
	Consequences
	Weight

	AI
	IMPIOUS
	AI maturity
	Structuring AI
	(OECD, 2019)
	Digital Infrastructure
	Government
	Efficiency
	0,20

	AI
	IAE
	Strategic alignment
	Planning
	(OECD, 2020)
	Survey
	Managers
	Coherence
	0,20

	AI
	IIS-IA
	Systemic integration
	Ecosystem
	(CARAGLIU et al., 2011)
	Data
	Gov/companies
	Synergy
	0,20

	AI
	IIR
	Relational intensity
	Correlation
	(HAIR et al., 2010)
	Statistical basis
	Research
	Suggestion
	0,20

	AI
	ICA
	AI Reliability
	Ethics
	(FLORIDI et al., 2018)
	Auditable AI
	Government
	Trust
	0,20

	IP
	IGEAI
	Asset management
	Strategic IP
	(WIPO, 2023)
	IP Data
	ICTs
	Innovation
	0,25

	IP
	IPG-PI
	IP Potential
	AI generates assets
	(OECD, 2019)
	Data
	Companies
	Growth
	0,20

	IP
	IIIP
	Innovation intensity
	Economic base
	(SCHUMPETER, 1934)
	Data
	Startups
	Competitiveness
	0,20

	IP
	ICC-IA
	AI Protection
	Legal certainty
	(WIPO, 2023)
	Records
	Legal
	Security
	0,15

	IP
	ITTU
	Technology transfer
	Triple helix
	(ETZKOWITZ, 2000)
	Partnerships
	Univ/Gov
	Diffusion
	0,20

	GOV
	IGDU
	Data Governance
	Smart city base
	(ISO, 2019)
	Infrastructure
	Government
	Efficiency
	0,25

	GOV
	ICRIA
	AI regulation
	Security
	(EU, 2021)
	Standards
	State
	Trust
	0,20

	GOV
	IAD
	Digital accountability
	Transparency
	(OECD, 2020)
	Data
	Government
	Control
	0,20

	GOV
	ITA
	AI Transparency
	Ethics
	(FLORIDI et al., 2018)
	AI
	Society
	Trust
	0,15

	GOV
	BMI
	Monitoring
	Ongoing management
	(WORLD BANK, 2021)
	Systems
	Government
	Adjustments
	0,20

	INOV
	IAUA
	Applied innovation
	Implementation
	(TOWNSEND, 2013)
	Projects
	Gov/companies
	Impact
	0,20

	INOV
	IEPI
	Innovation effectiveness
	Result
	(OECD, 2020)
	Data
	Government
	Efficiency
	0,20

	INOV
	ICII
	Institutional capacity
	Execution
	(WORLD BANK, 2021)
	Structure
	Government
	Support
	0,20

	INOV
	IIM
	Multi-sector integration
	Cooperation
	(ETZKOWITZ, 2000)
	Networks
	All
	Synergy
	0,20

	INOV
	LEFT
	Urban assets
	Knowledge
	(WIPO, 2023)
	Data
	Companies
	Growth
	0,20

	SUPPORT
	IMIS
	Sustainable mobility
	SDG 11
	(UNITED NATIONS, 2015)
	Data
	Government
	Sustainability
	0,20

	SUPPORT
	IEEI
	Energy efficiency
	SDG 7
	(UNITED NATIONS, 2015)
	Infrastructure
	Companies
	Efficiency
	0,20

	SUPPORT
	IRS
	Traceability
	ESG
	(OECD, 2020)
	Data
	Industry
	Transparency
	0,20

	SUPPORT
	IRP
	Predictive resilience
	Climate
	(KITCHIN, 2014)
	AI
	Government
	Prevention
	0,20

	SUPPORT
	TRU
	Recovery time
	Resilience
	(ISO, 2019)
	Data
	Civil defense
	Continuity
	0,20

	ETHICS
	ICTU
	Technology confidence
	Acceptance
	(OECD, 2019)
	Survey
	Population
	Legitimacy
	0,25

	ETHICS
	TSPD
	Data security
	Protection
	(WORLD BANK, 2021)
	IT
	Government
	Security
	0,20

	ETHICS
	ICA
	AI Reliability
	Accuracy
	(FLORIDI et al., 2018)
	AI
	Government
	Security
	0,20

	ETHICS
	IAR
	Regulatory adaptability
	Innovation
	(OECD, 2020)
	Standards
	State
	Update
	0,20

	ETHICS
	IIST
	Socio-technical impact
	AI+society
	(KITCHIN, 2014)
	Data
	Society
	Wellness
	0,15

	MÉT
	ICP
	Perceptual consensus
	Validity
	(FIELD, 2013)
	Survey
	Research
	Robustness
	0,20

	MÉT
	ICL
	Latent coherence
	Construct
	(HAIR et al., 2010)
	Data
	Academics
	Quality
	0,20

	MÉT
	IQEM
	Model quality
	Rigor
	(HAIR et al., 2010)
	Base
	Research
	Credibility
	0,20

	MÉT
	IRCX
	Reduced complexity
	Summary
	(JANNUZZI, 2012)
	Data
	Research
	Clarity
	0,20

	MÉT
	IEP
	Stability
	Consistency
	(FIELD, 2013)
	Data
	Research
	Reliability
	0,20

	SINT
	IMSU
	Overall maturity
	Integration
	(COHEN, 2014)
	Data
	All
	Evaluation
	0,25

	SINT
	IGIPU
	Urban IP governance
	IA+PI
	(WIPO, 2023)
	Data
	Government
	Strategy
	0,20

	SINT
	IID-PI
	PI Implementation
	Application
	(WIPO, 2023)
	Standards
	State
	Effectiveness
	0,15

	SINT
	TAI
	Institutional adoption
	Diffusion
	(WORLD BANK, 2021)
	Structure
	Institutions
	Scale
	0,20

	SINT
	BMI
	Continuous monitoring
	Control
	(OECD, 2020)
	Systems
	Government
	Adjustments
	0,20

	ADAPT
	BAD
	AI Readiness
	Actual capacity
	(OECD, 2019)
	Infrastructure
	Government
	Implementation
	0,10

	ADAPT
	IAP-IA
	Perceptual asymmetry
	Differences
	(OECD, 2020)
	Survey
	Society
	Inclusion
	0,10

	ADAPT
	IDT-IA
	Technological dependence
	Sovereignty
	(WORLD BANK, 2021)
	Data
	Government
	Autonomy
	0,10

	ADAPT
	IMDA-AI
	AI-powered decision
	Automation
	(EUROPEAN COMMISSION, 2021)
	AI
	Government
	Efficiency
	0,10

	ADAPT
	IRP-IA
	IA Risk
	Perception
	(FLORIDI et al., 2018)
	Survey
	Society
	Regulation
	0,10

	ADAPT
	ICR
	Regulatory complexity
	Law
	(EUROPEAN COMMISSION, 2021)
	Standards
	State
	Security
	0,10

	ADAPT
	IIUD
	Data-intensive
	Data-driven
	(WORLD BANK, 2021)
	Data
	Government
	Efficiency
	0,10

	ADAPT
	ICAU
	Adaptive capacity
	Resilience
	(KITCHIN, 2014)
	AI
	Government
	Adjustment
	0,10

	ADAPT
	IVP-IA
	Public value AI
	Wellness
	(OECD, 2019)
	Data
	Society
	Impact
	0,10

	ADAPT
	I DID
	Innovation ecosystem
	Triple helix
	(ETZKOWITZ, 2000)
	Data
	Universities
	Growth
	0,10



The results presented show consistent patterns and significant relationships between the indicators analyzed, especially those with greater weight in the model. Based on these findings, the following section deepens the interpretation of the results in the light of the literature, seeking to understand their theoretical and practical implications in the context of smart cities, with emphasis on the integration between Artificial Intelligence, Intellectual Property, data governance and social trust.
DISCUSSIONS
From the results presented, it is possible to move on to an integrated analysis of the indicators, seeking to understand how their interrelations structure the proposed model. In this sense, the discussion focuses on the identification of the central pillars that support the socio-technical maturity of smart cities, evidencing the articulation between technological, economic, institutional and social dimensions.


1. [bookmark: _ps3wf58gdlcb]Analytical synthesis of the structural pillars of the model
The integrated analysis of the indicators allows us to identify that the proposed model is organized based on four interdependent central pillars, which structure the understanding of smart cities as complex socio-technical systems: technological, economic, institutional and social. These pillars do not operate in isolation, but are dynamically articulated, being integrated by the Sociotechnical Maturity Index (IMSU), which acts as a synthesis indicator.
The technological pillar, represented by the IMPIA (Artificial Intelligence maturity), IGDU (urban data governance) and IIS-IA (systemic integration of AI) indicators, shows that digital infrastructure and the capacity to process and use data constitute the operational basis of smart cities. As Kitchin (2014) argues, data and digital technologies are configured as structuring elements of contemporary urban management, enabling monitoring, automation, and evidence-based decision-making processes. In this context, Artificial Intelligence emerges as a general-purpose technology, capable of enhancing the efficiency and responsiveness of urban systems (OECD, 2019).
The economic pillar, anchored in the IGEAI (management of intangible assets) and IPG-PI (potential for generating intellectual property) indicators, reflects the centrality of the knowledge economy in smart cities. The valuation of intangible assets, such as algorithms, software, and databases, evidences the transition to productive models based on innovation and technology. According to the World Intellectual Property Organization (WIPO, 2023), intellectual property plays a fundamental role in structuring innovative ecosystems, functioning as a mechanism for protecting, encouraging, and disseminating technological knowledge.
The institutional pillar, represented by the ICII (institutional capacity), ICRIA (Artificial Intelligence regulation) and IAR (regulatory adaptability) indicators, highlights the importance of governance structures and state capacity to implement, regulate and adapt public policies in contexts of rapid technological transformation. The literature emphasizes that the effectiveness of smart cities depends on the existence of robust institutions, capable of integrating innovation, regulation, and multisectoral coordination (WORLD BANK, 2021; OECD, 2020). Regulatory adaptability, in particular, is relevant in the face of the speed of evolution of AI, requiring flexible and responsive regulatory frameworks.
Finally, the social pillar, composed of the ICTU (urban technological trust) and IVP-IA (public value of Artificial Intelligence) indicators, shows that legitimacy and social acceptance are essential conditions for the consolidation of smart cities. The population's trust in technologies and in the institutions that use them is directly associated with transparency, ethics, and the perception of concrete benefits generated by innovation (FLORIDI et al., 2018; OECD, 2019). In addition, the generation of public value through AI reinforces the need to guide technological development towards collective well-being and the reduction of inequalities, in line with the Sustainable Development Goals (UNITED NATIONS, 2015).
The articulation of these four pillars is summarized by the Sociotechnical Maturity Index (IMSU), which integrates the technological, economic, institutional, and social dimensions into a single metric, allowing the systemic evaluation of urban intelligence. As Jannuzzi (2012) points out, synthetic indicators are fundamental instruments for the analysis of complex phenomena, as they enable the aggregation of multiple variables in a coherent interpretative structure. In this sense, the IMSU not only consolidates the empirical results, but also offers an analytical tool for the comparison between urban contexts and for supporting evidence-based decision-making.
In this way, the analytical synthesis shows that the development of smart cities depends on the convergence between technology, economic innovation, institutional capacity and social legitimacy, configuring an integrated model that goes beyond fragmented approaches and reinforces the multidimensional nature of urban intelligence. Also, the analysis of the weights attributed to the indicators shows the centrality of four structuring dimensions: data governance, management of intangible assets, socio-technical maturity and technological trust. These elements constitute the core of the proposed model, being complemented by strategic indicators related to artificial intelligence, urban innovation and institutional capacity, which, together, support the integrated understanding of smart cities as sociotechnical systems driven by data and innovation.
2. [bookmark: _y9lpqvt41zmv] Analysis of the model's most important core weight indicators
The analysis of the results shows the existence of a structuring core composed of four central indicators, which concentrate the greatest weights in the proposed analytical model: the Sociotechnical Maturity Index (IMSU), the Intangible Asset Management Index (IGEAI), the Urban Data Governance Index (IGDU) and the Urban Technological Confidence Index (ICTU). These indicators are fundamental pillars for understanding smart cities as complex socio-technical systems, driven by data, innovation and governance.
The IMSU (Sociotechnical Maturity Index) plays a central role in synthesizing the multiple dimensions of the model, integrating technological, institutional and social aspects. This perspective is supported by the literature that understands smart cities as interdependent ecosystems, in which digital infrastructure, human capital, and governance interact dynamically (COHEN, 2014; CARAGLIU; DEL BO; NIJKAMP, 2011). Sociotechnical maturity, in this sense, is not limited to technological adoption, but reflects the ability to articulate between actors, systems and public policies, reinforcing the idea of urban intelligence as an integrated phenomenon.
In the economic and legal field, the IGEAI (Intangible Asset Management Index) stands out as a structuring element by highlighting the role of intellectual property in the organization and valorization of urban innovation. Contemporary literature points out that, in knowledge-based economies, intangible assets — including patents, software, algorithms, and databases — constitute the main vector of competitiveness and development (WIPO, 2023; OECD, 2019). In this context, the efficient management of these assets becomes a necessary condition for the consolidation of innovative urban ecosystems, especially when articulated with Artificial Intelligence.
Additionally, the IGDU (Urban Data Governance Index) reveals the centrality of data as an essential infrastructure of smart cities. Data governance involves not only the collection and processing of information, but also aspects related to interoperability, security, transparency, and ethical use (ISO, 2019; WORLD BANK, 2021). As highlighted by Kitchin (2014), urban data are configured as a structuring element of contemporary dynamics, enabling everything from the efficient management of public services to evidence-based decision-making. Thus, the quality of data governance directly impacts the ability to implement intelligent and adaptive policies.
In turn, the ICTU (Urban Technological Confidence Index) introduces the social dimension at the core of the model, by measuring the level of confidence of the population in relation to the technologies implemented in the urban context. Trust is an indispensable element for the legitimization of digital governance and for the social acceptance of Artificial Intelligence, especially in scenarios that involve massive data collection and decision-making automation (OECD, 2019; FLORIDI et al., 2018). Without trust, technological adoption tends to face resistance, compromising the effectiveness of public policies and the sustainability of intelligent systems.
The integration of these four indicators shows the existence of four interdependent structuring dimensions: technological (data), economic (intangible assets), institutional (socio-technical maturity) and social (trust). This configuration reinforces the multidimensional approach to smart cities, aligned with the principles of the 2030 Agenda and contemporary debates on digital governance, innovation, and sustainability (UNITED NATIONS, 2015).
In this way, the nucleus formed by IMSU, IGEAI, IGDU and ICTU not only synthesizes the empirical results of the research, but also offers a robust analytical framework for the understanding and evaluation of urban intelligence, showing that the development of smart cities depends on the convergence between technology, regulation, innovation and social legitimacy.
Additionally, it is noteworthy that the Sociotechnical Maturity Index (IMSU), by assuming the function of a synthetic indicator of the model, consolidates and integrates the multiple dimensions analyzed, operating as an aggregating metric of urban intelligence. Its construction allows not only the isolated reading of variables, but above all the systemic understanding of the interactions between data governance, management of intangible assets, technological adoption, and social trust. This approach is supported by contemporary models of urban evaluation that emphasize the need for composite indicators to capture complex and multidimensional phenomena (COHEN, 2014; JANNUZZI, 2012). In this sense, the IMSU plays a strategic role by enabling comparisons between urban contexts, supporting decision-making processes and guiding the formulation of evidence-based public policies, configuring itself as a key element for the operationalization of the concept of smart cities as integrated socio-technical systems.
Before concluding, it should be noted that, although the set of indicators proposed presents high internal coherence and explanatory capacity, its application involves limitations inherent to the perceptual nature of the data and the sample size, which may influence the generalization of the results (FIELD, 2013; HAIR et al., 2010). Even so, the construction of synthetic and multidimensional indicators proved to be adequate to capture the complexity of smart cities, allowing the integration of technological, economic, institutional and social dimensions in a consistent analytical structure (JANNUZZI, 2012). In addition, the findings reinforce the relevance of Artificial Intelligence as a structuring technology and intellectual property as a mechanism for organizing innovation, while highlighting the centrality of data governance and social trust for the effectiveness of urban policies (OECD, 2019; WIPO, 2023).
CONCLUSION
The present work consolidated the proposition of an indicator model aimed at the assessment of socio-technical maturity in smart cities, structured from a multidimensional approach that integrates Artificial Intelligence, Intellectual Property, data governance and institutional and social dimensions. The construction of the model allowed the systematic organization of complex variables in a coherent analytical framework, capable of reflecting the dynamic and interdependent nature of contemporary urban systems.
The analysis showed that the maturity of smart cities cannot be understood in isolation or strictly technologically, but must be interpreted as a result of the articulation between institutional capacities, regulatory frameworks, management of intangible assets, data infrastructure and levels of social trust. In this sense, the proposed model contributes by offering an integrated reading of these elements, overcoming fragmented approaches and allowing greater precision in the evaluation of different urban contexts.
In addition, the use of synthetic indicators proved to be relevant for the reduction of analytical complexity and for the construction of comparable metrics, while maintaining the interpretative depth necessary for the analysis of sociotechnical phenomena (JANNUZZI, 2012). The integration of the different axes through an aggregator index reinforces the potential of the model as an instrument to support decision-making, strategic planning and the formulation of evidence-based public policies.
In this context, the centrality of the most important indicators — especially the Sociotechnical Maturity Index (IMSU), the Intangible Asset Management Index (IGEAI), the Urban Data Governance Index (IGDU) and the Urban Technological Confidence Index (ICTU) — as structuring elements of the analytical model stands out. These indicators show that the development of smart cities does not depend exclusively on technological adoption, but on the articulation between institutional capacities, strategic innovation management, data infrastructure, and social legitimacy.
The analytical synthesis revealed the existence of four fundamental pillars — technological, economic, institutional and social — whose integration is a necessary condition for the consolidation of smart urban ecosystems. In this sense, Artificial Intelligence asserts itself as a structuring technology, capable of enhancing the efficiency and predictive capacity of urban management (OECD, 2019), while intellectual property acts as a mechanism for organizing and valuing innovation, especially in data-driven contexts (WIPO, 2023). At the same time, data governance and social trust emerge as critical dimensions, conditioning the effectiveness and sustainability of the technological solutions implemented (KITCHIN, 2014; FLORIDI et al., 2018).
Finally, the model of sociotechnical maturity indicators presents itself as a theoretical-methodological contribution to the field of smart cities, by articulating technological, economic, institutional and social dimensions in a unified analytical structure. Such an approach expands the possibilities of analysis and intervention in urban contexts, offering subsidies for the development of more efficient, innovative, inclusive and sustainable cities.
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