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Abstract
This structured critical literature review examines the multidimensional role of artificial intelligence (AI) in advancing global
sustainability and supporting progress towards the United Nations Sustainable Development Goals (SDGs). Drawing on
multidisciplinary academic and institutional literature, the review critically synthesises AI applications, sustainability benefits,
implementation challenges and associated risks. Particular attention is given to applications in energy management, agriculture,
environmental monitoring, smart cities, circular economy practices and industrial processes, alongside their potential contributions
to resource efficiency, decarbonisation and environmental resilience. The analysis also considers the ecological footprint of AI
technologies, including energy consumption, carbon emissions, water requirements and electronic waste, together with data-
related, algorithmic, socioeconomic and ethical concerns. These interconnected challenges are examined through the concept of
the AI Green Paradox and an exploratory multidimensional risk-prioritisation framework incorporating indicative likelihood and
severity assessments. The review highlights the importance of distinguishing improvements in technological performance from
independently demonstrated sustainability outcomes, particularly where evidence is limited by differences in research
methodologies, geographical contexts and implementation conditions. Responsible governance, Green AI development,
international cooperation, technological accessibility and capacity building are identified as important priorities for supporting
sustainable and equitable AI implementation. Overall, the review argues that AI's contribution to sustainable development depends
not only on its technological capabilities but also on the effective management of its environmental and societal consequences.

1. Introduction
The twenty-first century is characterised by a defining duality: the unprecedented acceleration of technological innovation,
particularly within the field of artificial intelligence (AI), alongside growing pressures on planetary and social systems. Global
challenges, including climate change, natural resource depletion, biodiversity loss, socio-economic inequalities and threats to food
security, require integrated solutions implemented on a large scale (Sachs, 2015; IPCC, 2023). Within this context, AI has emerged
as a tool with substantial potential to address these complex challenges, providing new perspectives and capabilities for navigating
the transition towards a more sustainable future.

1.1 The Global Context of Sustainability
The concept of sustainability has developed into a central paradigm within global discourse, recognising the interdependence of
ecological well-being, economic prosperity and social equity. The influential definition introduced in the Brundtland Report, Our
Common Future, describes sustainability as development that addresses present needs without limiting the capacity of future
generations to meet their own needs (Brundtland Commission, 1987). This holistic vision was translated into practical action
through the United Nations’ adoption of the 2030 Agenda for Sustainable Development in 2015. Its 17 Sustainable Development
Goals (SDGs) and 169 specific targets constitute a universal call for action to eliminate poverty, protect the planet and secure
prosperity for all. These goals are inherently interconnected and indivisible (United Nations, 2015). At the same time, the urgency of
restricting global warming to 1.5°C above pre-industrial levels has established carbon neutrality, or Net Zero, by the middle of the
century as a global climate objective. Achieving this objective requires reducing greenhouse gas emissions while sequestering any
remaining emissions (IPCC, 2018; IEA, 2021). Meeting these ambitious goals requires not only fundamental changes in policy and
behaviour but also an unprecedented mobilisation of technological innovation.

1.2 The Rise of Artificial Intelligence (AI)
Over recent decades, artificial intelligence (AI) has expanded at an exceptional rate, progressing from a futuristic idea into a
technological reality that is deeply embedded across almost every area of contemporary life (Russell and Norvig, 2021). This rapid
development has been driven primarily by substantial increases in computational capacity, access to enormous quantities of data
commonly referred to as Big Data, and the advancement of increasingly sophisticated algorithms, particularly within machine
learning and deep learning (Goodfellow et al., 2016; LeCun et al., 2015).

Initially restricted to specialised tasks, including playing chess and performing basic pattern recognition, modern AI now
demonstrates remarkable capabilities across a wide range of domains. Applications extend from autonomous vehicles and
intelligent virtual assistants, such as Siri and Alexa, to personalised medicine involving AI-supported diagnosis and drug discovery,
as well as the optimisation of industrial processes through automation and predictive maintenance. In these contexts, AI continues
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to redefine efficiency, productivity and innovation (Brynjolfsson and McAfee, 2014). Its capacity to process and analyse extensive
volumes of information at a speed and scale beyond human capability, identify concealed patterns and correlations, and support
autonomous or semi-autonomous decision-making has fundamentally transformed operations across numerous fields.

This extensive computational and analytical capacity positions AI not only as a driver of economic development but also as a
potentially transformative tool for addressing some of the most urgent and complex sustainability challenges. Through its capacity
to predict future scenarios, optimise the use of resources, and automate processes of monitoring and management, AI introduces
new perspectives and solutions for improving environmental management, reducing carbon footprints and accelerating progress
towards a more equitable and resilient future (Cenek et al., 2018; Vinuesa et al., 2020). Integrating AI into sustainability strategies
therefore becomes a strategic necessity, enabling global challenges to be transformed into opportunities for innovation and
progress.

1.3 Aim, Research Questions and Objectives
Research Aim

The principal aim of this structured critical literature review is to critically examine and synthesise existing scientific literature
concerning the applications, benefits, limitations and risks of artificial intelligence (AI) in advancing sustainable development and
contributing to the United Nations Sustainable Development Goals (SDGs). The review evaluates AI applications across different
sustainability domains, examines their reported environmental, social and economic outcomes, and identifies the technological,
environmental, socioeconomic and ethical challenges associated with their implementation. Through this analysis, the study seeks
to identify evidence-informed priorities for responsible AI development, governance and future research.

Research Questions

To address this aim, the study is guided by five research questions:

1. What are the principal applications of artificial intelligence across sustainability domains, and how do they relate to the United
Nations Sustainable Development Goals?

2. What environmental, social and economic benefits of AI applications are reported in the existing literature?
3. What environmental, data-related, algorithmic, socioeconomic and ethical risks are associated with AI development and

implementation?
4. What methodological limitations, implementation challenges and research gaps are identified in the existing evidence

concerning AI's contribution to sustainability?
5. What technological, governance and policy strategies are identified in the literature to support responsible, equitable and

environmentally sustainable AI development and implementation?

Research Objectives

The study seeks to achieve the following objectives:

To identify and categorise AI applications across sustainability domains and examine their relationships with the SDGs.

To synthesise and critically evaluate the reported environmental, social and economic benefits of AI applications.

To identify and critically assess the environmental, technological, algorithmic, socioeconomic and ethical risks associated with
AI development and implementation.

To evaluate methodological limitations, implementation barriers and research gaps affecting the evidence concerning AI and
sustainability.

To synthesise evidence-based technological, governance and policy strategies for supporting responsible and sustainable AI
implementation.

1.4 Scope and Structure of the Article
The scope of this review encompasses recent scientific literature examining the relationship between artificial intelligence and
sustainable development, with particular emphasis on studies published from 2018 onwards. The analysis considers AI applications
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across different sustainability domains, their contribution to the United Nations Sustainable Development Goals (SDGs), and their
relevance to carbon neutrality (Net Zero). It also addresses the environmental, technological, socio-economic and ethical challenges
associated with the development and implementation of AI technologies.

Two concepts are particularly relevant to this examination. “Green AI” refers to the development and application of energy-efficient
artificial intelligence algorithms and systems intended to minimise the environmental impacts associated with their training and
operation. Similarly, the “AI divide” describes inequalities in access to AI technologies, their utilisation and the distribution of their
benefits across countries and communities.

The article is organised into six sections to provide a logical progression of the analysis. Following the introduction, Section 2
outlines the methodology adopted for identifying, selecting and synthesising the relevant literature. Section 3 establishes the
theoretical foundations and key concepts, including sustainability, the Sustainable Development Goals, carbon neutrality and
relevant AI methodologies. Section 4 examines the applications of artificial intelligence across different sustainability domains,
supported by examples and findings from the reviewed literature. Section 5 critically discusses the environmental, algorithmic,
socio-economic and ethical risks associated with AI, alongside mitigation strategies and future recommendations. Finally, Section 6
presents the principal conclusions of the study.

2. Methodology
This study adopts a structured critical literature review approach to examine the applications, reported sustainability outcomes,
implementation challenges and multidimensional risks associated with artificial intelligence (AI) in sustainable development. The
methodological approach combines the thematic organisation of relevant academic and institutional literature with a critical
comparison of reported findings, methodological limitations and governance implications. The review considers AI applications
across six sustainability domains: energy management, agriculture, environmental monitoring, smart cities, circular economy
practices and industrial applications. Particular attention is given to their relationships with the United Nations Sustainable
Development Goals (SDGs), alongside environmental, technological, socioeconomic and ethical considerations. The following
subsections describe the literature-identification approach, source-selection considerations, classification framework and analytical
synthesis used to examine the available evidence.

2.1 Literature Identification and Search Strategy
The identification of relevant literature was informed by searches of multidisciplinary academic databases and scholarly search
platforms, including Scopus, Web of Science and Google Scholar. The reported search process was conducted on 18 May 2025 and
focused on publications examining the relationship between artificial intelligence (AI), sustainability and sustainable development.
Search concepts included artificial intelligence, machine learning, deep learning, sustainable development, Sustainable
Development Goals (SDGs), Green AI, carbon neutrality, environmental sustainability, resource efficiency, algorithmic bias, ethical AI
and AI governance. These concepts were considered individually and in relevant combinations to identify literature addressing both
the potential benefits and the environmental, technological and socioeconomic implications of AI.

The review primarily considered literature published from 2018 onwards to reflect recent technological developments and emerging
sustainability challenges. Earlier publications were retained where they provided foundational theoretical perspectives, established
methodological approaches or important contributions to understanding AI and sustainable development. Academic research
articles, review publications, conceptual studies and relevant institutional or policy documents were considered to support the
multidisciplinary scope of the analysis.

Literature identification was guided by the five research questions and the six sustainability domains examined in this study: energy
management, agriculture, environmental monitoring, smart cities, circular economy practices and industrial applications. Additional
attention was given to cross-cutting issues, including the ecological footprint of AI systems, data governance, algorithmic
transparency, technological inequalities, ethical accountability and responsible AI implementation.

The original database search exports, complete database-specific search expressions and detailed screening records are not
available for independent reconstruction. Consequently, the search process cannot be presented as a fully reproducible systematic
review, and the number of references cited in the manuscript should not be interpreted as the number of studies included through a
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formally documented screening procedure. The present study therefore adopts a structured critical literature review approach,
prioritising thematic relevance, comparative interpretation and methodological transparency rather than exhaustive coverage or
statistical representativeness of the wider literature.

2.2 Eligibility Criteria and Study Selection
The selection of literature was guided by its relevance to the relationship between artificial intelligence (AI) and sustainable
development. Priority was given to publications examining AI applications, environmental, social or economic sustainability
outcomes, implementation challenges, technological limitations, ethical concerns and governance strategies. The review
considered six principal application domains: energy management, agriculture, environmental monitoring, smart cities, circular
economy practices and industrial applications.

Publications addressing cross-cutting concerns, including the environmental footprint of AI, algorithmic bias, data governance,
technological inequalities and responsible implementation, were also considered relevant. Foundational theoretical publications,
institutional reports and policy documents were incorporated where they contributed to the conceptual understanding, regulatory
context or interpretation of sustainability-related challenges.

Sources without a substantive relationship to AI and sustainability, promotional materials and publications containing insufficient
information to support meaningful critical interpretation were not considered appropriate for the review's substantive analysis. The
review therefore prioritised thematic relevance, the nature of the available evidence and the contribution of individual publications to
the research questions.

The literature was organised through a structured bibliographic register containing 138 references used throughout the manuscript.
A bibliographic overview and preliminary thematic classification of the 138 cited references are provided in Supplementary File S1
(Appendix A), supporting transparency and traceability in the organisation of the literature. These references include research
articles, review publications, conceptual contributions and institutional or policy sources. The register supports bibliographic
traceability and thematic organisation but does not represent a formally verified population of studies selected through a
reproducible systematic-review screening process. Accordingly, the review does not report PRISMA-derived inclusion counts or
claim statistical representativeness of the wider literature.

Figure 1. PRISMA flowchart illustrating the study-selection process.

2.3 Literature Classification and Analytical Synthesis
The literature was organised and critically examined through a thematic analytical framework aligned with the five research
questions. The framework considered six principal sustainability domains: energy management, agriculture, environmental
monitoring, smart cities, circular economy practices and industrial applications. Cross-cutting issues relating to the environmental
footprint of AI, algorithmic bias, data governance, technological inequalities and responsible implementation were examined across
these domains.

The analytical framework considered the authorship and publication year of relevant sources, geographical context where
identifiable, sustainability sector, research approach, AI application, reported sustainability outcomes, connections to the United
Nations Sustainable Development Goals (SDGs), principal findings and acknowledged limitations. Publications were differentiated
according to their contribution to the review, including empirical investigations, experimental or simulation-based research, case
studies, review articles, conceptual studies and institutional or policy documents. These distinctions informed the interpretation of
the available evidence rather than constituting a statistically representative classification of the wider literature.

The literature classification was undertaken collaboratively by two authors (S.S.D. and G.N.), who jointly reviewed and organised the
publications according to their principal sustainability domains, methodological approaches, AI applications and reported
sustainability outcomes. The classifications were cross-checked through joint review to ensure consistency in the thematic
organisation of the literature. Publications addressing more than one sustainability domain were classified according to their
primary research focus, while relevant cross-cutting contributions were acknowledged within the thematic synthesis. Where
differences in interpretation or classification arose, these were discussed and resolved through agreement between the two
authors.
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The synthesis followed a comparative and critical approach. First, reported AI applications were examined across the six
sustainability domains to identify their principal functions and potential contributions to sustainable development (RQ1). Second,
the environmental, social and economic benefits associated with these applications were considered, with attention to the
distinction between improvements in technological performance and demonstrated sustainability outcomes (RQ2). Third,
environmental, data-related, algorithmic, socioeconomic and ethical risks were examined to identify challenges that may limit or
undermine the sustainability benefits of AI implementation (RQ3). Fourth, methodological limitations, geographical differences,
implementation barriers and gaps in the available evidence were considered across the reviewed literature (RQ4). Finally,
technological, governance and policy responses were critically discussed to identify priorities for responsible, equitable and
environmentally sustainable AI development (RQ5).

The synthesis was qualitative and interpretative rather than statistical. Comparisons were made between sustainability domains,
research approaches and reported outcomes where sufficient information was available. Given the absence of a reproducible
screening record and a fully verified study-level dataset, frequencies and percentages describing the distribution of the 138 cited
publications by sector, geographical region, methodology or SDG were not calculated. The findings therefore represent a structured
critical interpretation of the available literature rather than a quantitative mapping of all published research in this field.

The multidimensional risk analysis presented in Section 5 builds on this thematic synthesis by considering the interactions between
ecological, technological, socioeconomic and ethical challenges. The associated risk-prioritisation matrix uses indicative likelihood
and severity ratings to illustrate potential areas of concern. These ratings are interpretative assessments rather than empirically
validated probabilities or measurements of risk. The framework is intended to support critical discussion and identify governance
priorities, not to provide a predictive or statistically validated risk-assessment model.

The bibliographic register described in Section 2.2 supports the identification and thematic organisation of the sources cited in this
review. Its 138 references should not be interpreted as a statistically representative sample of empirical studies or as a verified
systematic-review dataset. Where publication characteristics are available, they may support qualitative comparison, but no
comprehensive quantitative distribution of the cited literature is claimed.

3. Theoretical Foundations and Key Concepts
A comprehensive understanding of the relationship between artificial intelligence and sustainability requires the fundamental
concepts underlying this complex intersection to be clearly defined. This section explains the principal terms and establishes the
theoretical foundation required for the subsequent examination of AI applications, challenges and future directions within the global
context of sustainable development.

3.1. Sustainability and the Sustainable Development Goals (SDGs)
Sustainability is a normative and multidimensional concept whose interpretation has developed over time. The most widely
recognised definition originates from the World Commission on Environment and Development, commonly referred to as the
Brundtland Commission, in its report Our Common Future (1987). It describes sustainability as development that satisfies present
needs while protecting the ability of future generations to fulfil their own needs (Brundtland Commission, 1987). This definition
emphasises the importance of achieving balance both within the present generation and between current and future generations. It
extends beyond environmental protection by incorporating economic and social dimensions (Kates et al., 2001).

The predominant framework for analysing sustainability consists of three interconnected pillars, as illustrated in Fig. 1:
environmental or ecological, social and economic. The environmental pillar concerns the integrity of ecosystems, the conservation
of natural resources, the protection of biodiversity, and the reduction of pollution and greenhouse gas emissions. It includes the
transition towards a circular economy, the responsible management of water and land, and the protection of natural habitats
(Rockström et al., 2009; Meadows et al., 1972). The social pillar focuses on social justice, equity, inclusion, health and education by
promoting equal access to resources and opportunities while strengthening community cohesion (Costanza et al., 2014). The
economic pillar involves establishing and sustaining long-term economic prosperity that is inclusive, resilient, resource efficient and
separated from environmental degradation (Jackson, 2009). These three pillars do not function independently but are closely
interconnected. Consequently, the most effective solutions are those that address environmental, social and economic
considerations simultaneously (Sachs, 2015).
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Figure 2. The three interconnected dimensions of sustainability: environmental, social and economic.

To translate sustainability into coordinated global action, the United Nations adopted the 2030 Agenda for Sustainable Development
in September 2015. The Agenda introduced 17 Sustainable Development Goals (SDGs), commonly referred to as the Global Goals
(United Nations, 2015). These universal, interconnected and indivisible goals provide a shared plan of action for advancing peace
and prosperity for both people and the planet. Several of the 17 SDGs are directly connected to the role of AI in promoting
sustainability, particularly Zero Hunger (SDG 2); Clean Water and Sanitation (SDG 6); Affordable and Clean Energy (SDG 7); Industry,
Innovation and Infrastructure (SDG 9); Sustainable Cities and Communities (SDG 11); Responsible Consumption and Production
(SDG 12); Climate Action (SDG 13); Life Below Water (SDG 14); and Life on Land (SDG 15). Through its capacity to optimize complex
systems, AI represents an important tool for supporting the achievement of these goals (Vinuesa et al., 2020).

3.2. Carbon Neutrality (Net Zero)
Carbon neutrality and net-zero greenhouse gas emissions are closely related climate objectives, although their definitions and
accounting boundaries are not necessarily identical. Carbon neutrality generally concerns balancing carbon dioxide (CO₂) emissions
with equivalent removals or eligible offsets, whereas net-zero greenhouse gas emissions require balancing anthropogenic
greenhouse gas (GHG) emissions and removals across the gases covered by the relevant accounting framework (IPCC, 2018).
These objectives are central to limiting global warming in accordance with the Paris Agreement, adopted in 2015, which seeks to
maintain the increase in global temperature well below 2°C while pursuing efforts to restrict it to 1.5°C (UNFCCC, 2015). Achieving
net-zero emissions requires substantial reductions through decarbonisation, alongside the removal of residual emissions that
cannot readily be eliminated (IEA, 2021). Decarbonisation depends on transitioning towards renewable energy sources (IRENA,
2020), improving energy efficiency (IEA, 2023b) and expanding electrification (BloombergNEF, 2024; World Economic Forum, 2023).
Carbon dioxide removal may be achieved through nature-based approaches, including reforestation (IPCC, 2019; SCBD, 2020), and
technological methods that remove CO₂ from the atmosphere and store it durably (National Academies of Sciences, Engineering,
and Medicine, 2019). Carbon capture and storage (CCS) applied to industrial emissions can also contribute to decarbonisation by
preventing CO₂ from entering the atmosphere, although it does not necessarily constitute carbon dioxide removal (IEA, 2023a).
These transitions encourage investment in cleaner technologies and support the development of more resource-efficient and
resilient economic systems.

3.3. Artificial Intelligence Methodologies and Techniques Relevant to
Sustainability
Artificial intelligence (AI) is a multidisciplinary area of computer science concerned with developing systems capable of completing
tasks that have traditionally required human intelligence (Russell and Norvig, 2021). Recent advances, particularly in the capacity to
process enormous volumes of data, commonly known as Big Data, and in the development of advanced algorithms, have
established AI as an important tool for responding to complex challenges, including those associated with sustainability. Within
efforts to create a sustainable future, several specific AI branches and techniques are particularly significant.

Machine learning (ML) is a central branch of AI that enables systems to learn from data without being explicitly programmed to
perform every individual task (Géron, 2019). Deep learning (DL) is an important subfield that applies neural networks to process
complex and unstructured data, including images, audio and text (Goodfellow et al., 2016). For instance, Convolutional Neural
Networks (CNNs) are particularly effective in analysing satellite imagery to monitor changes in land conditions. Recurrent Neural
Networks (RNNs), by comparison, are applied to tasks involving time-series data, including weather forecasting (Ukoba et al., 2024;
Hasanat et al., 2024).

Computer vision (CV) is a branch of artificial intelligence that enables computational systems to analyse and interpret visual
information, including images and videos (Szeliski, 2022). It is particularly relevant to environmental monitoring, precision
agriculture, including plant-health assessment and the detection of diseases and pests, and waste management, where it supports
the automated identification and sorting of recyclable materials (Abdallah et al., 2020). Natural Language Processing (NLP),
meanwhile, examines interactions between computers and human language, allowing machines to understand, interpret and
produce human language (Jurafsky and Martin, 2025). More recent and powerful Transformer models have transformed NLP and
can process extensive collections of sustainability reports (Vaswani et al., 2017).
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When integrated with AI, robotics and autonomous systems can undertake complex tasks through automated processes (Siciliano
and Khatib, 2016). In agriculture, for example, robotic systems may support planting, irrigation and harvesting. Within waste
management, industrial robots can rapidly and efficiently sort different materials. Autonomous systems equipped with sensors may
also be employed to monitor infrastructure and forest environments.

Multi-Agent Systems (MASs) consist of autonomous agents that interact with one another to address complex problems, while
optimization algorithms identify the most appropriate solution from a range of possible alternatives (Wooldridge, 2009). Relevant
applications include smart grids, in which AI agents coordinate energy distribution, and route optimisation systems designed to
reduce fuel consumption. Federated Learning (FL) enables models to be trained across multiple decentralised devices without
transferring raw data, making it particularly important for protecting privacy. Reinforcement Learning (RL) provides a powerful
method for optimising complex and dynamic systems, while generative artificial intelligence introduces new possibilities for
developing complex simulation scenarios and discovering innovative sustainable materials.

Through their capacity to analyse extensive datasets, identify complex patterns, automate processes and support optimised
decision-making, AI technologies offer significant opportunities to address sustainability challenges. Their application may improve
the efficiency, precision and responsiveness of environmental and resource-management practices, supporting a transition from
reactive approaches towards predictive and proactive strategies. Nevertheless, the extent of these benefits depends on data quality,
technological accessibility, implementation conditions and the environmental costs associated with developing and operating AI
systems.

4. Applications of Artificial Intelligence in Sustainability
Artificial intelligence (AI) can serve as a powerful catalyst for sustainability by providing innovative solutions for optimising
resources, reducing emissions and managing ecosystems more effectively. Its capacity to analyse extensive datasets, detect
complex patterns and automate processes makes it an important tool for advancing the Sustainable Development Goals (SDGs)
and achieving carbon-neutrality targets (Cenek et al., 2018; Vinuesa et al., 2020). From a critical perspective, however, the
effectiveness of these solutions is frequently restricted by factors including data quality, scalability and implementation costs,
which may contribute to the development of a technological divide. These limitations are examined in greater detail in the following
section.

4.1. AI for Efficient Resource Management and Decarbonisation
The energy sector represents one of the most significant areas in which AI can generate an impact, given its essential role in global
economic decarbonisation and the reduction of greenhouse gas emissions (Cenek et al., 2018; Priyanka and Memala, 2024). AI
supports the dynamic operation of modern electricity grids by applying machine learning (ML) to balance energy demand and
supply in real time. This process can minimize energy losses and reduce the need to activate fossil-fuel power stations (Huotari et
al., 2024). For example, AI algorithms have been applied to optimize data-centre cooling systems, producing a substantial reduction
in overall energy consumption (Evans and Gao, 2016). AI also supports the management of microgrids and distributed energy-
storage systems, thereby strengthening the resilience of the wider energy network. To respond to the inherent intermittency of
renewable energy sources, including wind and solar power, AI models can process meteorological and historical data to generate
more accurate production forecasts. These forecasts improve operational planning and support the efficient integration of
renewable energy (Ying et al., 2023; Gupta et al., 2025).

AI also performs a transformative function in reducing energy consumption within buildings and industry, both of which have
substantial energy footprints (Pérez-Lombard et al., 2008). Through continuous sensor-based monitoring, AI systems can evaluate
patterns of energy consumption and dynamically modify the operation of heating, ventilation and air-conditioning (HVAC) systems,
resulting in considerable energy savings (Panchalingam and Chan, 2019; Zhou et al., 2023). In industrial settings, AI can optimize
machinery and production processes by identifying inefficiencies and opportunities to conserve both energy and raw materials
(Wuest et al., 2016). This capability is equally important for energy-storage management, where AI can optimize battery-charging
and discharging strategies to maximise the use of surplus clean energy (Nazaralizadeh et al., 2024).

AI also has considerable potential to transform agriculture by improving efficiency and strengthening resilience in response to the
challenges created by climate change (Kamilaris and Prenafeta-Boldú, 2018; Karim et al., 2025). These applications directly support
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SDG 2 (Zero Hunger) and SDG 6 (Clean Water and Sanitation). AI-driven precision agriculture uses information collected through
sensors and drones to calculate the precise water and fertiliser requirements of individual plants, thereby reducing excessive
resource use and minimising pollution (Liakos et al., 2018; Talaviya et al., 2020). Computer-vision systems can identify weeds with
high levels of accuracy, potentially reducing chemical use by up to 90% and directly benefiting soil health (Coleman et al., 2022).
Deep-learning algorithms can also analyse aerial imagery to detect early indications of crop diseases and pests, enabling timely
interventions and reducing dependence on extensive chemical treatments (Barbedo, 2019; Upadhyay et al., 2025). AI models may
also forecast future crop yields and generate hyperlocal weather predictions, supporting production planning and the anticipation of
potential shortages (Talaviya et al., 2020; Joshi et al., 2023; Hendy et al., 2023). In addition, AI can optimize irrigation by evaluating
plant requirements and contribute to monitoring soil erosion and reducing waste through the optimisation of supply chains
(Abdallah et al., 2020; Kalpana et al., 2024; Mavani et al., 2022).

Although the reviewed literature demonstrates the potential of AI to improve resource efficiency and support decarbonisation, the
strength and transferability of the reported outcomes vary across application contexts. Improvements in prediction accuracy,
operational efficiency or resource allocation do not necessarily establish equivalent reductions in environmental impacts. The
sustainability benefits of AI applications depend on factors including the quality and representativeness of training data, the
availability of appropriate technological infrastructure, implementation costs and the environmental footprint of the computational
systems themselves. Consequently, reported improvements should be interpreted in relation to the methodologies, operational
conditions and sustainability indicators employed in individual studies, rather than assumed to represent universally achievable
outcomes.

4.2. AI for Environmental Resilience, Smart Cities and the Circular
Economy
AI has become an important tool for understanding, monitoring and safeguarding the Earth’s natural systems, supporting objectives
such as SDG 13 (Climate Action) and SDG 15 (Life on Land) (Cenek et al., 2018; Vinuesa et al., 2020). Machine-learning and deep-
learning algorithms can process enormous quantities of satellite information to monitor and evaluate large-scale deforestation
(Reichstein et al., 2019; Hansen et al., 2013), the melting of polar ice (Kwok and Rothrock, 2009), atmospheric pollution (Guo et al.,
2022), and water quality (Zhu et al., 2022). AI also provides effective methods for protecting species and their natural habitats
(Mishra, 2023). By applying computer vision and acoustic analysis, AI systems can recognise animals within camera-trap recordings
and identify illegal activities such as poaching (Kuruppu, 2023). Algorithms can combine diverse data sources to detect patterns
and predict areas at high risk of illegal wildlife trade, allowing preventive measures to be implemented (Kumar and Ghosh, 2025). AI
can further model the potential effects of climate change on habitats and species distribution, providing evidence to guide
conservation strategies (Branco et al., 2023).

AI can also perform a central role in predicting and managing natural disasters, helping to reduce the consequences of extreme
events and strengthen community resilience (Wibowo et al., 2025). AI models can integrate meteorological data, vegetation
conditions and topographical information to predict wildfire risks and determine efficient intervention routes for emergency services
(Alkhatib et al., 2023). Similarly, AI can process hydrological information to forecast flooding (Mosavi et al., 2018) and monitor
ground stability to anticipate landslides (Rouet-Leduc et al., 2017). AI is equally important to the transition towards a circular
economy, which seeks to preserve the value and usefulness of products and materials while eliminating waste and pollution (Ellen
MacArthur Foundation, 2015; UNEP, 2018). Robotic systems incorporating computer vision and deep learning can sort different
categories of waste rapidly and accurately, substantially improving the recovery of recyclable materials (Abdallah et al., 2020; Kiran
et al., 2023). AI can also optimize industrial supply chains by detecting waste and operational inefficiencies (Olola and Olatunde,
2025), while accelerating the design and discovery of innovative sustainable materials (Zeng, 2024). These applications directly
support the principles of circular design (de Padua Pieroni et al., 2019). AI additionally supports digital platforms that promote
product sharing, reuse and repair (Geissdoerfer et al., 2020). Through Natural Language Processing (NLP), it can also examine
sustainability reports and strengthen corporate transparency and accountability (Pardo Vásquez and Gómez Rodríguez, 2025).

As the world’s population becomes increasingly urbanised, AI-supported solutions are becoming fundamental to the development of
more sustainable smart cities in accordance with SDG 11 (Sustainable Cities and Communities) (Anthopoulos, 2017; Angelidou,
2017). A critical consideration, however, is that technological efficiency should not be prioritised at the expense of urban quality of
life or community-centred design. As argued by urban theorist Michael Mehaffy, cities should not be understood as simple tree-like
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structures but as complex and organic systems in which human and physical relationships are essential to resilience and prosperity
(Mehaffy, 2023; UN-Habitat, n.d.). A holistic approach combining AI technologies with intelligent and equitable urban design is
therefore necessary to prevent the creation of a technologically advanced urban vision that cannot be successfully realised in
practice.

AI systems can examine traffic flows in real time, dynamically adjust traffic signals and improve public-transport schedules, thereby
substantially reducing congestion and greenhouse gas emissions (Gracias et al., 2023; Kaur, 2025; Kriswardhana and Esztergár-
Kiss, 2023). AI can also contribute to Mobility as a Service (MaaS) systems by integrating different transportation options and
encouraging greater use of public transport and active forms of mobility (Albino et al., 2015; Syed et al., 2024; Khemakhem and
Krichen, 2024). Furthermore, AI can improve the management of urban resources by optimising energy and water-distribution
networks (Neema and Kaushal Gor, 2022; Ali et al., 2024). Smart buildings equipped with AI technologies can analyse sensor
information and occupant-behaviour patterns to maintain comfortable internal conditions while minimising energy consumption (Ali
et al., 2024). AI-enabled predictive maintenance can detect potential equipment failures before they occur, avoiding expensive
periods of inactivity and extending equipment lifespans (Kari and Sierla, 2022). Urban air-quality sensor networks integrated with AI
can continuously monitor and forecast pollutant concentrations (Morain et al., 2025). AI can also process extensive geographical
and socio-economic datasets to support urban planning by identifying suitable locations for development and evaluating the
potential sustainability effects of different scenarios (Neirotti et al., 2014; Mashhood et al., 2023).

The adoption of AI within the industrial sector contributes to a fundamental transition towards “Industry 4.0” or “Green Industry 4.0”
(Müller et al., 2018; Stock and Seliger, 2016). AI supports predictive maintenance by processing sensor data to anticipate machinery
failures, thereby reducing waste and costly production interruptions (Plathottam et al., 2023; Sohaib et al., 2021). It can also
optimize energy and resource use throughout the production process by automatically modifying operational settings (Mhlanga,
2023). Within cement and steel manufacturing, AI can optimize combinations of raw materials to reduce emissions (Oguntola et al.,
2024), while its application in the chemical industry can minimise waste generation (Wang et al., 2017). AI-supported quality-control
systems can prevent the manufacture of defective products (Monsreal and Carmona Benitez, 2022). During the design stage, AI
may also simulate and optimise the environmental performance of new industrial processes and equipment (Charles et al., 2023).
Nevertheless, the potential of Green Industry 4.0 requires critical examination. High initial investment costs and the requirement for
specialised knowledge may prevent small- and medium-sized enterprises (SMEs) from adopting these technologies, producing
technological stratification in which their benefits remain accessible primarily to large corporations.

Across environmental monitoring, circular economy applications, smart-city systems and industrial processes, the literature
identifies substantial opportunities for AI-supported sustainability improvements. Nevertheless, the evidence remains
heterogeneous in terms of research design, geographical context, technological maturity and the indicators used to evaluate
outcomes. Studies based on simulations, predictive models or controlled experimental settings may demonstrate technical
feasibility without establishing comparable performance under real-world operational conditions. Furthermore, the benefits of AI
adoption may be unevenly distributed, particularly where limited financial resources, digital infrastructure or specialist expertise
restrict implementation. These considerations highlight the need to distinguish technological potential from independently
demonstrated environmental and socioeconomic benefits when evaluating the contribution of AI to sustainable development.

4.3 Comparative Synthesis of the Reviewed Literature
A comparative synthesis of the reviewed literature provides a basis for examining the relationship between AI applications,
sustainability outcomes and the methodological characteristics of existing research. The analytical categories established in
Section 2.3 encompass publication year, geographical context, sustainability sector, research methodology, AI application, relevant
Sustainable Development Goals (SDGs), reported sustainability benefits, associated risks and key findings.

The six principal application domains identified in this review-energy management, agriculture, environmental monitoring, smart
cities, circular economy practices and industrial applications-provide a framework for comparing the evidence across different
sustainability contexts. This classification also supports an examination of the extent to which AI-related sustainability research
addresses environmental objectives alongside social and economic considerations.

Table 1 summarises the six principal sustainability domains examined in this review, highlighting their main artificial intelligence
applications and corresponding relationships with the United Nations Sustainable Development Goals (SDGs).
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Table 1
Overview of AI applications across sustainability domains and their alignment with the SDGs.

Sustainability domain Principal AI applications Relevant SDGs

Energy management Smart grids, energy forecasting, HVAC optimisation 7, 9, 13

Agriculture Precision irrigation, crop monitoring, disease detection 2, 6, 12

Environmental monitoring Biodiversity monitoring, pollution detection, disaster prediction 13, 14, 15

Smart cities Traffic management, intelligent buildings, urban planning 9, 11, 13

Circular economy Waste sorting, material recovery, resource optimisation 9, 12

Industrial applications Predictive maintenance, production optimisation, manufacturing efficiency 9, 12, 13

To complement the domain-level overview presented in Table 1, Table 2 provides a representative comparison of selected
publications cited in this review. The comparison considers geographical context, research methodology, AI applications, reported
sustainability outcomes and principal limitations. The selected publications illustrate different forms of evidence across the six
sustainability domains, including computational modelling, literature reviews and conceptual contributions. They are not intended to
constitute an exhaustive or statistically representative sample of the wider literature.
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Table 2
Representative studies examining AI applications, sustainability outcomes and evidence limitations.

Source Sustainability
domain

Country/geographical
context

Research
methodology

AI application Sustainability
contribution
or reported
outcome

Evidence
limitation

Cenek et
al. (2018)

Energy
management

Alaska, United States;
rural electrical
microgrids

Computational
modelling and
comparative
neural-
network
forecasting

Long short-
term memory
networks and
artificial
neural
networks for
electricity-load
prediction

Investigates
electricity-
demand
forecasting to
support power
management
and
renewable-
energy
integration in
isolated
microgrids

Forecasting
improvements
do not
independently
establish
reductions in
fuel
consumption or
greenhouse gas
emissions

Ali et al.
(2024)

Energy
management

International building
energy-management
literature

Literature
review

AI-based
energy
forecasting,
HVAC control
and building
energy
optimisation

Synthesises
applications
supporting
energy
efficiency,
operational
control and
potential
energy
savings

Reported
energy savings
and model
performance
vary across
building types,
datasets and
operating
conditions

Liakos et
al. (2018)

Agriculture International
agricultural research

Literature
review

Machine
learning for
crop
management,
agricultural
monitoring
and decision
support

Reviews
applications
supporting
precision
agriculture
and improved
agricultural
decision-
making

Differences in
datasets,
agricultural
conditions and
evaluation
methods limit
the
generalisability
of reported
performance

Barbedo
(2019)

Agriculture International
agricultural
monitoring literature

Critical
literature
review

UAV imagery,
imaging
sensors and
machine
learning for
plant-stress
detection

Reviews
approaches
for identifying
crop stress
associated
with water
availability,
diseases,
nutrient
deficiencies
and pests

Sensor
limitations,
environmental
variability,
image quality
and practical
deployment
conditions
constrain
application

Reichstein
et al.
(2019)

Environmental
monitoring

International Earth-
system science
research

Scientific
perspective
and critical
synthesis

Deep learning
for Earth-
system
modelling and
geospatial
data analysis

Identifies
opportunities
for improved
environmental
prediction,
modelling and
process
understanding

Data-driven
models may
struggle to
represent
physical
processes and
generalise
beyond
observed
conditions
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Source Sustainability
domain

Country/geographical
context

Research
methodology

AI application Sustainability
contribution
or reported
outcome

Evidence
limitation

Mosavi et
al. (2018)

Environmental
monitoring

International flood-
prediction research

Literature
review and
comparative
analysis

Machine-
learning
models for
flood
prediction and
forecasting

Compares
forecasting
approaches
and identifies
opportunities
to improve
predictive
performance
and flood-risk
assessment

Differences in
datasets, model
evaluation,
forecasting
horizons and
geographical
conditions limit
direct
comparisons

Gracias et
al. (2023)

Smart cities International smart-
city literature

Structured
literature
review

Data analytics
and intelligent
technologies
supporting
transportation,
infrastructure,
energy and
urban services

Synthesises
smart-city
concepts and
applications
associated
with urban
efficiency,
service
integration
and
sustainable
development

Conceptual and
methodological
diversity limits
direct
comparison; the
review does not
independently
establish
measured
emissions
reductions

Abdallah
et al.
(2020)

Circular
economy

International solid-
waste management
literature

Systematic
literature
review

AI for waste
forecasting,
collection
planning,
routing and
solid-waste
management
optimisation

Reviews AI
applications
supporting
waste-
management
decision-
making and
operational
efficiency

Data availability,
model
interpretability
and
implementation
conditions
constrain
transferability
and practical
adoption

Wuest et
al. (2016)

Industrial
applications

International
manufacturing
research

Literature
review

Machine
learning for
manufacturing
process
monitoring,
quality
improvement
and
optimisation

Examines
potential
improvements
in
manufacturing
performance
and
operational
decision-
making

Data quality,
implementation
complexity and
methodological
differences
constrain wider
application

Plathottam
et al.
(2023)

Industrial
applications

International
manufacturing
literature

Literature
review

AI and
machine
learning for
predictive
maintenance,
quality
assurance and
process
optimisation

Synthesises
opportunities
to improve
manufacturing
efficiency,
productivity
and
operational
decision-
making

Data
acquisition,
infrastructure
requirements,
technical
expertise, trust
and security
challenges can
constrain
implementation;
environmental
benefits are not
independently
quantified.

Note

The selected publications illustrate representative AI applications across the six sustainability domains and are not intended to
constitute a statistically representative sample of the wider literature. Geographical context refers to the study setting for original
investigations and the scope of the evidence examined for literature reviews. The limitations column incorporates constraints identified
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in the publications and critical considerations arising from the present comparative synthesis. Reported improvements in technological
performance should not automatically be interpreted as directly measured sustainability outcomes.

The reviewed literature demonstrates substantial variation in the types of evidence used to assess artificial intelligence applications
across sustainability domains. Experimental investigations, computational simulations, case studies and conceptual analyses
address different aspects of technological performance and sustainability. Improvements in predictive accuracy, automation or
operational efficiency should therefore be distinguished from directly measured reductions in energy consumption, emissions,
resource use or socioeconomic inequalities.

The six-domain comparison identifies important differences in the application and evaluation of AI technologies. Energy
management and industrial applications emphasise optimisation and operational efficiency, while agricultural and environmental
applications frequently focus on prediction, monitoring and resource management. Smart-city and circular-economy applications
extend these approaches to urban systems, infrastructure and material flows. Across these domains, the principal analytical
challenge concerns the extent to which reported technological improvements translate into demonstrable, transferable and long-
term sustainability benefits. The absence of consistent outcome measures and differences between research contexts limit direct
comparison and highlight the need for more standardised evaluation frameworks.

A further distinction concerns the strength and comparability of the evidence supporting AI-related sustainability claims. Studies
reporting improved prediction accuracy, classification performance or computational efficiency provide evidence of technological
capability but do not necessarily demonstrate corresponding reductions in environmental impacts. In contrast, investigations
incorporating measured changes in energy consumption, emissions, water use, material efficiency or other sustainability indicators
offer a more direct basis for evaluating environmental performance. Nevertheless, such findings must be interpreted in relation to
the research design, geographical context, implementation scale and duration of observation. Consequently, improvements
demonstrated under experimental or simulated conditions should not automatically be generalised to wider operational
environments.

The geographical and socioeconomic context of AI implementation also influences the transferability of reported outcomes. Access
to reliable datasets, computational infrastructure, technical expertise and financial resources varies between regions and
organisations, potentially affecting both the effectiveness and accessibility of AI-based sustainability solutions. These differences
are particularly relevant when considering applications developed in technologically advanced settings and their potential adoption
in contexts characterised by limited infrastructure or institutional capacity. Accordingly, the assessment of AI's contribution to
sustainable development requires attention not only to environmental performance but also to technological accessibility, social
equity and the distribution of potential benefits.

Taken together, these comparisons indicate that AI's sustainability contribution cannot be evaluated through technological
performance alone. A more comprehensive assessment requires measurable environmental and socioeconomic indicators,
consideration of implementation conditions and recognition of the ecological costs associated with AI development and operation.
These considerations establish the basis for the following discussion of the AI Green Paradox, multidimensional risks and
governance priorities.

5. Discussion: A Critical Analysis of the Challenges and Future Directions of AI in
Sustainability
The preceding sections have examined in detail the expanding role of artificial intelligence (AI) as a transformative force within
global efforts to achieve sustainable development. The evidence presented from optimising energy use and transforming
agricultural practices to strengthening environmental monitoring demonstrates AI’s potential to support a more efficient and
resilient future. By offering unprecedented capabilities to analyse extensive and complex datasets and automate processes, AI can
support a transition from reactive responses to predictive and proactive strategies for managing critical resources (Rolnick et al.,
2022; Schwartz et al., 2020). This capacity positions AI not merely as a technological instrument but as an important driver for
achieving the Sustainable Development Goals (SDGs) and responding to the challenges associated with climate change.

Nevertheless, AI must be approached from a critical and pragmatic perspective. Its integration into sustainability strategies involves
considerable limitations and risks. A central contradiction becomes apparent: while AI offers potential solutions to some of the
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world’s most urgent challenges, its technological lifecycle simultaneously generates substantial ecological and socio-economic
consequences.

5.1. The “AI Green Paradox” and Key Challenges
One of the principal contradictions associated with applying AI to sustainability is the “AI Green Paradox,” in which AI’s capacity to
support environmental solutions is counterbalanced by the ecological costs of developing and operating these technologies
(Schwartz et al., 2020; Strubell et al., 2019; Patterson et al., 2021). Training deep-learning models, particularly Large Language
Models (LLMs), requires enormous quantities of energy and can produce a substantial carbon footprint (Akter et al., 2024). The
paradox also includes the electronic waste generated through rapid cycles of hardware replacement (AlSagri and Sohail, 2024;
Chen, 2025; Katirai, 2024) and the water required to cool data centres, which may intensify water scarcity within local communities
(Ewim et al., 2023). Responding to this paradox requires a fundamental strategic commitment to developing and adopting the
“Green AI” paradigm. Within this discussion, “digital pollution” refers to the combined ecological effects of digital infrastructure,
including the extensive energy requirements of data centres and the carbon emissions associated with manufacturing and
disposing of electronic equipment (Chen, 2025; Ewim et al., 2023). The related concept of “green debt” describes the possibility that
the immediate sustainability benefits provided by AI may eventually be exceeded by the long-term ecological and resource costs
associated with its development and operation, resulting in an overall environmental deficit (Schwartz et al., 2020).

The performance and reliability of AI systems are also determined by the quality, quantity and ethical integrity of the data used for
training. Data bias represents a significant concern because historical datasets may reproduce existing social inequalities or
inadequately represent particular regions and communities (Hayes et al., 2020; Caliskan et al., 2022; Donoho, 2017). Consequently,
AI applications may not adequately respond to the needs of marginalised groups, further widening the digital and social “AI divide.”
In addition, many deep-learning systems operate as “black boxes,” making the processes through which they reach particular
conclusions difficult to understand (Ching et al., 2018; Belenguer, 2022). This absence of transparency can weaken public
confidence, particularly in critical applications, and complicate the establishment of algorithmic accountability when incorrect
decisions occur (Castelvecchi, 2016; Adadi and Berrada, 2018). Explainable AI (XAI) is therefore essential for managing these risks
because it improves the transparency and interpretability of AI models and enables human oversight and auditing (Gunning et al.,
2019; Jobin et al., 2019; Crawford, 2021; Kitsara, 2022). Appropriate data-governance frameworks are also required to encourage
the collection of diverse and equitable datasets, minimise bias and safeguard ethical data practices (Floridi and Cowls, 2019).

The implementation of AI also creates socio-economic risks, including substantial initial costs and dependence on advanced
technologies, which may be unaffordable for developing countries and small- and medium-sized enterprises (SMEs) (Băbut et al.,
2021; Acemoglu and Restrepo, 2019). Consequently, the sustainability benefits of AI may remain concentrated among a limited
number of corporations and countries, potentially intensifying existing inequalities (European Commission, 2021; Dutta and Bharali,
2021). Addressing these disparities requires coordinated technological, financial and educational measures, which are discussed in
greater detail in Section 5.3.

5.2. Critical Risk Analysis
Although artificial intelligence (AI) offers transformative potential for advancing sustainability objectives, its widespread adoption
involves significant challenges and inherent risks. A critical perspective requires these risks to be examined systematically to
support the responsible, ethical and efficient integration of AI into global environmental and social strategies. Identifying, evaluating
and prioritising these risks are essential steps in developing suitable mitigation measures and preventing undesirable outcomes. As
illustrated in Fig. 2, the risks can be organised into three principal categories: the inherent environmental risks associated with AI,
particularly its ecological footprint; risks connected with data and algorithms; and socio-economic and ethical risks.

Analysing the risks associated with implementing AI for sustainability becomes particularly complex where these principal
categories overlap. These intersections reveal multifactorial challenges that require an integrated and carefully balanced response.

Figure 3. Intersection of artificial intelligence risk categories within the context of sustainability.

Ecological Risks and Socio-Economic and Ethical Risks
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This intersection concerns the environmental effects of AI and their related social, economic and ethical consequences. It
introduces the concept of inequitable green debt, which reflects the central contradiction of applying AI to sustainability. Although AI
promises to support environmental solutions, its energy consumption, electronic waste and water requirements produce an
ecological footprint that creates a form of “green debt” (Crawford, 2021; UNEP, 2021). If this debt is ignored or inadequately
managed, it may intensify social and economic inequalities. Its unequal effects on particular communities, combined with
disparities in access to AI’s benefits, can transform green debt into an inequitable burden (Crawford, 2021). This relationship also
creates the risk of unsustainable AI development, in which AI’s substantial ecological footprint (Chen, 2025; Ewim et al., 2023), when
disregarded, contradicts the fundamental principles of sustainable development (UNEP, 2021). If the processes used to develop and
operate AI are themselves unsustainable, they may reproduce or worsen existing environmental and social inequalities. This can
further generate green disparities, whereby AI’s environmental consequences are distributed unevenly and vulnerable communities
carry a disproportionate share of pollution, resource depletion and electronic-waste management. Finally, the perspective of a
human and natural resource crisis connects AI’s reliance on energy, water and rare minerals with its effects on communities and
workers. This dependence may contribute to social conflict, population displacement and inequitable labour conditions (Crawford,
2021; UNEP, 2021).

Ecological Risks and Data Algorithm-Related Risks

This intersection considers how the quantity, quality and management of data, together with algorithmic efficiency, directly affect
the environmental footprint of AI systems. This relationship produces a computational footprint, referring to the direct ecological
consequences of the extensive computational resources required to train and operate AI models (Schwartz et al., 2020; Strubell et
al., 2019; Patterson et al., 2021). The substantial energy and resource demands of data centres increase alongside algorithmic
complexity and data volume, contributing to carbon emissions and resource depletion. The problem is intensified by computational
inefficiency, which occurs when algorithms are poorly optimised or data are inadequately managed, causing unnecessary energy
and resource consumption (Schwartz et al., 2020). Such inefficiency needlessly increases AI’s ecological footprint. This
consequence is frequently described as digital pollution, a metaphor for the negative environmental effects of the digital
infrastructure required to process large datasets and operate complex algorithms. It encompasses energy use, carbon emissions
and electronic waste (Schwartz et al., 2020; Patterson et al., 2021). Another important challenge concerns inaccessible “green”
data. When the information needed to develop effective Green AI applications, for example, systems supporting climate monitoring
or energy optimization, is difficult to collect, store or process because of technical or financial restrictions, progress towards
sustainable AI and wider environmental objectives is obstructed.

Socio-Economic and Ethical Risks in Data Algorithm-Related Risks

This intersection represents one of the most critical areas of concern because the properties of data and algorithms may generate
inequality, ethical challenges and threats to fundamental rights. It includes systemic digital bias, which occurs when biases
contained within training datasets are reproduced and amplified by algorithms, eventually becoming a systemic form of social
discrimination (Caliskan et al., 2022; Belenguer, 2022). This may result in inequitable decisions concerning employment, lending,
justice and access to essential services, thereby reinforcing existing inequalities. A lack of algorithmic transparency, commonly
described as the “black box” problem, together with concerns regarding confidentiality, can also contribute to the erosion of digital
trust (Castelvecchi, 2016). This weakens public confidence not only in AI technologies but also in the institutions that employ them,
creating substantial social consequences. The expression “black box” responsibility describes the fundamental difficulty of
assigning responsibility for errors or harm produced by opaque AI systems, making legal and ethical accountability challenging to
establish (Adadi and Berrada, 2018; Gunning et al., 2019). Finally, this intersection strengthens the concept of the ethical digital
divide, suggesting that unequal access to advanced AI systems and their benefits, when combined with inadequate data
governance, may widen global socio-economic and ethical inequalities (Kitsara, 2022).

The Complex Intersection of All Three Risk Categories

The most complicated intersection occurs when ecological, socioeconomic and ethical, and data- and algorithm-related risks
emerge simultaneously. This situation demonstrates the potential for a failure of integrated AI governance. If regulatory systems do
not address all three dimensions collectively, the result may be a systemic failure of sustainability (Floridi and Cowls, 2019; OECD,
2019; UNESCO, 2021). Any partial benefits generated by AI may consequently be outweighed by negative and multidimensional
outcomes. This produces what may be described as AI's Green Paradox, reinforcing the concern that despite its capacity to support
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sustainability, AI may create a threefold negative effect through intensive resource use, the reproduction of bias and inequality, and
problems associated with data management and algorithmic opacity (Schwartz et al., 2020; Crawford, 2021; UNEP, 2021). These
interconnected risks ultimately provide a significant warning regarding an unsustainable AI future. Without holistic, proactive and
integrated risk management, AI development may contribute to a future that is environmentally, socially and ethically unsustainable,
undermining international efforts to establish an equitable society and maintain a healthy natural environment (Crawford, 2021).

To support a structured comparison of the sustainability risks associated with artificial intelligence, an exploratory semi-quantitative
risk-prioritisation framework is presented through the assessment scale in Table 3 and the detailed risk matrix in Table 4. The
framework combines indicative likelihood and severity ratings on five-point ordinal scales, with comparative scores calculated by
multiplying likelihood by severity (P × I), producing values ranging from 1 to 25. These scores provide a heuristic basis for
comparing potential areas of concern and identifying corresponding mitigation priorities. As the ratings represent interpretative
analytical judgements rather than empirically validated measurements, the resulting scores should not be interpreted as measured
probabilities, statistically established risk levels or universally applicable thresholds.

For the purposes of this exploratory framework, likelihood and severity are interpreted using five-point ordinal scales. Likelihood is
classified as very unlikely (1), unlikely (2), possible (3), likely (4) and very likely (5), while severity is classified as negligible (1), minor
(2), moderate (3), major (4) and severe (5). Likelihood refers to the indicative potential for a particular risk to arise within relevant AI
applications, whereas severity concerns the potential environmental, technological, socioeconomic or ethical consequences if that
risk occurs. The numerical ratings presented in Table 3 are illustrative analytical judgements informed by the risk categories
discussed in the literature; they are not presented as the results of a formal expert-elicitation or empirical validation exercise.

For interpretative purposes, the resulting scores are grouped into five indicative risk levels using classification thresholds adopted
for this exploratory framework. These categories provide a consistent basis for discussing relative risk significance and prioritising
potential mitigation measures:

Very low risk (green; score of 1–4): These risks are generally insignificant and require only minimal monitoring.

Low risk (yellow; score of 5–8): These risks are usually manageable and require routine monitoring.

Moderate risk (orange; score of 9–15): These risks require targeted attention and proactive management measures.

High risk (red; score of 16–19): These risks require immediate and substantial mitigation measures because of their potentially
severe impact or high probability of occurrence.

Critical risk (dark red; score of 20–25): These are the most severe risks and require urgent, high-priority interventions supported
by robust governance frameworks.
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Table 4
Comprehensive assessment of AI-related sustainability risks and corresponding mitigation measures.

Risk Domain Specific Risk Likelihood
(1–5)

Severity
(1–5)

Combined
Score (P ×
I)

Risk
Level

Recommended
Mitigation Strategies

Intensive energy
use during the
training and
operation of AI
models

4 4 16 High Prioritise
computationally efficient
algorithms, such as
compact, sparse and
TinyML models; increase
the use of renewable
electricity in data
centres; and enhance the
performance of cooling
technologies.

Environmental
burden generated by
AI (AI-related “green
debt”)

Embodied carbon
associated with
hardware
manufacturing and
discarded electronic
equipment

3 4 12 Moderate Adopt lifecycle-based
hardware management
by improving equipment
design, prolonging
operational life and
supporting effective
recycling; introduce
consistent methods for
calculating and reporting
hardware-related
emissions.

  Use of water to
regulate data-centre
temperatures

3 3 9 Moderate Reduce cooling-related
water demand by
incorporating recycled
water, improving system
efficiency and
investigating alternative
cooling methods that rely
less heavily on water.

  Dependence on
substantial
quantities of data
and the financial
costs involved

4 3 12 Moderate Expand investment in
openly accessible data
infrastructure; develop
collaborative
arrangements for
gathering and managing
data; and remove
unnecessary barriers to
data access.

Data reliability,
accessibility and
representativeness

Unrepresentative or
biased data that
may reproduce or
intensify social
inequalities

4 5 20 Critical Introduce policies
governing ethical data
use and bias prevention;
apply explainable AI
approaches; broaden the
range of data sources;
and involve diverse
stakeholder groups in
development and
oversight processes.

  Limited consistency,
compatibility and
availability across
datasets

3 4 12 Moderate Establish shared and
openly available data
standards; promote
international cooperation
to improve
interoperability; and
encourage the wider use
of open-source AI
technologies.

  Limited
understanding of
how AI systems
reach particular
conclusions—the

3 4 12 Moderate Advance the design of
interpretable and
dependable AI models
and establish specific
transparency
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Risk Domain Specific Risk Likelihood
(1–5)

Severity
(1–5)

Combined
Score (P ×
I)

Risk
Level

Recommended
Mitigation Strategies

Intensive energy
use during the
training and
operation of AI
models

4 4 16 High Prioritise
computationally efficient
algorithms, such as
compact, sparse and
TinyML models; increase
the use of renewable
electricity in data
centres; and enhance the
performance of cooling
technologies.

“black-box”
challenge

requirements for systems
used in sensitive or high-
risk contexts.

System complexity,
opacity and
confidence
(Explainable AI—XAI)

Obstacles affecting
the verification,
auditing and
practical
acceptance of AI
systems

3 3 9 Moderate Make algorithms more
transparent, create
reliable procedures for
independently evaluating
AI systems and use XAI
methods to improve
confidence among users
and institutions.

  Uncertainty
regarding
responsibility when
AI systems produce
errors or cause
harm

2 4 8 Low Define legal
responsibilities for
algorithmic outcomes
and strengthen public
understanding of both
the capabilities and
limitations of artificial
intelligence.

  Considerable start-
up expenditure and
the need for capital-
intensive
infrastructure

4 4 16 High Provide grants, financial
support and other
incentives for Green AI
research; encourage
cooperation between
public and private
organisations; and widen
access to shared cloud
resources.

Financial barriers,
unequal access and
technological
disparities

Unequal access to
AI technologies and
their benefits—the
“AI divide”

4 5 20 Critical Increase access to open-
source systems and
shared digital
infrastructure while
supporting technological
training and capacity
development, particularly
in developing countries.

  Reliance on a
limited number of
technology
providers and
increasing market
concentration

3 4 12 Moderate Support competitive
markets, interoperable
standards and open-
source alternatives; apply
appropriate competition
and antitrust measures
where market dominance
becomes problematic.

  Ethical data
management and
the protection of
personal privacy

4 4 16 High Strengthen privacy and
data-protection
regulations; apply
comprehensive data-
governance procedures;
and openly communicate
how information is
obtained, processed and
utilised.
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Risk Domain Specific Risk Likelihood
(1–5)

Severity
(1–5)

Combined
Score (P ×
I)

Risk
Level

Recommended
Mitigation Strategies

Intensive energy
use during the
training and
operation of AI
models

4 4 16 High Prioritise
computationally efficient
algorithms, such as
compact, sparse and
TinyML models; increase
the use of renewable
electricity in data
centres; and enhance the
performance of cooling
technologies.

Ethics, governance
and broader societal
effects

Employment
disruption and the
possible
displacement of
workers

3 3 9 Moderate Provide opportunities for
professional reskilling
and upskilling and
prepare long-term
workforce strategies that
support a fair transition
towards an AI-enabled
economy.

  Deficiencies in
legislation and
unresolved
questions of
accountability

3 3 9 Moderate Accelerate the
preparation of
appropriate legal and
ethical provisions and
encourage international
coordination to achieve
greater consistency
between national
regulatory systems.

  Autonomous
decision-making
and the need to
retain meaningful
human supervision

2 4 8 Low Ensure that people
remain directly involved
in decisions with serious
consequences and
establish ethical
standards governing the
scope and operation of
autonomous AI
technologies.

The risk-prioritisation matrix offers an integrated perspective on the environmental, technological, socioeconomic and ethical
challenges associated with AI adoption. Within the illustrative assessment, risks relating to biased datasets and unequal access to
AI technologies receive the highest combined scores (20), reflecting their potential implications for social equity, technological
inclusion and responsible decision-making. Intensive energy consumption, substantial infrastructure investment and data-privacy
concerns are also assigned comparatively high scores (16), highlighting the importance of resource efficiency, financial accessibility
and effective governance. These rankings should not be interpreted as universal measurements of risk, since their significance may
differ according to technological application, geographical context, infrastructure conditions and the populations affected.
Furthermore, the individual scores and classification thresholds have not been independently validated. The framework should
therefore be regarded as a preliminary analytical tool requiring further empirical investigation, expert consultation and sensitivity
testing before its application to operational risk-management decisions.

Figure 4. Comprehensive risk matrix for evaluating sustainability-related AI risks and their corresponding mitigation measures.

5.3. Mitigation Strategies and Future Recommendations
The critical assessment undertaken in this study demonstrates that artificial intelligence represents a powerful instrument for
advancing sustainability, although its potential benefits remain closely connected to a range of complex challenges. The central
argument is that fully realising AI’s capabilities requires a strategic and proactive approach that acknowledges its inherent risks and
introduces appropriate measures to reduce them. Future progress therefore depends on a commitment to developing “Green AI”,
with particular emphasis on energy efficiency and responsible hardware management, while creating systems that are transparent,
equitable and accountable. Combined with robust governance frameworks and international cooperation, these measures can help
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ensure that the continued development of AI supports a genuinely sustainable and socially just future for all (Crawford, 2021; UNEP,
2021).

Clearly defined strategic recommendations are consequently required. First, funding and incentive policies should establish
dedicated financial support for “Green AI” innovation and introduce fiscal incentives for technological solutions that contribute to
sustainability (Schwartz et al., 2020; Patterson et al., 2021). International cooperation and public–private partnerships (PPPs)
constitute another essential element of this process (UNEP, 2018; Hinton et al., 2015; Siqueira et al., 2024). Such collaborations can
support the transfer of knowledge, expertise and technology while promoting a more equitable global distribution of the benefits
generated by AI (Tejaswini et al., 2020; Luccioni et al., 2022). The expansion of open-source platforms is equally important,
particularly through the development of openly accessible algorithms and datasets that reduce barriers to technological
participation (Fauzi, 2023; Ham et al., 2019; van Klompenburg et al., 2020). Finally, education and capacity building remain
fundamental priorities. Targeted training programmes can help prepare a new generation of “Green AI engineers” while
strengthening technological knowledge and professional skills in developing countries (OECD, 2019; UNESCO, 2019, 2021; UNEP,
2021).

Beyond these strategic recommendations, the reviewed literature highlights several areas requiring further investigation. First,
although AI applications demonstrate considerable potential to improve resource efficiency and environmental management, further
research is needed to establish their long-term sustainability performance, particularly when the energy consumption, water
requirements and embodied environmental impacts of AI infrastructure are considered. Second, additional investigation is required
into the effectiveness of AI applications across different geographical and socio-economic contexts, particularly in developing
countries and resource-constrained organisations where technological accessibility, financial capacity and data availability remain
significant challenges. Third, the relationship between algorithmic transparency, data governance and sustainability outcomes
requires further examination to establish how responsible AI practices can be consistently implemented and evaluated. Finally,
future studies should investigate the effectiveness of integrated governance approaches that address environmental, technological
and socio-economic risks simultaneously. Addressing these gaps would strengthen the evidence base for assessing AI's
contribution to the Sustainable Development Goals and support the development of more accountable, equitable and
environmentally responsible AI systems.

6. Conclusions
This study critically examined the evolving and multidimensional role of artificial intelligence (AI) in advancing global sustainability
and supporting the United Nations Sustainable Development Goals (SDGs). The analysis highlighted AI's applications across energy
management, agriculture, environmental monitoring, smart cities, circular economy practices and industrial processes (RQ1).
Across these domains, AI demonstrates considerable potential to improve resource efficiency, support environmental monitoring,
optimise complex systems and contribute to environmental, social and economic sustainability objectives (RQ2). Nevertheless,
improvements in technological performance do not necessarily establish measurable sustainability benefits, emphasising the
importance of evaluating outcomes within their specific implementation contexts.

Despite these opportunities, AI adoption presents significant environmental, technological, socioeconomic and ethical challenges
(RQ3). The analysis highlighted the AI Green Paradox, whereby technologies intended to support sustainability may simultaneously
generate substantial ecological pressures through energy consumption, carbon emissions, water requirements and electronic
waste. Additional concerns include algorithmic bias, limited transparency, data-governance challenges, substantial implementation
costs and unequal access to technological infrastructure and expertise. These interconnected issues demonstrate that AI's
sustainability contribution depends on both its capabilities and the consequences of its development and implementation.

The review also identified methodological and practical limitations within the available literature (RQ4), including differences in
research approaches, geographical contexts, evaluation criteria and implementation conditions. These variations complicate
comparisons between studies and limit the transferability of reported findings. In particular, evidence derived from simulations,
predictive models or experimental settings should be distinguished from demonstrated environmental and socioeconomic
improvements in operational contexts. Further research incorporating measurable sustainability indicators, longitudinal evaluation
and diverse geographical settings is therefore necessary to strengthen the evidence supporting AI-based sustainability
interventions.
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The principal contribution of this review lies in integrating the opportunities and challenges of AI within a multidimensional
sustainability perspective. Rather than presenting the AI Green Paradox as an entirely new phenomenon, the study employs it as an
organising concept connecting AI's potential sustainability benefits with its ecological, technological and socioeconomic
consequences. The accompanying exploratory risk-prioritisation framework further supports the structured interpretation of
interconnected challenges and the identification of potential mitigation priorities. Maximising AI's benefits while reducing
associated risks requires continued development of Green AI, transparent and accountable governance frameworks, international
cooperation, technological accessibility, education and professional capacity building (RQ5).

The study is subject to methodological limitations. As a structured critical literature review, it draws on a multidisciplinary body of
published literature without a fully reproducible systematic screening record or a statistically representative study-level dataset.
Consequently, its findings should be interpreted as a critical synthesis of the available evidence rather than an exhaustive or
quantitative assessment of the wider research landscape. Nevertheless, the review provides an integrated basis for examining AI's
sustainability implications and identifying priorities for future investigation. AI has substantial potential to support a more
sustainable future, but realising this potential requires responsible technological development, measurable sustainability outcomes
and coordinated action addressing environmental protection, social equity and ethical accountability.
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Figure 1

PRISMA flowchart illustrating the study-selection process.

Page 30/33



Figure 2

The three interconnected dimensions of sustainability: environmental, social and economic.
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Figure 3

Intersection of artificial intelligence risk categories within the context of sustainability.
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Figure 4

Comprehensive risk matrix for evaluating sustainability-related AI risks and their corresponding mitigation measures.
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