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Abstract  

The rapid expansion of the digital economy has positioned artificial intelligence (AI) as both a transformative 

enabler of sustainability and a significant contributor to environmental degradation. This paper examines the dual 

role of AI within the digital economy, analyzing how intelligent automation, machine learning, and data -driven 

innovation can advance sustainable development while simultaneously creating new ecological burdens through 

energy-intensive computation, hardware proliferation, and electronic waste. Drawing on recent scholarship from 

the International Energy Agency, the Organisation for Economic Co -operation and Development, the United 

Nations Conference on Trade and Development, and peer -reviewed academic literature, this study synthesises 

evidence across three domains: the environmental costs of AI infrastructure, the potential of AI to accelerate 

progress toward the United Nations Sustainable Development Goals, and the emergence of Green AI as a 

disciplinary movement. The paper proposes a roadmap for reconciling innovation with sustainability, centred  on 

energy-efficient algorithm design, circular economy integration, renewable energy procurement for data centres, 

and robust policy governance. The findings suggest that without deliberate intervention, the environmental 

footprint of AI will undermine the very sustainability objectives it promises to advance, making proactive 

stewardship an imperative for researchers, policymakers, and industry leaders alike. 
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1. Introduction  

The convergence of artificial intelligence, sustainability imperatives, and digital economic transformation 

represents one of the most consequential policy challenges of the twenty-first century. The global digital economy, 

valued at trillions of dollars and growing at rates far outpacing traditional sectors, is increasingly powered by AI 

systems that optimize supply chains, personalize services, and generate predictive insights across every industry 

(OECD, 2024). Yet this digital boom carries a hidden envi ronmental price tag: data centers, semiconductor 

fabrication, and the training of ever-larger AI models demand prodigious quantities of electricity, water, and rare-

earth minerals (UNCTAD, 2024). The International Energy Agency (IEA) estimates that data centres consumed 

approximately 415 terawatt-hours of electricity in 2024, accounting for roughly 1.5 percent of global electricity use, 

with projections suggesting this figure could approach 950 terawatt-hours by 2030 (IEA, 2025). 

Simultaneously, AI offers unprecedented tools for addressing environmental crises. Machine learning models 

can optimise renewable energy grids, detect deforestation from satellite imagery, accelerate materials science for 

clean technology, and reduce industrial waste through predictive maintenance (Vinuesa et al., 2020). This paradox, 

in which AI serves as both a solution to and a cause of environmental harm, demands a rigorous analytical 

framework. The present paper aims to provide such a framework by reviewing the current state of research at the 

intersection of AI, sustainability, and innovation, and by proposing a roadmap that balances technological progress 

with ecological responsibility. 

The structure of this paper proceeds as follows. Section 2 reviews the relevant literature across three thematic 

streams: the environmental impact of AI systems, AI as an enabler of the Sustainable Development Goals, and the 

emerging Green AI movement. Section 3 examines the dual environmental challenge of AI, assessing both its 

carbon footprint and its potential for positive environmental impact. Section 4 analyses how AI -driven innovation 

reshapes the digital economy, with particular attention to circular economy applications and productivity gains. 

Section 5 presents a multi -pillar roadmap for sustainable AI integration, addressing technical, industrial, and 

governance dimensions. Section 6 concludes with a summary of findings and implica tions for future research and 

policy. 

2. Literature Review 

2.1 Environmental Impact of AI Systems  

Scholarly concern about the environmental costs of AI emerged prominently with Strubell  et al. (2019), who 

quantified the energy consumption and carbon dioxide emissions associated with training several natural language 

processing models. Their analysis revealed that training a single large Transformer model could produce 

approximately 284 tonnes of carbon dioxide equivalent, nearly five times the lifetime emissions of an average 

American car. This landmark study catalysed  a broader awareness that the pursuit of ever-larger models, driven 

primarily by accuracy benchmarks, carried significant and often unreported environmental externalities. 

Subsequent research has both confirmed and nuanced these findings. Schwartz et al. (2020) introduced the 

concept of Green AI in their widely cited position paper, arguing that the AI research community should adopt 

computational efficiency as a primary evaluation criterion alongside accuracy. They distinguished between Red AI, 



Renu Vijay Verma, International Journal of Arts, Social Sciences and Humanities | IJASSH | (https://ijassh.aaassher.org/) 

 

This journal is © AAASSHER 2026                                                                   IJASSH, 2026, 04 (04), 568 – 575 570 

 

which prioritises performance at any computational cost, and Green AI, which seeks to achieve competitive results 

with minimal resource expenditure. Evans et al. (2024) attempted to reconcile the divergent narratives surrounding 

AI’s environmental impact by conducting a comparative assessment of large language models and human labour, 

finding that the net environmental benefit or harm of AI depends critically on the specific application context and 

the energy grid powering the computation. 

At the infrastructure level, the IEA (2025) has provided the most authoritative quantitative assessment, 

documenting that data centre electricity consumption is growing at approximately 15 per cent per year, more than 

four times the rate of total global electricity growth. The UNCTAD Digital Economy Report (2024) further 

highlighted the material dimensions of this expansion, noting that increased digitalisation  drives raw material 

depletion, water consumption for cooling, and growing volumes of electronic waste. Together, these studies 

establish a clear empirical basis for treating AI’s environmental footprint as a first-order policy concern. 

2.2 AI as an Enabler of the Sustainable Development Goals  

The potential of AI to advance the United Nations Sustainable Development Goals (SDGs) has been systematically 

assessed by Vinuesa  et al. (2020), whose analysis of published evidence found that AI could enable the 

accomplishment of 134 targets across all 17 SDGs, primarily through technological substitution, monitoring and 

prediction, and data-driven governance. However, their study also identified 59 targets that AI could potentially 

inhibit, particularly those related to inequality, labour rights, and democratic governance, underscoring the 

technology’s dual-use character. 

The OECD Digital Economy Outlook 2024 reinforced this optimistic but cautious assessment, noting that AI 

promises to generate productivity gains, improve well -being, and help address global challenges such as climate 

change and resource scarcity, while simultaneously warning that these benefits are contingent upon policy 

frameworks that ensure equitable access and environmental accountability (OECD, 2024). The European 

Environment Agency (2024) has similarly examined the role of AI in shaping sustainable co nsumption patterns in 

Europe, identifying both opportunities for demand-side optimisation and risks associated with rebound effects and 

increased digital material footprints. 

At the intersection of AI and the circular economy, McKinsey and Company (n.d.) explored how AI can 

accelerate the transition from linear to circular production models, highlighting applications in waste sorting, 

material recovery, product lifecycle extension, and supply chain optimisation. These findings are corroborated by a 

growing body of research on AI -driven innovation in sustainability transitions, which suggests that intelligent 

automation can reduce material waste by up to 30 per cent in manufacturing contexts when integrated with IoT 

sensor networks and predictive analytics platforms (IEEE, 2024). 

2.3 The Green AI Movement  

The Green AI movement, formalised by Schwartz et al. (2020) and subsequently expanded by numerous 

researchers, represents an attempt to internalise  environmental costs within the AI research and development 

process. A systematic review by Verdecchia (2023) catalogued the various dimensions of Green AI research, 

including energy -efficient architecture design, model pruning and compression, federated learning to reduce data 

transfer overhead, and the development of standardised carbon accounting methodologies for machine learning 

experiments. 
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More recent contributions have proposed comprehensive frameworks for measuring and reducing the 

environmental impact of AI systems. A review published in Neurocomputing identified key strategies including 

hardware-aware neural architecture search, mixed -precision training, sparsification techniques, and the use of 

renewable energy-powered compute infrastructure as practical pathways toward sustainable AI development 

(ScienceDirect, 2024). Kuzior  (2025) proposed a multi-environmental framework for strategic decision-making that 

integrates intelligent automation with sustainability metrics, arguing that digital economy transformation must be 

guided by environmental impact assessments at every stage of technology deployment. 

3. AI and Environmental Sustainability: The Dual Challenge  

3.1 The Environmental Cost of AI Computation  

The environmental cost of AI computation manifests across multiple dimensions, each of which has grown in scale 

alongside the rapid expansion of model sizes and deployment volumes. The training of large language models such 

as GPT -4 and its successors requires clusters of thousands of graphics processing units operating continuously for 

weeks or months, consuming electricity on a scale comparable to small cities. Roller et al. (2024), writing in the 

Harvard Data Science Review, introduced the concept of car bon emissions in the tailpipe of generative AI, 

demonstrating that the operational phase of AI systems, particularly inference at scale, has begun to exceed training 

in terms of cumulative energy consumption and associated carbon emissions. 

Beyond electricity, AI infrastructure imposes significant water demands. Data centres require large volumes 

of water for cooling, and in water -stressed regions, this demand creates direct competition with agricultural and 

residential needs. The Lincoln Institute of Land and Water Policy (2025) documented how the AI boom has 

doubled data centre water consumption in the United States, with 176 terawatt-hours of electricity consumed by US 

data centres in 2023 alone. The embodied carbon in hardware, including t he extraction and refining of rare -earth 

minerals for semiconductors, represents a further and frequently overlooked environmental burden that 

compounds with each cycle of hardware replacement. 

3.2 AI as a Sustainability Enabler  

Against this backdrop of environmental cost, AI offers a remarkably diverse portfolio of sustainability applications. 

Perhaps the most celebrated example is Google DeepMind’s AI system for data centre cooling optimisation, which 

reduced cooling energy consumption by 40 per cent and total facility energy use by 15 per cent in operational 

Google data centres (Google DeepMind, 2016). This achievement demonstrated that AI could be applied to reduce 

the very environmental footprint that computing infrastructure creates, establishing a proof of concept for the 

broader application of AI to energy management. 

In the energy sector, AI -driven predictive models are improving the efficiency and reliability of renewable 

energy systems by forecasting solar and wind output, optimising grid-scale battery storage, and enabling real-time 

demand response. In agriculture, computer vision and machine learning are reducing fertiliser  and pesticide use 

through precision application, while satellite -based monitoring systems powered by deep learning are providing 

unprecedented granularity in tracking deforestation, biodiversity loss, and ocean health. The UN Global Compact 

(2024) has identified AI as a powerful tool for accelerating progress across all 17 SDGs, noting that its capacity for 

pattern recognition, optimisation, and prediction makes it uniquely suited to addressing complex, multi -variable 

sustainability challenges. 
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4. AI -Driven Innovation in the Digital Economy  

4.1 Innovation Ecosystems and Productivity  

The digital economy is fundamentally an innovation -driven ecosystem, and AI serves as its most powerful general-

purpose technology. The OECD (2024) documented how AI is reshaping productivity across sectors, from 

manufacturing and logistics to healthcare and financial services, by automating routine cognitive tasks, enabling 

personalised products and services at scale, and generating novel insights from large and complex datasets. Kuzior 

(2025) argued that intelligent automation is the central mechanism through which the digital economy can achieve 

sustainable transformation, provided that automation strategies are designed with explicit environmental and social 

objectives. 

A review published in Frontiers in Environmental Science identified a complex interplay among digital 

infrastructure, green innovation, and sustainability outcomes, finding that the effects are heterogeneous across 

countries and development stages (Frontiers, 2024). In advanced economies with cleaner energy grids, the net 

sustainability impact of digitalisation tends to be positive, whereas in economies reliant on fossil fuels, the marginal 

environmental cost of additional digital infrastructure can outweigh the benefits. This finding underscores the 

importance of contextualising AI deployment within specific national and regional energy systems. 

4.2 AI and the Circular Economy  

The circular economy, which seeks to eliminate waste and keep materials in continuous use through design, 

maintenance, repair, reuse, and recycling, represents a natural application domain for AI. Machine learning 

algorithms excel at the pattern recognition and optimisation tasks that circular economy systems require, from 

sorting mixed waste streams with computer vision to predicting product lifetimes and optimising  reverse logistics 

networks. A study published in the International Journal of Entrepreneurship and Innovation Management found 

that AI has a significant impact on the circular economy by optimising supply chains, designing sustainable 

processes, and fostering technological innovation (Springer, 2026). 

The World Economic Forum (2024) highlighted the synergistic relationship between AI and circularity, 

noting that AI supports scalable circular operations while circular models produce the data-rich environments that 

AI systems need to function effectively. This virtuous cycle, if properly cultivated, could substantially reduce the 

material throughput of the global economy. However, realising this potential requires significant investment in data 

infrastructure, standardised material tracking systems, and regulatory frameworks that incentivise circular business 

models over linear extraction and disposal. 

5. A Roadmap for Sustainable AI Integration  

Drawing on the evidence reviewed in the preceding sections, this paper proposes a multi -pillar roadmap for 

reconciling AI -driven innovation with environmental sustainability in the digital economy. The roadmap is 

organised around four interconnected pillars: technical efficiency, circular infrastructure, energy transition, and 

governance frameworks. 

5.1 Pillar 1: Advancing Green AI Research and Practice  

The first and most foundational pillar requires the AI research community to adopt computational efficiency as a 

first-class evaluation criterion. Building on the framework proposed by Schwartz et al. (2020), researchers should 

report the energy consumption and carbon emissions of all published experiments alongside standard accuracy 
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metrics. Conference organisers and journal editors can accelerate this shift by mandating efficiency disclosures as a 

condition of publication. Technically, the community should invest in energy -efficient architectures such as 

mixture-of-experts models, sparse attention mechanisms, and neural architecture search with explicit energy 

objectives. Model distillation, quantisation, and pruning techniques should be applied as standard practice to 

reduce inference costs, particularly for large language models deployed at scale. 

5.2 Pillar 2: Circular Economy Integration for AI Hardware  

The second pillar addresses the material dimensions of AI sustainability. The rapid obsolescence of AI hardware, 

driven by the relentless pace of semiconductor innovation, generates substantial volumes of electronic waste 

containing toxic materials and scarce rare -earth elements. A circular approach to AI hardware would extend 

product lifecycles through modular design, standardised  interfaces that allow component -level upgrades rather 

than full -system replacement, and robust take -back and recycling programmes. Governments can support this 

transition through extended producer responsibility legislation, right -to-repair regulations, and public 

procurement standards that favour circular hardware. Industry collaborations such as the World Economic 

Forum’s Circular Economy Initiative provide platforms for developing shared standards and best practices. 

5.3 Pillar 3: Renewable Energy Procurement and Grid Decarbonisation  

The third pillar targets the energy source powering AI computation. Even the most efficient AI system generates 

carbon emissions if it operates on a fossil -fuel-heavy electricity grid. Technology companies operating large AI 

workloads should commit to 100 per cent renewable energy procurement through a combination of direct power 

purchase agreements, on-site generation, and verified renewable energy certificates. The IEA (2025) projects that 

without such commitments, the growth in data centre electricity de mand will place significant strain on power 

systems in many countries, potentially slowing the broader transition to clean energy. Policymakers should 

facilitate this transition by streamlining permitting for renewable energy and grid infrastructure, implementing 

carbon pricing mechanisms that reflect the true environmental cost of electricity, and supporting research into 

next-generation computing architectures that are inherently more energy -efficient, such as neuromorphic and 

photonic computing. 

5.4 Pillar 4: Policy and Governance Frameworks  

The fourth and overarching pillar encompasses the regulatory and governance structures needed to ensure that AI 

development aligns with sustainability objectives. National and international AI strategies should incorporate 

environmental impact assessments as mandatory components of AI deployment approvals. The OECD AI 

Principles, the EU AI Act, and similar regulatory frameworks should be expanded to include explicit sustainability 

criteria, such as mandatory carbon disclosure for large -scale AI training run s, environmental due diligence 

requirements for AI hardware supply chains, and incentives for Green AI innovation through targeted research 

funding and tax incentives. International coordination, facilitated by bodies such as the United Nations and the 

G20, is essential to prevent regulatory arbitrage and ensure that sustainability standards are applied consistently 

across jurisdictions. 

6. Conclusion  

This paper has examined the complex and often paradoxical relationship between artificial intelligence, 

sustainability, and innovation within the digital economy. The evidence reviewed demonstrates that AI is 

simultaneously a significant environmental burden and a powerful enabler of sustainable development. The 
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training and deployment of AI systems consume growing quantities of electricity and water, generate electronic 

waste, and contribute to greenhouse gas emissions. At the same time, AI applications in energy optimisation, 

precision agriculture, circular economy operations, and environmental monitoring offer transformative potential 

for addressing the very sustainability challenges that AI infrastructure exacerbates. 

The roadmap proposed in this paper, encompassing Green AI research, circular hardware economies, 

renewable energy procurement, and robust governance frameworks, provides a structured approach to resolving 

this paradox. However, the success of this roadmap depends on the willingness of researchers, corporations, and 

governments to prioritise long-term sustainability over short-term performance gains. The transition from Red AI 

to Green AI is not merely a technical challenge; it is a collective action problem that requires coordinated 

investment, regulatory innovation, and a fundamental reorientation of incentive structures within the AI research 

and development ecosystem. 

Future research should focus on developing more granular and standardised  methodologies for measuring 

the full lifecycle environmental impact of AI systems, from semiconductor fabrication through model training, 

deployment, and hardware disposal. Longitudinal studies tracking the net sustainability impact of AI deployments 

across different sectors and energy systems would provide valuable empirical evidence for refining policy 

interventions. Ultimately, the digital economy’s contribution to global sustainability will be determined not by the 

capabilities of AI technology alone, but by the wisdom with which humanity chooses to deploy it. 
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