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Abstract 
Artificial Intelligence (AI) has emerged as one of the most transformative technologies of the 
twenty-first century, reshaping industries, enhancing productivity, and enabling solutions to 
complex global challenges. Yet its environmental footprint — encompassing energy consumption, 
carbon emissions, water usage, electronic waste (e-waste), and mineral extraction — remains 
largely invisible to end users and policymakers alike. This paper critically examines the 
environmental implications of AI development and large-scale deployment, with particular 
emphasis on large language models (LLMs) and generative AI systems. Drawing on the most 
current quantitative benchmarks (IEA, 2025; UN University, 2025; Global E-Waste Monitor, 2024), 
we situate AI's resource demands within the broader context of global industrial energy 
consumption, updating prior analyses with 2024–2026 data. Data centre electricity consumption 
reached 415 TWh globally in 2024, with AI-specific workloads surging 50% in 2025 alone; by 2030, 
the sector is projected to consume 945–1,300 TWh annually. We further evaluate mitigation 
strategies under the emerging paradigm of Green AI — encompassing algorithmic efficiency, 
renewable energy procurement, carbon-aware scheduling, and transparent reporting standards. 
The study concludes that while AI is not yet among the largest absolute environmental threats, its 
compound growth trajectory demands immediate, systemic sustainability interventions to ensure 
technological advancement and environmental stewardship remain aligned. 
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Introduction 
Artificial Intelligence has undergone unprecedented acceleration since the advent of transformer 
architectures (Vaswani et al., 2017) and the scaling laws that have driven ever-larger models. From 
healthcare diagnostics to autonomous vehicles, AI systems now permeate virtually every sector of 
the global economy. Yet this rapid expansion carries an environmental cost that has received 
disproportionately little attention relative to AI's celebrated capabilities. 
 
The concept of AI as an 'Invisible Polluter' reflects a fundamental disconnect: AI applications appear 
clean and digital to users, yet depend on vast physical infrastructure — data centres, high-
performance computing clusters, cooling towers, and global supply chains for specialized hardware 
— that collectively impose significant burdens on energy systems, freshwater supplies, and natural 
ecosystems. Global data centre electricity consumption reached approximately 415 TWh in 2024 — 
about 1.5% of global electricity demand — and is projected to nearly double to 945 TWh by 2030 
under the IEA's base-case scenario (IEA, 2025). AI-specific workloads are the primary driver: 
electricity consumption from AI-focused data centres surged 50% in 2025 alone (IEA, 2026). The IEA 
describes AI as 'the most important driver of this growth.' Global investment in data centres has 
nearly doubled since 2022, reaching half a trillion US dollars in 2024 (IEA, 2025). 
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Energy Consumption and Carbon Emissions 
Training Phase: A One-Time but Substantial Cost 
The training of large-scale AI models is extraordinarily compute-intensive. GPT-4, for example, is estimated to have 
consumed approximately 50 GWh of electricity during training — a figure that dwarfs the training of earlier 
architectures and equates to the annual electricity consumption of thousands of households (IEA, 2025; Epoch AI, 
2025). The carbon intensity of training is not solely a function of computational workload; it is critically determined 
by the energy mix of the electricity grid powering data centres. A model trained on a coal-dominated grid may 
produce up to 60 times more CO₂ equivalent than the same model trained on a 100% renewable grid (Henderson 
et al., 2020). 
 
Hardware architectural advances are compounding energy demands. NVIDIA's Blackwell generation and 
equivalent accelerators now require unprecedented power densities per rack, with a single DGX B200 AI system 
consuming substantially more energy than its predecessors. This trend is expected to continue as model capabilities 
expand to agentic tasks, video generation, and multimodal reasoning — use cases that consume hundreds or 
thousands of times more energy per query than simple text generation (IEA, 2026). 
 
Table 1. Energy & Carbon Benchmarks for Major AI Systems (Updated 2024–2026) 

AI System / Operation Energy 
Consumption 

CO₂ Equivalent Source Year 

GPT-3 (175B params) — 
Training 

~1,287 MWh ~552 t CO₂e Patterson et al., 2021 2021 

GPT-4 (est.) — Training ~50,000 MWh ~12,500+ t CO₂e 
(est.) 

IEA, 2025; Epoch AI, 
2025 

2024–25 

Llama 3.1 8B — Per 
Response 

~114 joules Variable by grid AIMul tiple, 2025 2025 

Llama 3.1 405B — Per 
Response 

~6,706 joules Variable by grid AIMultiple, 2025 2025 

AI Data Centres — Global 
2024 

~415 TWh/yr ~182 Mt CO₂e IEA, 2025 2024 

AI Data Centres — Global 
2025 

~485 TWh/yr (+17%) ~189 Mt CO₂e (est.) IEA, 2026; UNU, 
2025 

2025 

AI-Specific Workloads 2025 
(+50%) 

~20% of DC total ~32–80 Mt CO₂e 
(est.) 

ScienceDirect, 2025 2025 

 
Inference Phase: The Persistent and Growing Burden 
While training receives greater media attention, inference — the operational phase during which trained models 
respond to user queries — accounts for an estimated 80–90% of an AI system's lifetime energy consumption (IEA, 
2025). A single ChatGPT query is estimated to consume approximately ten times the energy of a standard Google 
search. Given that major model providers reported a threefold increase in active users and a fivefold increase in 
revenue in 2025 alone (IEA, 2026), aggregate inference energy demand is scaling rapidly. 
 
New energy-intensive use cases are compounding the challenge. Video generation tasks can consume 109,000–
3,400,000 joules per output — orders of magnitude above simple text generation. AI agents, which autonomously 
chain multiple reasoning steps and tool calls, represent yet another category of high-energy workload with rapidly 
growing deployment. The IEA's 2026 update projects that electricity consumption from AI-focused data centres 
will triple by 2030, even as per-task efficiency improves at historically unprecedented rates (IEA, 2026). 
 
Water Consumption: The Hidden Resource Cost 
Water is an underappreciated dimension of AI's environmental footprint. Data centres require continuous cooling 
to prevent thermal damage to computing hardware, employing evaporative cooling systems that directly consume 
freshwater. According to market research firm Mordor Intelligence, nearly one trillion litres of water were 
consumed by AI data centres in 2025 — equivalent to approximately 264 billion gallons, or the annual water usage 
of 1.8 million Americans. AI data centres are currently consuming 550 million gallons of water per day, roughly the 
same rate as the entire global bottled water industry (Mordor Intelligence, as reported June 2026). 
 
Company-level disclosures illustrate the scale at the facility level. Google's data centres consumed 8.1 billion gallons 
of water in 2024, nearly double their consumption three years earlier. A single Google facility in Council Bluffs, Iowa, 
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withdrew an average of 3.9 million gallons per day in 2024, consuming 2.8 million gallons of that total (Google 
Environmental Report, 2025). Microsoft achieved a Water Usage Effectiveness (WUE) of 0.30 litres per kWh in 
FY2025, a 39% improvement over 2021; while deploying zero-water-evaporation cooling at selected sites. Amazon 
disclosed for the first time in June 2026 that its global data centres used 2.5 billion gallons of water in 2025, claiming 
a WUE of 0.12 L/kWh. 
 
Table 2. AI Environmental Impact: Key Metrics Summary (2024–2026) 

Environmental Factor Severity Quantitative Indicator 
(2024–26) 

Trajectory Risk Level 

Energy Consumption High 415 TWh in 2024; 485 TWh 
in 2025 (IEA) 

↑ 15%/yr to 2030 Critical 

Carbon Emissions High ~182 Mt CO₂e in 2024; ~189 
Mt in 2025 (IEA, UNU) 

↑ Growing Critical 

Water Usage High ~1 trillion litres consumed by 
AI DCs in 2025 (Mordor 
Intelligence) 

↑ Rapid High 

E-Waste Generation Medium–
High 

62 Mt globally in 2022; 1.2–5 
Mt AI-specific by 2030 
(GEM, 2024) 

↑ Growing Significant 

Mineral Extraction Medium Li, Co, Ni, rare earths — 
concentrated supply chain 
pressure 

↑ Growing Moderate 

 
Water stress compounds this concern. Approximately two-thirds of data centres built since 2022 are located in 
areas already experiencing water stress (Bloomberg, 2025). The Lawrence Berkeley National Laboratory's 2024 
federal report estimates that US data centre direct water consumption will grow from 17.4 billion gallons in 2023 to 
between 38 and 73 billion gallons by 2028, driven primarily by AI training and inference workloads. By 2030, if AI's 
share of data centre electricity rises to 40% as projected, AI-related water consumption could reach 9.3 trillion litres 
— enough to cover the annual basic domestic water needs of over 1.3 billion people in Sub-Saharan Africa (UN 
University, 2025). 
 
In April 2026, more than a dozen institutional investors filed shareholder pressure on Amazon, Microsoft, and 
Alphabet requesting site-specific water and power consumption disclosures, signalling the emergence of water 
transparency as a material corporate governance issue — analogous to the trajectory of carbon disclosure a decade 
earlier. 
 
Electronic Waste and Critical Mineral Extraction 
Hardware Obsolescence and E-Waste Generation 
The rapid pace of AI hardware innovation — driven by competitive pressure among semiconductor manufacturers 
and hyperscale cloud providers — creates a cycle of accelerated obsolescence. The Global E-Waste Monitor 2024 
reported that a record 62 million metric tonnes of e-waste was generated globally in 2022, rising 82% from 34 
million tonnes in 2010. This figure is projected to reach 82 million tonnes by 2030 — a 32% further increase — with 
e-waste rising five times faster than documented recycling rates. Only 22.3% of global e-waste is formally collected 
and recycled; the recycling rate is forecast to decline further to 20% by 2030 (Global E-Waste Monitor, 2024). 
 
AI hardware contributes a distinct and growing stream to this total. A peer-reviewed study published in Nature 
Computational Science (2024) estimated that generative AI alone could add 1.2 to 5 million metric tonnes of e-
waste in total from 2023 to 2030, with aggressive AI adoption scenarios producing an annual e-waste stream of up 
to 2.5 million metric tonnes by 2030. A recalibrating analysis (ScienceDirect, 2026) suggests more modest near-
term figures, noting that AI server lifespan at hyperscale operators (Google, Microsoft, Meta, Amazon) is 
approximately five to six years — longer than earlier estimates — implying that servers produced in 2024 will not 
become e-waste until approximately 2030. As of November 2025, 5,427 data centres were operating in the United 
States alone, each cycling through servers, GPUs, storage systems, and cooling infrastructure. 
 
Improperly disposed e-waste releases toxic substances — including lead, mercury, cadmium, and brominated flame 
retardants — into soil and groundwater, with severe public health implications. Research found that 12% of data 
centres engage in no e-waste recycling whatsoever, while 43% operate without any formal environmental policy 
for hardware disposal (Supermicro / Human-I-T, 2025). 
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Critical Mineral Dependencies 
AI hardware manufacture depends on a portfolio of critical minerals with concentrated geographic supply chains 
and environmentally damaging extraction processes. Key dependencies include lithium and cobalt (battery backup 
systems), nickel and manganese (server infrastructure), and rare earth elements such as neodymium and 
dysprosium (cooling system components and magnetic assemblies). Cobalt mining — approximately 70% of which 
is concentrated in the Democratic Republic of Congo — has been associated with severe environmental 
degradation and human rights violations (Amnesty International, 2023). The Global E-Waste Monitor 2024 notes 
that just 1% of rare earth element demand is currently met by e-waste recycling, underscoring the systemic 
inefficiency in the critical mineral supply chain. 
 
Comparative Sector Analysis 
To contextualise AI's environmental impact accurately, it is necessary to situate it within the broader landscape of 
global industrial energy consumption. Table 3 presents a comparative analysis using the most current available 
data. 
 
Table 3. Comparative Energy Consumption. AI vs. Other Industries (2024–2025) 

Sector Annual Energy Use Global Share Source 

Global Data Centres (all 
workloads) 2024 

415 TWh/yr ~1.5% global 
electricity 

IEA, 2025 

AI-Specific Workloads 2025 
(est.) 

~97–145 TWh/yr ~0.3–0.5% global 
electricity 

IEA, 2026; ScienceDirect, 2025 

Aviation Industry ~300 TWh/yr ~2.5% global CO₂ ATAG, 2024 

Cryptocurrency Mining ~100–150 TWh/yr ~0.5% global 
electricity 

CCAF, 2025 

Steel Manufacturing ~2,500 TWh/yr ~7–9% global CO₂ World Steel Assoc., 2024 

Global Internet (total) ~400 TWh/yr ~2% global CO₂ IEA, 2025 

Data Centres — Projected 
2030 (Base Case) 

~945 TWh/yr ~3% global 
electricity 

IEA, 2025 

 
This comparison reveals a critical nuance: AI is not currently among the world's largest emitters in absolute terms. 
Global steel manufacturing alone consumes more than twenty-five times the energy attributed to AI workloads. 
However, the relevant metric is not current magnitude but trajectory: data centre electricity consumption is 
growing at approximately 15% per year — more than four times faster than global electricity consumption growth 
overall (IEA, 2025). AI-focused data centre electricity consumption grew at 50% in 2025 alone (IEA, 2026). The 
aviation sector's emissions share, by contrast, has remained relatively stable for a decade. 
 
Furthermore, AI's environmental impact exhibits multiplicative characteristics. As AI is integrated into advertising 
optimisation, consumption recommendation engines, and industrial automation, it may indirectly stimulate 
additional resource consumption across the broader economy — a rebound effect not captured in direct energy 
accounting. The IEA notes that proven AI applications could help firms in energy-intensive industries reduce energy 
costs by 3–10 percentage points, but realising this benefit requires deliberate deployment choices rather than 
unconstrained scaling. 
 
AI as an Environmental Solution: Opportunities and Limits 
Despite the environmental costs documented above, AI also possesses significant potential to accelerate progress 
toward sustainability goals. Key application domains include the following areas. 
 
In climate modelling, AI-enhanced simulations are improving the spatial resolution and temporal accuracy of 
climate projections (IPCC, 2023), supporting more effective adaptation planning. In renewable energy optimisation, 
machine learning algorithms improve wind turbine efficiency, solar panel output forecasting, and smart grid load 
balancing, with reported efficiency gains of 10–20% in selected deployments (DeepMind, 2024). Precision 
agriculture AI systems reduce fertiliser and pesticide inputs by up to 30% while maintaining crop yields (FAO, 2024), 
decreasing agricultural emissions and runoff pollution. Satellite imagery analysis using convolutional neural 
networks enables near-real-time forest monitoring at scales previously impossible (Global Forest Watch, 2025). AI-
based sorting and logistics optimisation in recycling facilities improve material recovery rates and reduce landfill 
volumes. 
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The IEA's 2026 update acknowledges that AI 'may well be critical for global industrial innovation and 
competitiveness,' estimating that proven AI applications could reduce energy costs in energy-intensive industries 
by 3–10 percentage points. The net environmental balance — whether AI's enabling of sustainability solutions 
ultimately outweighs its own resource footprint — remains an empirically unresolved question, contingent on 
deployment priorities and the speed of grid decarbonisation in the data centre sector. 
 
Structural Barriers to Sustainable AI 
Transparency Deficit 
A fundamental barrier is the near-complete absence of standardised, mandatory disclosure of AI systems' energy 
consumption, water usage, and carbon emissions. Major AI laboratories and cloud providers publish voluntary 
sustainability reports, but these are rarely disaggregated by model or workload, making independent verification 
impossible. As of mid-2026, only Google publishes site-level water data among the three largest cloud providers 
(Amazon, Google, Microsoft). The absence of credible measurement renders meaningful management 
unattainable. As of April 2026, institutional investors are actively pressing Amazon, Microsoft, and Alphabet for 
site-specific disclosures, indicating that market forces are beginning to supplement regulatory shortfalls. 
 
Compute Growth Outpacing Efficiency Gains 
While per-task energy efficiency is improving at historically unprecedented rates (IEA, 2026), new and more energy-
intensive use cases — video generation, agentic AI, multimodal reasoning — are being launched at pace. The IEA's 
analysis confirms that total data centre electricity demand is still set to double by 2030 despite efficiency 
improvements, because the absolute volume of AI use is growing faster than efficiency gains. Hardware demand 
for NVIDIA's Blackwell generation has been constrained by TSMC's CoWoS chip packaging capacity, suggesting 
that even supply-side bottlenecks may only modestly moderate growth trajectories. 
 
Fossil Fuel Dependence and Grid Carbon Intensity 
Despite high-profile renewable energy commitments from major technology companies, the global data centre 
fleet remains substantially fossil-fuel dependent. Coal represents approximately 30% of electricity generation 
supplying data centres globally, with the highest contribution in China (IEA, 2025). A 2024 study of 2,132 US data 
centres found their average carbon intensity to be 48% higher than the national average across all economic 
sectors, because many facilities are located in regions where electricity grids still run primarily on coal and natural 
gas. Goldman Sachs Research (2025) forecasts that approximately 60% of increasing electricity demands from data 
centres will be met by fossil fuels in the near term. 
 
Regulatory Fragmentation 
No coherent, globally harmonised regulatory framework addresses AI-specific environmental impacts. The EU AI 
Act (2024) incorporates limited environmental provisions, primarily focused on transparency of training compute 
for high-risk systems. At the national level, a US executive order in 2025 streamlined environmental reviews to 
accelerate data centre construction, moving in the opposite direction from sustainability objectives. Worldwide, 81 
countries — just 42% — currently have any form of e-waste policy, legislation, or regulation (Global E-Waste 
Monitor, 2024). The absence of binding international standards for AI energy reporting creates regulatory arbitrage 
incentives and impedes coordinated progress. 
 
Towards a Green AI Framework: Policy and Technical Recommendations 
Addressing AI's environmental footprint requires coordinated action across technical, organisational, and 
regulatory domains. Table 4 summarises key Green AI strategies with their mechanisms, effectiveness 
assessments, and current adopters. 
 
Beyond the strategies enumerated above, this paper proposes the following priority policy interventions: 
 
Mandatory energy and carbon disclosure: Regulatory bodies — particularly in the EU and US — should require 
standardised reporting of training compute (FLOPs), energy consumption (kWh), and carbon emissions (tCO₂e) for 
AI models above a defined capability threshold, analogous to financial reporting requirements. Water consumption 
disclosure at the facility level should be similarly mandated, as currently piloted under Oregon's 2024 data centre 
water transparency legislation. 
 
Green procurement standards: Public sector AI procurement should incorporate minimum renewable energy 
thresholds, Water Usage Effectiveness (WUE) benchmarks, and lifecycle environmental assessment requirements, 
creating demand-side incentives for responsible AI development. R&D investment in efficiency: Government-
funded AI research programmes should allocate a defined share of budgets to algorithmic efficiency and 
sustainable hardware research. The IEA's finding that per-task energy efficiency is already improving at an 
unprecedented rate suggests that targeted investment could accelerate this trajectory further. 
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Table 4. Green AI Strategies: Mechanisms, Effectiveness and Adopters (2024–2026) 

Strategy Mechanism / Description Effectiveness Current Status Adopters 
(2025–26) 

Renewable Energy 
PPAs 

Power Purchase 
Agreements; on-site 
solar/wind; nuclear SMR 
commitments 

High Active; tech 
sector ~40% of all 
corporate RE 
PPAs in 2025 

Google, 
Microsoft, 
Amazon 

Nuclear / SMR 
Pipeline 

Conditional offtake 
agreements for small 
modular reactors 

High (potential) 45 GW SMR 
pipeline as of 
mid-2026 (up 
from 25 GW end-
2024) 

Microsoft, 
Amazon, 
Google 

Algorithm 
Efficiency 

Sparse models, pruning, 
quantisation, distillation 

High Efficiency 
improving at 
unprecedented 
rate; new use 
cases offset gains 

Meta AI, 
DeepMind, 
OpenAI 

Liquid / Immersive 
Cooling 

Direct liquid cooling; zero-
water-evaporation systems; 
immersive cooling 

Medium–High Microsoft 
deployed at 
scale; Amazon 
claims 7× WUE 
improvement 

Microsoft, 
Amazon, 
Google 

Carbon-Aware 
Scheduling 

Route workloads to low-
carbon grids; time-shift to 
off-peak renewable hours 

Medium–High Operational at 
hyperscale; 
limited adoption 
at mid-tier DCs 

Google Carbon-
Intelligent 

Mandatory 
Disclosure 

Standardised reporting of 
training compute, energy 
use, carbon, water 

High (potential) Investor pressure 
active (Apr 2026); 
regulatory 
frameworks 
nascent 

EU AI Act 
partial; Oregon 
2024 water law 

Extended Producer 
Responsibility 

Mandatory hardware take-
back, minimum recycled 
content requirements 

Medium Fragmented 
national laws; no 
global binding 
framework 

EU WEEE 
Directive; 
limited 
elsewhere 

 
Extended producer responsibility for AI hardware: Semiconductor manufacturers and hyperscale operators should 
be held accountable for end-of-life management of AI-specific chips and servers, with mandatory take-back 
programmes and minimum recycled content requirements. Given that only 22.3% of global e-waste is formally 
recycled, and the rate is declining, regulatory intervention is essential. 
 
International coordination: The UNFCCC, ITU, UNEP, and IEA should jointly develop a binding AI Environmental 
Standard establishing escalating energy efficiency benchmarks, mandatory environmental disclosures, and water 
use reporting obligations. The pipeline of 45 GW in conditional SMR offtake agreements — demonstrated by the 
tech sector as of mid-2026 — indicates that commercial actors will respond to clear long-term policy signals. 
 
Conclusion 
This paper has presented a comprehensive assessment of Artificial Intelligence's environmental footprint across 
five dimensions: energy consumption, carbon emissions, water usage, electronic waste, and critical mineral 
extraction, updated throughout with the most current data available for 2024–2026. The evidence is unambiguous 
in its direction. Data centre electricity consumption reached 415 TWh in 2024 and 485 TWh in 2025, a 17% annual 
increase with AI-focused facilities growing at 50% in 2025 alone. Globally, data centres produced approximately 
182–189 million tonnes of CO₂ equivalent in 2024–2025. AI data centres consumed nearly one trillion litres of water 
in 2025. Global e-waste reached 62 million metric tonnes in 2022 and is on course to reach 82 million by 2030, with 
AI contributing an additional 1.2–5 million tonnes by that date. Meanwhile, the renewable energy transition in the 
data centre sector is progressing, the tech sector accounted for approximately 40% of all corporate power purchase 
agreements for renewables in 2025, and the SMR nuclear pipeline has grown from 25 GW to 45 GW in eighteen 
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months — but demand growth continues to outpace decarbonisation. Three principal conclusions emerge from this 
analysis. First, the inference phase represents the dominant and fastest-growing environmental burden; systemic 
interventions must therefore target inference efficiency, grid decarbonisation, and demand-side moderation 
alongside training optimisation. Second, the transparency deficit remains the most urgent governance barrier: 
without credible, standardised, and mandatory environmental reporting, neither accountability nor effective policy 
design is achievable. Third, AI's potential as an enabling technology for environmental sustainability is both real 
and significant, but will not be automatically realised; it requires deliberate deployment choices that prioritise high-
impact environmental applications and resist the proliferation of energy-intensive low-value use cases. The future 
of AI must be guided not only by capability benchmarks and commercial metrics, but by principles of responsible 
innovation, renewable energy adoption, and environmental stewardship. By embedding sustainability into the 
design, deployment, and governance of AI systems from the outset, rather than treating it as an afterthought, the 
research community, industry, and governments can collectively ensure that one of humanity's most powerful 
technologies serves, rather than undermines, the long-term resilience of the planet. 
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AI          Artificial Intelligence 
AR6      Sixth Assessment Report (of the Intergovernmental Panel on Climate Change) 
ATAG     Air Transport Action Group 
CCAF    Cambridge Centre for Alternative Finance 
CO₂        Carbon Dioxide 
CO₂e      Carbon Dioxide Equivalent 
CoWoS  Chip-on-Wafer-on-Substrate 
DC           Data Centre 
DGX NVIDIA DGX — NVIDIA's AI computing system/product line; “DGX” is not expanded in the article or cited 
NVIDIA documentation 
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FLOPs    Floating-Point Operations 
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GPT          Generative Pre-trained Transformer 
GPU / GPUs  Graphics Processing Unit / Graphics Processing Units 
GW         Gigawatt 
IEA.     International Energy Agency 
IPCC   Intergovernmental Panel on Climate Change 
ITU    International Telecommunication Union 
kWh      Kilowatt-hour 
L/kWh   Litres per kilowatt-hour 
LLM / LLMs Large Language Model / Large Language Models 
MA    Master of Arts 
MIT     Massachusetts Institute of Technology 
MWh    Megawatt-hour 
Mt Megatonne (million metric tonnes) 
OECD     Organisation for Economic Co-operation and Development 
PPA / PPAs Power Purchase Agreement / Power Purchase Agreements 
R&D    Research and Development 
RE       Renewable Energy 
SMR    Small Modular Reactor 
TWh    Terawatt-hour 
TSMC Taiwan Semiconductor Manufacturing Company 
UN        United Nations 
UNEP   United Nations Environment Programme 
UNFCCC    United Nations Framework Convention on Climate Change 
UNITAR      United Nations Institute for Training and Research 
UNU        United Nations University 
UNU-INWEH United Nations University Institute for Water, Environment and Health 
US        United States 
WEEE  Waste Electrical and Electronic Equipment 
WRI       World Resources Institute 
WUE      Water Usage Effectiveness 
Note: Product/model designations such as B200, GPT-3 and GPT-4 are retained as used in the article. “DGX” is 
treated as an NVIDIA product-line designation rather than assigning an unsupported expansion. Units and 
measurement abbreviations appearing in the article have also been included for completeness. 
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