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ABSTRACT
Generative Artificial Intelligence (GenAI) is being rapidly adopted by academic and 
policy leaders, often with a focus on its revolutionary benefits while overlooking its 
significant, undisclosed environmental costs. This paper deconstructs the physical 
footprint of GenAI, moving beyond the abstract cloud to analyze its resource-intensive 
infrastructure. It synthesizes current research into four key areas of concern. First, it 
reframes the energy debate, demonstrating that the operational inference (use) phase 
is the dominant long-term cost, with one study estimating its carbon footprint to be 
25 times higher than the one-time training cost. Second, it reveals the hidden water 
footprint, which includes both direct Scope 1 consumption for cooling and the larger 
Scope 2 consumption from offsite electricity generation, a critical issue as two-thirds of 
new US data centers are in water-stressed areas. Third, it examines the systemic and 
material impacts, including the full Life Cycle Assessment (LCA) of hardware (e-waste, 
raw material extraction) and the rebound effect (Jevons’ Paradox), where efficiency 
gains increase overall demand. A new side effect includes AI tools propagating non-
green code. Finally, the paper highlights the critical lack of corporate transparency, a 
black box of proprietary data that prevents effective governance. This paper argues 
that a full-cost accounting is necessary and concludes by proposing actionable 
recommendations from the Green AI and Green Lean movements. Solutions include 
mandating public reporting, prioritizing smaller models, and implementing sustainable 
techniques like model pruning and quantization.
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INTRODUCTION: FROM DIGITAL MAGIC TO PHYSICAL 
INFRASTRUCTURE

In The Animatrix, human leaders launched “Operation Dark Storm,” a final act of war 
to permanently scorch the sky. This was “a final solution… to deny the machines the 

energy of the sun, upon which they had come to depend.”

— The Animatrix: The Second Renaissance, Part I (Maeda, 2003)

What is the environmental CO2st of digital pO2liteness and wH2O pays it? When a user types 
please or thank you into generative AI (GenAI) services, it seems like a harmless, humanizing 
gesture. Yet, every additional word processed by a large language models (LLMs) increases 
the computational load, which requires energy and costs money (Deb, 2025). OpenAI’s CEO, 
Sam Altman, recently estimated the cost of this simple courtesy at “tens of millions of dollars” 
(Altman, 2025). This single, startling fact exposes a much larger, uncomfortable truth: every 
interaction with GenAI, no matter how trivial, has a physical, resource-intensive cost.

This revelation forces a series of critical questions for academic leaders, policymakers and indeed 
for everyone. As we rush to integrate GenAI into our classrooms, research labs, and government 
agencies, are we overlooking its true environmental cost? The dominant narrative of AI as a 
disembodied, in the cloud technology (Bashir et al., 2024) is a dangerous misconception. The 
reality is that GenAI is not magic; it is a physical process running in warehouse-scale data 
centers (Zewe, 2025) that consume massive amounts of energy (Chen, 2025), consume water 
(Gordon, 2024; Ren, 2023), require the extraction of raw materials (Ergönül, 2025; Zewe, 
2025), generate significant electronic waste (Ergönül, 2025; Walther, 2024) and causing other 
environmental issues (Bozkurt et al., 2024; Bozkurt & Sharma, 2025).

This paper argues that the current discourse on GenAI adoption is dangerously incomplete 
without a critical assessment of its environmental externalities (Bashir et al., 2024). In this 
regard, the paper moves beyond the hype to deconstruct the four pillars of AI’s hidden 
environmental footprint: (1) its massive energy consumption, driven by inference, not just 
training (Chien et al., 2023); (2) its hidden water footprint for cooling (Ren & Luers, 2025); (3) 
its total material footprint, from raw mineral extraction to e-waste (Berthelot et al., 2025); 
and (4) the corporate black box that makes accountability nearly impossible (Chen, 2025). This 
paper aligns with the principles of Green AI, which includes both Green-by AI (using AI for 
environmental solutions) and Green-in AI (making AI itself sustainable) (Bolón-Canedo et al., 
2024), and Green Lean (Setyadi et al., 2025) to provide a full-cost accounting and propose a 
sustainable path forward.

THE SCALE OF ENERGY CONSUMPTION
The most common discussion around AI’s energy use is deeply flawed because it focuses 
on the wrong part of the problem. Public attention, drawn to headline-grabbing figures, has 
centered on the massive, one-time energy cost of training a model, which is similar to the cost 
of building a factory. However, this perspective completely misses the far larger, cumulative, 
and persistent environmental cost of inference, that is, the energy required to run that factory 
every single day to handle what may be billions of daily user queries.

THE TRAINING ICEBERG TIP

Training is the one-time, energy-intensive process of creating a large-scale model. A study, 
for example, estimated that training GPT-3 alone consumed 1,287 megawatt-hours (Bolón-
Canedo et al., 2024; Tabbakh et al., 2024; Zewe, 2025). One study further noted that training 
a single AI model can emit as much carbon as five cars over their lifetimes (Hao, 2019). 
Historically, this focus on training was understandable, as models were viewed as research 
projects rather than mass-market products (Berthelot et al., 2025).

THE INFERENCE SUBMERGED MASS 

Inference is the energy cost of using the trained model. It is the operational expenditure of 
energy, repeated every single time a user hits enter to handle what may be billions of daily 
queries (Chen, 2025). The focus on training obscures the dominant, long-term cost.
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•	 Carbon Cost: Researchers from the University of Chicago calculated that for a ChatGPT-like 
service, one year of inference can produce 25 times the carbon emissions of the model’s 
initial training (Chien et al., 2023).

•	 Energy Cost: Recent studies suggest that inference, not training, will account for 60% 
to 90% of a model’s total lifecycle energy consumption (Heikkilä, 2023; O’Donnell & 
Crownhart, 2025). Each query, no matter how small, has a cost. 

The most effective Green AI strategy is often to avoid using a massive, all-purpose model for 
a simple task. This brute-force approach is sometimes called Red AI, buying better results with 
massive computational power, in contrast to the efficiency of Green AI (Bolón-Canedo et al., 
2024).

•	 Smaller Models: Research shows that using smaller, specialized models tailored to a 
specific task can reduce energy use by up to 90% (UNESCO, n.d.).

•	 Knowledge Distillation: The DistilBERT model, for example, was distilled from the larger 
BERT model. It is 40% smaller and 60% faster while retaining 97% of BERT’s performance 
(Sanh et al., 2019).

•	 Energy Disparity: The energy costs are not linear. Training the massive GPT-3 model 
required an estimated 1,290,000 kWh. By contrast, training a high-performing green 
learning model for a specific task, such as GANSynth, required only 32.4 kWh (Kusumaraju 
et al., 2024).

As institutions integrate GenAI, indeed, they are not just buying software; they are subscribing 
to a massive, ongoing, and cumulative energy liability. Opting for smaller, task-specific models 
over a one-size-fits-all large model is a critical, high-impact sustainability decision. So, the 
critical decision for leaders is to avoid the trap of bigger is better and instead select the smallest, 
most efficient model that is appropriate for the task.

THE HIDDEN WATER FOOTPRINT: COOLING THE DIGITAL BRAIN
The energy consumption of generative AI creates a direct, and often invisible, second-order 
crisis: extreme heat (Barnett, 2025; Ergönül, 2025). The high-performance Graphics Processing 
Units (GPUs) that power AI models generate heat so intense that data centers must rely on 
massive cooling systems, which have become voracious consumers of water (Ren, 2023; Zewe, 
2025).

DIRECT VS. INDIRECT WATER USE 

AI’s water footprint is twofold, and to grasp the full environmental cost, it is crucial to distinguish 
between the water consumed directly by the data center and the much larger amount of 
hidden water consumed to power it (Barnett, 2025; Ren, 2023; Ren & Luers, 2025). 

•	 Scope 1 (Direct Use): This is the onsite freshwater withdrawn from local sources (like rivers 
and municipal supplies) and consumed by data center cooling towers (Barnett, 2025; 
Ren, 2023; Ren & Luers, 2025). The water evaporates to dissipate heat, permanently 
removing it from the local watershed (Ren & Luers, 2025).

•	 Scope 2 (Indirect Use): This is the offsite water used by power plants (e.g., fossil fuel or 
nuclear) to generate the electricity the data center consumes (Barnett, 2025; Ren, 2023; 
Ren & Luers, 2025).

For most U.S. data centers, the Scope 2 indirect water use accounts for 80% or more of the 
total water footprint (Ren & Luers, 2025). For example, one study estimated a single GPT-3 
query consumed 16.9 ml of water, but only 2.2 ml was for direct cooling (Scope 1) while 14.7 
ml (87%) was for the off-site electricity generation (Scope 2) (Ren & Luers, 2025).

Due to a significant lack of corporate transparency, the precise environmental costs of 
generative AI are often treated as proprietary trade secrets. This opacity has forced researchers 
to create their own models to calculate the footprint, and the resulting estimates reveal an 
alarming scale of resource consumption.
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The scale of this water consumption is evident at every level: the one-time process of training 
GPT-3 was estimated to have directly consumed 700,000 liters (185,000 gallons) of clean 
freshwater (Barnett, 2025; Ren, 2023), while a simple ongoing conversation with ChatGPT 
(10–50 queries) could drink a 500ml (16oz) bottle of water (Barnett, 2025; Ren, 2023). These 
individual costs scale up to a massive industrial footprint, with U.S. data centers’ direct (Scope 
1) water consumption estimated at 17.5 billion gallons in 2023 (Ren & Luers, 2025)—a figure 
projected to double or even quadruple by 2028 (Ren & Luers, 2025). This surge is not theoretical; 
it is confirmed by corporate reports, such as Microsoft’s 34% increase in water consumption 
from 2021 to 2022, largely attributed to its AI operations (Barnett, 2025; Ren, 2023), and 
Google’s 20% increase in the same period (Ren, 2023).

ENVIRONMENTAL JUSTICE AND THE WATER-ENERGY TRADE-OFF 

This water consumption is not happening in a vacuum. It becomes a critical policy and 
environmental justice issue when where this is happening is considered (Ren & Wierman, 2024). 
Data centers are frequently built in hot, arid regions (Ren, 2023; Zewe, 2025), with an estimated 
two-thirds of new U.S. data centers located in high water-stress areas (Ren & Luers, 2025). This 
strategy places the tech industry in direct competition with local communities, Indigenous 
nations, and agriculture for a diminishing resource (Ren, 2023).

This creates a complex energy-water trade-off. To reduce their direct (Scope 1) water use, 
data centers can use zero water air-cooling systems. However, these systems are less efficient 
and can increase electricity demand by ~10% (Ren & Luers, 2025). This, in turn, increases the 
indirect (Scope 2) water footprint from power plants, which, as noted, is already 80% of the 
total burden. In water-stressed regions, operators must navigate tough trade-offs between 
global climate goals (lower energy) and local water needs (lower direct water) (Ren & Luers, 
2025).

THE CARBON, MATERIAL, AND REBOUND EFFECT FOOTPRINT
Beyond the direct consumption of electricity and water, the source of that power, the materials 
required to build the hardware, and the way we use the technology create a compounding 
environmental crisis.

THE GRID’S CARBON INTENSITY 

Tech companies’ net-zero pledges often mask a more complex reality. An AI model’s true 
carbon footprint is determined by the carbon intensity of the specific power grid it relies on 
(Berthelot et al., 2025; Ding et al., 2025).

Data centers require massive, 24/7, reliable power (O’Donnell & Crownhart, 2025). In many 
regions, this baseload power is provided by fossil fuels, primarily natural gas (Zewe, 2025). This 
dependency is critical as global data center electricity demand is projected to soar from 460 
TWh in 2022 to 1,050 TWh by 2026 (Zewe, 2025).

These location disparities create significant carbon liabilities. Data center electricity is estimated 
to be 48% more carbon-intensive than the US average, precisely because they are “clustered in 
places that have dirtier grids” (O’Donnell & Crownhart, 2025), with the majority of current GenAI 
models deployed in high-carbon regions like the US and China (Ding et al., 2025). This is starkly 
illustrated by the fact that while these two countries are responsible for over 99% of global 
GAI emissions, China has lower energy consumption but higher emissions (contributing 54.4%) 
due to its grid’s higher carbon intensity (Ding et al., 2025). This disparity is even visible within a 
single company: in 2022, Google’s data center in Finland ran on 97% carbon-free energy, while 
its data centers in Asia ran on only 4–18% carbon-free energy (Ren & Wierman, 2024).

This evidence points to a powerful and practical Green AI strategy which is geographical load 
balancing. Instead of running a task in the nearest data center, which may be on a ‘dirty’ 
grid, this approach involves intentionally shifting training and inference workloads to data 
centers in regions with low carbon intensity, such as those powered by high renewable 
output (e.g., Sweden, UK) (Ding et al., 2025; Ren & Wierman, 2024). As the Google case study 
demonstrates, this single decision can dramatically reduce the carbon footprint of the exact 
same computational task.
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THE EMBODIED FOOTPRINT: E-WASTE AND RAW MATERIALS 

Focusing exclusively on the energy AI consumes during active operation provides a dangerously 
incomplete picture of its environmental impact. To understand the true environmental toll, a 
full Life Cycle Assessment (LCA) is necessary, as this method uncovers the massive embodied 
costs hidden in the hardware’s manufacturing, transportation, and eventual disposal (Berthelot 
et al., 2025; Ergönül, 2025).

Generative AI is driving an exponential demand for specialized, high-performance GPUs and 
TPUs (Zewe, 2025). This hardware often has a very short shelf-life and becomes obsolete 
quickly, which contributes to sky-high amounts of e-waste (Ergönül, 2025; Walther, 2024). 
This hardware also requires the extraction of raw materials like cobalt, lithium, and rare earth 
metals, often through dirty mining procedures (Zewe, 2025; Ergönül, 2025). The impact is not 
limited to the data center; a full Life Cycle Assessment (LCA) of a GenAI service (like Stable 
Diffusion) found that the end-user terminals and networks—the devices we all use—accounted 
for 85% of the Abiotic Depletion Potential (metal and mineral consumption) and 45% of the 
carbon footprint (Berthelot et al., 2025).

THE REBOUND EFFECT (JEVONS’ PARADOX) 

The most insidious threat to sustainable AI is a 19th-century economic theory known as 
Jevons’ Paradox, or the rebound effect (Chen, 2025; Berthelot et al., 2025; Bashir et al., 2024). 
The paradox states that as a technology becomes more efficient (and thus cheaper to use), 
demand for it explodes, leading to a net increase in the total consumption of that resource 
(Chen, 2025). This relentless demand means efficiency gains are often used as an argument for 
limited regulation and instead result in increased adoption without fundamentally considering 
the vast sustainability implications (Bashir et al., 2024).

THE NON-GREEN CODE SIDE EFFECT 

A new and concerning finding is that GenAI tools are actively propagating unsustainable 
practices. Developers increasingly rely on tools like ChatGPT and GitHub Copilot to write code 
(Sikand et al., 2024). However, an investigation found these tools exhibit a default non-green 
behavior (Sikand et al., 2024). For example, when asked to perform a basic file-reading task 
in Java, they default to energy-inefficient I/O functions instead of more sustainable, efficient 
alternatives. This means AI is baking in energy-hungry code, scaling the environmental problem 
at the software level (Sikand et al., 2024).

THE BLACK BOX OF ACCOUNTABILITY: THE TRANSPARENCY 
PROBLEM
The most significant obstacle to managing the environmental footprint of generative AI isn’t 
a technical limitation; it is, at its core, a political one. This barrier consists of a deliberate and 
strategic lack of transparency maintained by the small group of corporations that monopolize 
the development and deployment of large-scale models.

A CULTURE OF CORPORATE SECRECY 

The true energy consumption, water usage, and carbon footprints of models like GPT-4, Gemini, 
or Claude are treated as proprietary trade secrets (Zewe, 2025; O’Donnell & Crownhart, 2025). 
This lack of data is the single greatest barrier to governance (Ren, 2023). Researchers in the 
field are vocal about the primary challenge they face: operating with very little detailed data 
(Koomey, as cited in Chen, 2025). This pervasive lack of information is a source of intense 
frustration, with experts noting that researchers are going crazy because they cannot get the 
data they need (de Vries, as cited in Chen, 2025).

MISINFORMATION BY OMISSION 

This corporate opacity is a form of misinformation by omission. This is particularly glaring for 
water consumption. Model cards (fact sheets) that may report carbon data contain almost no 
information about water (Barnett, 2025; Ren, 2023). One researcher compared this to “excluding 
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the calorie information from the nutrition facts label of a food product” (Ren, 2023). This forces 
researchers to use bottom-up estimates on open-source models, which are acknowledged as 
a lower bound, as they cannot access proprietary chips or accurate data on cooling, which is a 
major energy consumer (Chen, 2025; O’Donnell & Crownhart, 2025).

This black box of accountability, where environmental data is intentionally withheld, makes 
responsible governance impossible. When leaders and policymakers are forced to operate in 
the dark, they cannot fulfill their most basic functions: academic leaders are unable to make 
sustainable procurement decisions, and governments cannot regulate an industry whose 
impact they are legally prevented from measuring.

•	 For Academic Leaders: How can a university make a sustainable procurement decision 
when a vendor refuses to disclose a product’s environmental cost?

•	 For Policymakers: How can a government regulate an industry’s environmental impact 
when it is legally impossible to measure it?

Notably, the EU AI Act (European Union, 2024) does establish obligations for environmental 
sustainability for high-risk AI systems (Bolón-Canedo et al., 2024). However, similar regulations 
in the US and China currently lack such specific environmental enforcement, focusing more on 
security and safety (Bolón-Canedo et al., 2024).

CONCLUSION & RECOMMENDATIONS
The adoption of generative AI is not a simple software upgrade; it is a major institutional 
investment in a new, resource-intensive industrial infrastructure. The magic of AI is not magic. 
It is a physical process of computation, heat, water, and carbon, and we must begin to account 
for it as such. For academic and policy leaders who are committed to sustainability goals, the 
path forward is not to halt innovation, but to enforce accountability. The current trajectory of 
rapid, blind adoption is unsustainable.

This paper proposes the following key recommendations based on the principles of Green AI 
(Tabbakh et al., 2024) and Green Lean operations (Setyadi et al., 2025).

DEMAND TRANSPARENCY BEFORE PROCUREMENT

As leaders of universities, public institutions, and government bodies, you possess immense 
purchasing power. We must stop signing blank checks. Make any institutional license or 
adoption of a GenAI tool conditional on the vendor providing a full, audited Environmental 
Impact Report (EIR). This report must include, at a minimum:

•	 Energy Consumption per 1,000 queries (inference cost).

•	 Total Water Footprint (distinguishing Scope 1 direct use and Scope 2 indirect use) (Ren, 
2023; Ren & Luers, 2025).

•	 Material Footprint, including Abiotic Depletion Potential (minerals and metals) (Berthelot 
et al., 2025).

•	 Data Center Locations and the Carbon Intensity of their power grids (Ding et al., 2025).

MANDATE PUBLIC REPORTING

Policymakers must move to regulate foundation models as a new class of industrial product. 
Just as we mandate emissions standards for automobiles and efficiency labels for appliances, 
we must create a legal framework for mandatory, standardized environmental disclosures for 
all large-scale AI models (Setyadi et al., 2025; Tabbakh et al., 2024). The EU AI Act, which 
requires sustainability reporting for high-risk AI, can serve as a global model (Bolón-Canedo et 
al., 2024).

FUND AND ADOPT GREEN AI STRATEGIES

Leaders must shift the institutional mindset from bigger is better to smarter is better. This 
involves actively funding and prioritizing known Green AI techniques (Tabbakh et al., 2024).
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Model and Algorithm Optimization: This strategy focuses on the software itself, moving away 
from the brute-force or Red AI mindset. Instead of relying on raw computational power, these 
Green AI techniques optimize the algorithms to create models that are smaller, faster, and 
dramatically more energy-efficient. Accordingly, to make AI more efficient, we can prioritize 
smaller, specialized models for specific tasks instead of using massive, energy-hungry ones. This 
Green AI approach uses several smart techniques. Knowledge distillation creates a compact 
student model that learns to mimic a larger teacher model. Model pruning trims away useless 
parts of a model to make it smaller and faster. Quantization simplifies the model’s math by 
using smaller numbers, which saves memory and energy. Finally, transfer learning saves the 
most energy by recycling a pre-trained model and just fine-tuning it for a new, similar task, 
completely avoiding the massive cost of training from scratch.

Sustainable Hardware and Infrastructure: In addition to software-level optimizations, addressing 
the physical foundation of AI is a critical Green AI strategy. This involves not just what code is 
run, but where and on what it is run. Accordingly, to make AI’s physical infrastructure more 
sustainable, we can use several key strategies. First, invest in Green Hardware by swapping 
power-hungry GPUs for more efficient chips like TPUs, FPGAs, or new brain-inspired neuromorphic 
chips. Second, prioritize efficient data centers that use advanced liquid cooling, optimize their 
overall power consumption (PUE), and run on renewable energy. Third, use Geographical Load 
Balancing to strategically shift AI tasks to data centers located in regions with low-carbon 
(clean) energy grids. Finally, Edge Intelligence avoids the data center entirely for some tasks 
by running smaller AI models on local devices, which cuts cloud energy costs and improves 
privacy.

Adopt Green Lean Operational Strategy: Technical fixes alone are insufficient. To create 
lasting change, these algorithmic and hardware-level solutions must be embedded within 
an organizational culture that actively and continuously pursues environmental efficiency. 
This is achieved through the Green Lean framework, which merges the operational efficiency 
of Lean management with the Green imperatives of sustainability. This framework involves 
using practical hybrid tools like Eco-Value Stream Mapping (Eco-VSM), which adds energy and 
emission metrics to process maps, and Green Kaizen, which empowers employees to find 
continuous environmental improvements.

Adopting AI without this transparency is not only an environmental risk, but also an abdication 
of fiscal and ethical responsibility. The time to demand accountability is now, before these 
systems become so deeply embedded that their hidden costs are irreversible.

This blind adoption forces critical questions: When the full environmental bill for this magic 
comes due, who will be forced to pay? When data centers drain local aquifers, will we blame 
the secretive corporations or the public leaders who failed to demand transparency? Are we 
locking our core infrastructure into a physically unsustainable system? If we fail to force this 
reckoning, future generations will rightly ask: how could we claim to be building a better future 
when we refused to even ask the price?

TOWARDS A SPECULATIVE FUTURE

The trajectory of this resource-intensive industry, if left unregulated, points toward a future 
where the black box of corporate secrecy becomes a physical, sovereign infrastructure. As the 
computational race accelerates, the current model of relying on public grids and competing for 
public resources, especially fresh water, becomes a critical bottleneck.

It is therefore not just plausible, but strategically probable, that corporations will seek to secede 
from public infrastructure entirely. We may witness the strategic migration of data centers into 
the sea, using the ocean as a virtually infinite heat sink to solve their cooling crisis, bypassing 
all competition for freshwater.

To power these aquatic data-fortresses, a reliance on the public grid is a liability. The logical, 
proprietary solution will be the pursuit of private, next-generation nuclear power, such as 
corporate-owned Small Modular Reactors.

This is the ultimate end-point of the accountability-free black box: a future of self-cooling, self-
powered corporate entities. Physically decoupled from public utilities and ethically unbound 
by public governance, they would be free to pursue their core capitalist objectives, influencing 
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global society not as participants, but as unaccountable, resource-independent, and fully-
empowered private states.

DATA ACCESSIBILITY STATEMENT
Data sharing does not apply to this article as no datasets were generated or analyzed during 
the current study.

SUSTAINABLE DEVELOPMENT GOALS (SDGs)
This study is linked to the following SDG(s): Clean water and sanitation (SDG 6), Affordable 
and clean energy (SDG 7), Industry, innovation and infrastructure (SDG 9), Responsible 
consumption and production (SDG 12), Climate action (SDG 13), Life below water (SDG 14), 
Life on land (SDG 15).
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