
lable at ScienceDirect

Environmental Science and Ecotechnology 23 (2025) 100520
Contents lists avai
Environmental Science and Ecotechnology
journal homepage: www.journals .elsevier .com/environmental -science-and-

ecotechnology/
Commentary
A social-environmental impact perspective of generative artificial
intelligence
1. Introduction

Generative artificial intelligence (GenAI) tools are increasingly
developed and deployed with limited consideration for their social
and environmental impacts (SEIs). This is partly because not all im-
pacts are ostensible and quantifiable, and it is unclear who should
steward the calculation and mitigation of SEIs, as well as which
mechanisms or pressure points should be used to ensure they are
addressed. Here, we show a preliminary list of focus areas to discuss
SEIs of GenAI and stress challenges involved in identifying and
quantifying these. Of note, we exclude the consequences of using
GenAI (e.g., potential biases, privacy concerns, dual-use, and
accountability) because these are context-specific and vary signifi-
cantly depending on the utilized GenAI, the user, and the use cases.
Development and deployment phases are selected for their sub-
stantial impacts on resources and social dynamics. We explore
SEIs in relation to the required (1) hardware and (2) training and
development (Fig. 1).
2. GenAI hardware

2.1. Environmental impacts

The production of graphics processing units (GPUs) required for
running GenAI systems has various negative SEIs for the host com-
munities. For example, Taiwan Semiconductor Manufacturing
Company (TSMC)'s planned manufacturing site in Taichung (2.85
million residents) will consume 25% of the city's electricity and
6% of its water, raising concerns among residents [1]. Additionally,
manufacturing GPUs requires rare metals like tantalum and cobalt.
Extracting these minerals has significant environmental impacts,
including deforestation and soil and water pollution. Beyond
manufacturing GPUs, building and operating data centers essential
for GenAI processing represents a growing environmental chal-
lenge. Estimates show that data centers and the required energy
for cooling them will consume more than 8% of United States elec-
tricity and 5% of Europe's by 2030 [2]. Furthermore, other required
hardware components such as storage drives and central process-
ing units (CPUs) need plastics for casings and insulation, while mi-
crochips and semiconductors rely on silicon and metals like gold,
copper, and aluminum. Mining these resources has had disastrous
environmental consequences for local communities, including wa-
ter contamination, air pollution, and soil degradationdall of which
exemplify a broader trend of increased environmental footprint,
requiring substantial resources from around the world. Another
environmental impact of GenAI pertains to e-waste generation
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and the fact that some of the materials used in GPUs or data centers
are non-recyclable, exacerbating environmental pollution and
waste management challenges.
2.2. Social impacts

The social implications of GenAI hardware follow systematic
disturbance patterns across multiple locations. For example, in
Chandler, Arizona (population 280,000, where electricity and space
are affordable), city officials have limited the construction of new
data centers because they do not create quality jobs for local com-
munities and produce disturbing levels of noise [3]. In Memphis,
Tennessee (population 618,000), residents and the city council
were taken by surprise when Elon Musk announced that xAI's
new center (dedicated to GenAI operations) will be built in a former
Electrolux facility. In addition to concerns about xAI's illegal opera-
tion of gas turbines, community activists worry about “air quality,
water access, and grid stability, especially for nearby neighbor-
hoods that have suffered from industrial pollution for decades.”
xAI also undermined local communities by signing a non-
disclosure agreement with the Greater Memphis Chamber and
Memphis, Gas, Light, and Water Division, thereby effectively con-
cealing details of their negotiations and agreements [4]. Further-
more, the mining of minerals like lithium and cobalt has been
reported to include child labor and negatively affect mining com-
munities. Cobalt mining communities like Kolwezi (population
573,000) in the DRC are reported to put children involved inmining
operations at major risk.

3. GenAI training and development

3.1. Environmental impacts

GenAI models require vast amounts of data for training and
operation, necessitating significant processing capacity and energy.
Training a model like GPT3 (with 175 billion parameters) typically
consumes about 1287 MWh of electricity and emits approximately
552 tons of CO₂ [5]. Data centers that process and store data
consume large amounts of energy to maintain and cool servers.
For context, the xAI training facility in Memphis uses as much po-
wer as 80,000 households. In July 2022 alone, an OpenAI facility
training GPT4 used about 6% of thewater used byWest Des Moines,
Iowa (population 75,000) [1]. These examples show that training
GenAI has distinct impacts beyond manufacturing and procuring
the required hardware. Nevertheless, emissions also spill over to
sustaining the required digital infrastructure for end-to-end
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Fig. 1. Social and environmental impacts of developing generative artificial intelli-
gence. These include environmental challenges such as energy and resource con-
sumption and social issues like labor conditions and accessibility gaps, highlighting the
systemic resource demands and socio-economic ramifications of generative artificial
intelligence.
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machine learning pipeline and content generation. For example, in
addition to its existing processing capacity, Meta plans to buy
350,000 GPUs ($10.5 billion) to train its large language model.
This is reflective of the estimated 12% increase in the annual global
GPU demand, increasing the projected energy consumption and
strain on data centers, as well as the energy and network grids
[6]. Frequent updates and the need for continuous operation
further exacerbate environmental impacts. As network traffic in-
creases, so does the energy required to maintain the infrastructure
that supports these data transfers.
3.2. Social impacts

Training GenAI requires numerous programs, algorithms, and
data structures for preprocessing, data/image/sound categorization
and labeling, model architecture design, hyperparameter tuning,
and iterative learning cycles. Women and older adults, as well as
speakers of most non-English languages, are sometimes underrep-
resented in these tasks, leading to biased systems that overrepre-
sent the perspectives of the Anglophone world and are not user-
friendly for all cohorts [7]. Another concern is the unequal availabil-
ity and accessibility of GenAI across high- and low-income coun-
tries as well as various social groups in the same community, for
example, based on education level, race, or digital literacy. GenAI
training tasks are also fueled by millions of underpaid workers
who perform repetitive tasks under precarious labor conditions.

4. Conclusions, recommendations, and future directions

4.1. Promoting sustainable practices to mitigate environmental
impacts

Although vendors promote the ease and speed of creating
context-specific GenAI, users and developers need to critically eval-
uate whether GenAI is truly the most optimal solution for their
needs. The advantages of GenAI in industrialized nations often
conceal the externalization of SEIs to marginalized communities
or those without democratic decision-making processes. One way
of mitigating environmental impacts (when GenAI is deemed the
most optimal/viable solution) is to adopt sustainable GenAI devel-
opment measures such as:
2

(1) Parameter-efficient fine-tuning to help optimize model per-
formance while using fewer resources.

(2) Knowledge distillation enhances the performance of smaller
models by transferring knowledge from larger, more com-
plex models.

(3) Sustainable hardware-aware designs.
(4) Edge computing deployment to reduce latency and enhance

response times.
(5) Utilize specialized AI accelerators for tasks that involve

intensive computations.
(6) Reuse existing models and share them following FAIR prin-

ciplesdFindable, Accessible, Interoperable, and Reusable. This
means making GenAI models easily discoverable through
unique identifiers and standardized metadata, ensuring they
are openly accessible without significant barriers, utilizing
consistent formats for compatibility across various applica-
tions and platforms, and providing clear documentation and
licensing to facilitate reuse.
4.2. A call for inclusive efforts and clear accountabilities to mitigate
social impacts

The path towardmitigating social impacts requires collaborative
and inclusive efforts from various groups and identifying priority
areas. Some examples may include:

(1) Standardization of impact metrics.
(2) Investigation of impacts for affected communities.
(3) Developing sustainable facilities that are designed together

with community representatives.
(4) Supporting community-driven initiatives and policies.
(5) Improving labor conditions, including job security, fair

wages, and workplace safety.
(6) Ethical governance for GenAI.
4.3. Future directions

Here, we used a range of examples to articulate some SEIs for
developing and deploying GenAI. We did not attempt to quantify
the impacts, recognizing that assessing the cumulative SEIs of
GenAI is highly complicated. Factors contributing to this complexity
include various energy-intensive processes with a complicated
value chain and unforeseen socio-economic ramifications for
marginalized communities. Let's also not forget that it is nearly
impossible to assign a definitive value to natural resources, such
as a forest, prairie, or lake, or the cultural and social well-being of
affected communities. Therefore, we recommend developing a
comprehensive model that evaluates the lifecycle impacts of Gen-
AIs at every stagedfrom design and development to deployment,
maintenance, decommissioning, recycling, and disposal. Existing
theoretical frameworks for evaluating technology impacts, such
as the Social Life Cycle Assessment and Environmental Impact
Assessment, could provide structured approaches for understand-
ing these impacts [8]. That said, any impact assessment model
should be developed through a transdisciplinary and inclusive
approach that actively engages researchers in metrics develop-
ment, industry partners in data collection and implementing sus-
tainable practices, policymakers in regulations, and local
community members in providing feedback. A transdisciplinary
and inclusive approach can help capture a wider range of perspec-
tives and ensure that the resulting assessment model addresses
relevant SEIs. Furthermore, while currently, some commercial and
public parties voluntarily declare hardware usage and other
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human/financial resources used for deploying and developing
GenAI, this is not a mandatory requirement. We recommend those
developing and deploying GenAI disclose these details in their
annual reports. This requires pressure from policymakers and reg-
ulatory bodies overseeing and auditing technology use. Future
research could look into these avenues and offer incentives for
disclosure.
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