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Abstract: Artificial intelligence (AI) has transformed sustainable computing, optimizing energy efficiency in data
centers by 30-40% according to recent studies [9]. However, its implementation presents critical challenges:
training models like GPT-4 consumes 50 GWh annually, equivalent to the electricity consumption of 5,000 average
households [14]. This study employs a systematic review of 87 articles (2022-2026) and comparative analysis to
assess the social and environmental impacts of AI in sustainable computing. The results identify benefits such as a
25% reduction in CO? emissions through algorithmic optimization, but also reveal a 50% increase in specialized
electronic waste and a digital divide that excludes 37% of the global population from access to AI (ITU, 2025). It is
concluded that sustainable computing requires regulatory frameworks that integrate ecological footprint metrics,
mandatory energy audits, and digital inclusion programs.
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Introduction
The widespread adoption of artificial intelligence (AI) in
computing has generated exponential advances in
computational efficiency, but also critical social and
environmental impacts that threaten global sustainability. In
2025, data centers consumed 460 TWh of electricity, 2% of
global consumption, with a projected increase to 8% by 2030
due to the training of AI models [9].

This paradox drives sustainable computing as an emerging
discipline that seeks to reconcile technological innovation with
ecological responsibility and social equity [3].

Although AI optimizes energy processes, reducing
consumption by up to 40%, and machine learning algorithms
generate negative externalities, its entire lifecycle produces 50
GWh of energy lost per training of large models, equivalent to
the annual energy consumption of 5,000 households, and a 50%
increase in specialized electronic waste [14]. Socially, the
digital divide excludes 37% of the global population--2.6
billion people--from the benefits of AI, exacerbating
inequalities (ITU, 2025).

This research systematically evaluates these dual impacts by
reviewing 87 studies (2022-2026), proposing a conceptual
framework for policies that integrate mandatory energy audits,
green algorithm design, and a digital inclusion program. This
contributes to responsible technological development aligned
with the UN Sustainable Development Goals.

Theoretical Framework
Sustainable computing is based on three interconnected pillars:
energy efficiency, environmental responsibility, and social
equity, adapted from Elkington's triple bottom line model
(1997) to the current technological context (Dar, 2024). This
framework integrates Green IT principles, hardware and
software optimization to minimize consumption, with Green

AI, which prioritizes efficient algorithms over absolute
accuracy in machine learning models [13].

Environmental Impact of AI

Entertainment systems like the GPT-4 generate 50 GWh of
electricity consumption, equivalent to the annual consumption
of 5,000 homes and 626,000 pounds of CO? emissions--five
times the emissions of an average car over its lifetime [14].
AI-powered data centers consumed 460 TWh in 2025 (2% of
the global total), with projections reaching 1,000 TWh by 2028
due to the demand for continuous inference [9]. Furthermore,
the accelerated obsolescence of specialized hardware generates
50% more electronic waste than traditional computing (ITU,
2025).

Social Impact and the Digital Divide

AI exacerbates inequalities: 2.6 billion people (37% of the
global population) lack internet access, preventing them from
benefiting from AI-powered services such as medical diagnosis
or personalized education (ITU, 2025). Studies reveal that 85%
of AI models are trained with biased data from OECD
countries, marginalizing perspectives from the Global South
[15].

Proposed Conceptual Models

* Digital Ecological Footprint: A metric that quantifies CO?
emissions, water consumption (data center cooling), and
electronic waste per algorithmic lifecycle [3].

* Dual Impact Matrix: Evaluates energy efficiency vs. social
accessibility in AI deployment [12].

This theoretical framework supports the empirical analysis,
integrating quantitative environmental metrics with qualitative
indicators of technological equity.

Methodology
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This study adopts a mixed-methods approach (qualitative and
quantitative) based on a systematic literature review following
the PRISMA 2020 protocol [10], analyzing publications from
2022-2026 in the following academic databases: Scopus, Web
of Science, IEEE Xplore, and Google Scholar.

Inclusion and Exclusion Criteria

Inclusion criteria:

* Peer-reviewed articles (2022-2026).

* Topics: AI + sustainable computing + social/environmental
impact.

* Languages: English, Spanish, Portuguese.

* Quantitative metrics (kWh, CO?, e-waste).

Exclusion criteria:

* Studies published before 2022.

* Narrative reviews without empirical data.

* Articles without full access.

Search Procedure

Thirty-four search terms were used, combined with Boolean
operators: "artificial intelligence" AND "Sustainable
computing" OR "green computing" OR

"Sustainable AI" AND ("environmental impact" OR "carbon
footprint" OR "e-waste" OR "digital divide").

Data extraction strategy:

1. Quantitative: Energy consumption (kWh/model), CO?
emissions, waste generation (tons).

2. Qualitative: Regulatory frameworks, digital equity cases,
Green AI policy.

3. Tools: Mendeley for bibliographic management, Excel for
meta-analysis.

Data Analysis

* Descriptive meta-analysis: Weighted averages of
environmental metrics (size effect: Cohen's d).

* Thematic analysis: Axial coding of social impacts (NVivo
software).

* Dual impact matrix: Pearson correlation between energy
efficiency and accessibility (r > 0.7 significant).

Results
The systematic review identified clear patterns in the impacts of
AI on sustainable computing, with quantitative data from 87
analyzed studies (2022-2026). The findings are organized into
three main categories: energy efficiency, environmental
externalities, and social inequalities.

Energy Efficiency and Optimization

Generative AI algorithms optimized energy consumption in
data centers by an average of 37% through load prediction and
intelligent cooling, figure 1 [9]. Efficient models such as
DistilBERT reduced training consumption by 60% compared to
base BERT, while maintaining 97% accuracy [14].

Table 1. Energy efficiency and optimization

Metrics AI Enhancement (%) Studies (n)

Data center
consumption

37% v 42

ML Training 45% v 31

Refrigeration 28% v 19

Quantified Environmental Impacts

Training an equivalent GPT-3 model emits 626,000 pounds
of CO?, five times the lifetime emissions of a car. AI data
centers consumed 460 TWh in 2025 (2% globally), projecting
1,000 TWh by 2028. E-waste generation increased by 53% due
to the obsolescence of specialized GPUs, figure 3 (ITU, 2025).

Table 2. Quantified Environmental Impacts.

Impact Value 2025 Projection 2030

CO? emissions (large
model)

626,000 lbs 1.2M lbs ^

Data center
consumption

460 TWh 1,000 TWh ^

Electronic waste IA 2.1M tons 4.8M toneladas ^

Social Impacts and the Digital Divide

2.6 billion people (37% globally) without internet access are
excluded from AI. 85% of datasets come from OECD countries,
skewing models against populations in the Global South. Only
12% of Green AI initiatives include digital equity metrics [15].

A significant correlation (r = 0.72, p < 0.01) exists between
improved energy efficiency and a widening digital divide in
emerging countries, confirming the paradox of sustainable
computing.

These empirical results support the need for comprehensive
policies that balance technological innovation with
socio-environmental responsibility.

Conclusion
Artificial intelligence is driving radical transformations in
sustainable computing, achieving energy optimizations of 37 to
48%, but generating critical externalities: 626,000 pounds of
CO? per large model, with a projected 1,000 TWh in data
centers.

By 2028, this represents a significant increase in digital
exclusion, affecting 2.6 million people. These findings confirm
the technological paradox where technical efficiency amplifies
global inequalities (r = 0.72).

The proposed conceptual framework, the Dual Impact
Matrix, is validated as a strategic tool for balancing innovation
with socio-environmental responsibility. Sustainable computing
requires a shift from reactive approaches (post-deployment
optimization) to proactive design: carbon-conscious algorithms,
inclusive dataset audits.

Priority Recommendations:

* Implement unified digital ecological footprint metrics in
IEEE standards.

* Require a minimum of 20% of data from the Global South
in training public models.

* Create multilateral funds for AI e-waste recycling in Latin
America.

This research provides empirical groundwork for policies
that align AI with SDGs 9 (industry, innovation) and 13
(climate action), positioning sustainable computing as a
strategic discipline for sustainable human development in the
21st century.
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