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Abstract
The net gain of AI and sustainable development remains a critical area of inquiry, as Artificial 
Intelligence (AI) offers opportunities and challenges in advancing sustainability. AI offers 
benefits like optimized energy use and improved resource efficiency, but its rapid adoption 
also results in high energy consumption, increased e-waste, and resource depletion. This 
contradiction is referred to as the Sustainability Paradox and calls for a structured evaluation 
of AI’s impact. The Sustainable AI Impact Assessment Framework (SAIAF) serves as a tool 
to measure AI’s role in sustainability while accounting for its unintended consequences. It 
assesses AI across three dimensions: environmental (carbon footprint, energy use), social 
(labor market changes, ethical issues), and economic (cost efficiency, long-term resilience). 
Case studies in precision agriculture and smart energy grids demonstrate how SAIAF aids 
policymakers and industries in minimizing negative impacts while enhancing the sustainability 
gains of AI. However, fragmented global policies complicate the effective implementation of 
AI for sustainability, leading to inconsistent regulations and misaligned objectives. This paper 
highlights the importance of cohesive AI governance and shared sustainability standards. By 
incorporating SAIAF into policies and industry practices, AI can shift from being resource-
heavy to becoming a strategic sustainability ally. The study suggests further research on the 
sustainability of AI lifecycles, adaptive policies, and innovations in energy-efficient AI systems 
for a more balanced and responsible future.

Keywords: Sustainable AI, AI and Environmental Sustainability, Energy-Efficient AI and 
Green Technology, Sustainable AI Impact Assessment, AI Policy and Global Sustainability;
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4.1 Introduction

Artificial intelligence would be key to achieving the UN Sustainable Development 
Goals (SDGs) across various sectors (Vinuesa et al., 2020). Its advanced capabilities enable 
organizations to monitor environmental changes, predict outcomes, and improve efficiency 
like never before (Weforum, 2024). For example, AI in precision agriculture uses satellite 
imagery, weather forecasts, and soil sensor data to optimize water, fertilizers, and pesticides, 
resulting in higher crop yields and reduced environmental impact (Winston, 2024). While AI 
offers significant benefits for sustainability initiatives, it may not be an absolute solution. The 
rapid growth of artificial intelligence (AI) offers both opportunities and significant challenges 
for sustainability. Complex AI models require a significant amount of energy. For instance, 
a single ChatGPT query uses nearly ten times the electricity of a standard Google search. AI 
applications could lead to a 160% increase in data center power demand by 2030 (Goldman 
Sachs). There are concerns about its high energy consumption, the resource-intensive production 
of AI hardware, and potential socio-economic disruptions due to automation and technological 
inequalities (Tabbakh et al., 2024; Patterson et al., 2021). For example, Vinuesa et al. (2020) 
found that AI could aid in achieving 134 Sustainable Development Goal (SDG) targets, but it 
could also hinder progress on 59 targets, highlighting its mixed impact.

	 Sustainability is a critical component of contemporary development initiatives, striving 
to harmonize environmental, economic, and social dimensions to address current needs 
without jeopardizing future generations (Brundtland, 1987). Nonetheless, well-intentioned 
sustainability efforts can occasionally yield unintended consequences, giving rise to what this 
chapter termed the Sustainability Paradox. The chapter defines Sustainability Paradox as the 
phenomenon of well-intentioned sustainability initiatives that inadvertently result in negative 
consequences.

	 In the early 2000s, biofuels were promoted as a sustainable alternative to fossil fuels to 
lower greenhouse gas emissions and decrease reliance on non-renewable energy. Governments 
encouraged using crops such as corn, sugarcane, and palm oil for biofuel production. However, 
this led to significant negative consequences: Deforestation in Southeast Asia and the Amazon 
has led to significant forest clearing for palm oil plantations, resulting in biodiversity loss and 
higher carbon emissions. This undermines the environmental benefits of biofuels (Oliveira et 
al., 2021; Gao, 2011). The movement of agricultural resources to biofuels has raised global 
food prices, making staple crops less affordable for vulnerable populations, particularly in low-
income countries (Liu & Wang, 2022).

	 Electric vehicles (EVs) are marketed as a sustainable way to cut greenhouse gas emissions 
and air pollution. They do reduce emissions by decreasing reliance on fossil fuels, but their 
production and disposal can have substantial negative effects: Mining for rare-earth minerals 
used in EV batteries, such as lithium, cobalt, and nickel, leads to significant environmental 
damage. It results in deforestation, soil erosion, and water contamination. For example, lithium 
extraction in South America’s “Lithium Triangle” can use up to 500,000 gallons of water per 
ton, causing severe water shortages (Ahmad, 2024). Furthermore, mining activities contribute 
to greenhouse gas emissions, potentially negating some of the carbon savings from electric 
vehicles (Dunn et al., 2012). In the Democratic Republic of Congo, where over 70% of the 
world’s cobalt is mined, exploitative labor practices, such as child labor and unsafe working 
conditions, are widespread (Amnesty International, 2024).

	 Battery recycling faces significant challenges due to a lack of infrastructure for lithium-
ion batteries, leading to increased electronic waste. Improper disposal can release harmful 
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chemicals into the environment (Forti et al., 2022).
	 Both examples demonstrate that sustainability initiatives can lead to unintended 

environmental and social challenges. It highlights the urgent need to assess the impacts of the 
Sustainability Paradox and develop strategies that align AI development with sustainability 
principles to maximize benefits and reduce risks. This chapter evaluates the lifecycle impacts 
of AI initiatives, focusing on addressing unintended consequences to protect resources for 
future generations. It explores the balance between AI innovation and sustainable resource 
management, emphasizing AI’s crucial role in advancing sustainable development while 
promoting resilience and equity.

4.1.1 Definition of Scope and Terms of Chapter

	 The definitions provided below will help clarify the terminology utilized throughout the 
chapter and the scope of these terms.

•	 Sustainability: Sustainability is commonly viewed through an environmental lens 
(Bosselmann, 2010). However, this chapter takes Purvis and Robinson’s (2019) 
multidimensional approach to incorporating environmental, economic, and social factors 
into its scope. It also refers to the Brundtland Report (1987), which defines sustainability 
as development that satisfies present needs without compromising future generations’ 
ability to meet theirs.

•	 Artificial Intelligence: The advancement of machines equipped with human-like 
intelligence enables them to perform diverse tasks and make informed decisions that 
traditionally necessitate human cognitive abilities (Kok et al., 2009). 

4.1.2 The Sustainability Paradox 

	 Sustainability represents a fundamental focus in contemporary development, aimed at 
balancing environmental, economic, and social needs to secure the well-being of both present 
and future generations (Brundtland, 1987). At its essence, sustainability initiatives underscore 
the importance of efficient resource utilization, the adoption of renewable energy sources, and 
the development of sustainable supply chains (Brundtland, 1987; Wang, 2021). Nonetheless, 
despite these well-meaning endeavors, sustainability practices may occasionally yield 
unintended negative consequences, referred to in the chapter as the Sustainability Paradox. This 
paradox manifests when actions intended to improve sustainability inadvertently exacerbate 
environmental degradation or intensify social inequalities. For example, sustainability initiatives 
frequently expose deficiencies in conventional resource management practices, revealing 
underlying trade-offs that might lead to counterproductive results. These challenges underscore 
the necessity for proactive strategies that anticipate and mitigate potential drawbacks prior to 
their escalation.
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4.1.3 The Sustainability Paradox in AI Applications 

	 AI-driven sustainability solutions hold potential in various industries (Weforum, 
2024), but they also create new environmental and social trade-offs toward the Sustainable 
Development Goals (SDGs) (Vinuesa et al., 2020).

AI in Precision Agriculture:

•	 Mitigation: AI-driven predictive analytics enhance the use of water, fertilizers, and 
pesticides, boosting crop yields while reducing resource waste (Winston, 2024).

•	 Contribution to the Paradox: The production of AI hardware for agriculture depends on 
rare-earth elements, leading to resource depletion (Oliveira et al., 2021).

AI in Smart Energy Grids:

•	 Mitigation: AI improves renewable energy integration and stabilizes the grid (Patterson 
et al., 2021). 

•	 Contribution to the Paradox: AI-driven energy optimization demands high computational 
power, which can raise overall electricity consumption and may depend on fossil fuel-
based grids (Bender et al., 2021).

	 Table 1 contrasts traditional sustainability efforts with those to prevent the Sustainability 
Paradox. While traditional sustainability strives to balance environmental, economic, and social 
factors, prevention of the Sustainability Paradox focuses on avoiding negative consequences 
from these efforts. The goal is to prevent depletion and deterioration due to overuse or 
mismanagement (Singh et al., 2023). Understanding both perspectives is necessary for 
building resilient and adaptive frameworks. Organizations and policymakers can better tackle 
sustainability challenges by implementing early intervention measures and strategic resource 
management. This approach helps ensure that well-meaning initiatives do not undermine long-
term sustainability goals. 

Table 1: Traditional Sustainability and Sustainability Paradox Comparison

ASPECT Traditional Sustainability Sustainability Paradox 

DEFINITION

Emphasizes the need to balance 
environmental, economic, and 
social factors for sustainable 
resource availability and well-
being (Brundtland, 1987).

Practices or initiatives that 
unintentionally harm the 
environment or exacerbate social 
inequalities, ultimately failing their 
sustainability goals.

PRYMARY
OBJECTIVE

Uses resources in a way that 
fulfills current needs without 
jeopardizing the ability of future 
generations to meet theirs.

Identifies and addresses unintended 
negative effects of sustainability 
efforts to avoid harm.
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FOCUS Design systems that balance 
resource use, environmental 
preservation, and social equity 
(Sueyoshi & Goto, 2019).

Analyse and address the secondary 
or hidden impacts of sustainability 
practices.

APPROACH Promotes renewable energy, waste 
reduction, and green technologies 
for ecological harmony (Wang, 
2021).

Assess the lifecycle and broader 
impacts of “sustainable” initiatives to 
identify potential issues like resource 
depletion or inequity.

O U T C O M E 
RISKS

Focusing only on short-term goals 
can lead to overlooked long-term 
unintended effects (Sueyoshi & 
Goto, 2019).

Directly addresses long-term risks by 
re-evaluating sustainability practices 
to reduce harm.

Source: The Author (2025)

The intersection of Artificial Intelligence (AI) and sustainability also includes:

4.1.4 AI as a Tool to Promote Sustainability

	 Energy Optimization AI monitors and enhances energy consumption across diverse 
industries. Machine learning algorithms significantly improve the efficiency of renewable 
energy grids, facilitating more effective integration of wind and solar power (Wang, 2021). 
These advancements highlight AI’s potential to conserve energy and reduce carbon emissions. 
Furthermore, AI-driven predictive analytics are instrumental in optimizing supply chain 
operations and recycling processes, contributing to waste minimization and the efficient use 
of materials. For example, these algorithms enhance the sorting of electronic waste and the 
extraction of rare-earth elements, thereby fostering sustainability in material reserves (Forti et 
al., 2022). Recent advances in AI, such as transfer and federated learning, reduce reliance on 
large, centralized datasets, helping preserve data resources. These methods enable the reuse 
of existing datasets while ensuring privacy and promoting diversity (Sun et al., 2022). AI-
enabled platforms in education improve individuals’ skills for success in AI-driven economies. 
Adaptive learning systems, which tailor content to individual needs, are incredibly effective 
(Nguyen et al., 2023).

4.1.5 AI as Contributor to Sustainability Paradox 

Energy Reserves

	 Artificial intelligence and bottomless learning models consume much energy, producing 
high CO₂ emissions. Patterson et al. (2021) indicate that training advanced models can require 
as much energy as a small town. This highlights the importance of AI’s sustainability regarding 
non-renewable energy resources.
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Material Reserves

	 Producing AI-related hardware like GPUs and TPUs requires rare-earth metals such as 
lithium, cobalt, and neodymium. Extracting and processing these materials can cause serious 
environmental harm and raise sustainability concerns (Oliveira et al., 2021). Additionally, the 
quick obsolescence of this hardware contributes to the increasing problem of electronic waste, 
making it harder to manage these crucial resources.

Data Reserves

	 AI relies on large datasets for training, but gathering this data can harm social and 
informational integrity. Dependence on user-generated data raises privacy issues and diminishes 
trust. Furthermore, biased data collection limits diversity in datasets, which weakens sustainable 
AI solutions (Bender et al., 2021).

Human Capacity Reserves

	 AI automation can displace workers and erode traditional skills, leading to socio-
economic challenges that threaten social equity, which is crucial for societal stability and 
progress (Manyika et al., 2017).

4.2 Related Literature  

	 Artificial intelligence offers immense potential for organizations. However, business 
leaders must recognize how AI could complicate their sustainability goals and find a way to 
balance these conflicting demands (Ganesan & Mosier, 2024). Research shows that data centers 
for AI servers contribute to electronic waste, heavily consume water resources, and depend on 
unsustainably mined critical minerals and rare elements (UNEP, 2024). These centers also 
use vast amounts of electricity, leading to greenhouse gas emissions (UNEP, 2024). A recent 
review by Hagendorf (2024) emphasizes the pressing need to address AI’s environmental 
impact. Solutions include adopting renewable energy and using energy-efficient hardware 
for generative AI systems (Bender et al., 2021; Patterson et al., 2021). Generative AI models 
demand considerable energy, water for cooling, and specialized hardware that relies on rare 
metals (Bender et al., 2021; Gill & Kaur, 2023). Extracting these resources often contributes to 
further environmental damage (Shelby et al., 2023).

Global Challenge: Policy Fragmentation and AI Sustainability

	 Fragmented global policies, primarily shaped by Western perspectives, challenge 
aligning artificial intelligence (AI) innovations with sustainability goals (Frimpong, 2024). 
Different regulatory frameworks across regions hinder coordinated international efforts to 
address the environmental, social, and economic issues AI systems pose. Policy fragmentation 
results in inconsistent standards and uneven enforcement among countries (Gogsadze, 2022). 
Scholars argue that fragmented policies contribute to the Sustainability Paradox by allowing 
unsustainable practices to persist (Oliveira et al., 2021). This lack of cooperation impacts critical 
concerns like environmental sustainability and the fair deployment of AI. Without unified 
policies, countries prioritize their interests, causing duplication of efforts and inefficiencies 
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(European Commission, 2024). For instance, while the EU has implemented regulations like 
the AI Act and GDPR, many regions lack similar standards, creating discrepancies that slow 
international progress. This lack of a global framework for governing AI development and 
deployment hinders sustainability innovations. 

Regulatory Disparities

	 There are notable regulatory differences regarding AI between developed and 
developing regions. Developed economies, especially in Europe, have implemented strict 
policies on ethical AI use, data protection, and sustainability. For example, the European AI 
Act aims to create a risk-based framework for AI governance that ensures transparency and 
accountability and considers environmental impacts (European Commission, 2024). Due to 
limited resources, developing economies often lack strong regulatory mechanisms and focus on 
economic development and poverty alleviation (Amnesty International, 2024). They typically 
implement lenient regulations to attract foreign investment, resulting in poor enforcement of 
labor and environmental laws. This leads to ecological damage and exploitative labor practices 
in resource extraction for AI hardware production (Oliveira et al., 2021).
	 The difference in regulatory standards creates an uneven playing field. Developed 
regions gain from high governance while shifting harmful practices to less-regulated areas. This 
gap underscores the need for international cooperation to establish consistent AI sustainability 
standards.

Resource Imbalances

	 The uneven distribution of resources complicates global policy alignment. Wealthy 
nations with advanced technology, like Japan and Germany, can invest in renewable energy 
and effective recycling systems to promote sustainable AI practices. For example, they have 
established efficient recycling programs for rare-earth materials essential for AI hardware 
(Oliveira et al., 2021). In contrast, developing countries that rely on resource extraction often 
struggle to address the environmental and social costs of mining. For instance, mining for 
lithium and cobalt in the Democratic Republic of Congo (DRC) causes significant environmental 
damage and deepens socio-economic inequalities (Amnesty International, 2024).

Universal Patterns 

	 Existing research on AI and the Sustainability Paradox reveals significant insights 
highlighting patterns and contradictions in the relationship between AI technologies and global 
sustainability efforts. 

Energy-Intensive AI Models as a Universal Concern 

	 Training large AI models like GPT-4 and AlphaFold significantly contributes to global 
carbon emissions (Strubell et al., 2019; Patterson et al., 2021). This is especially problematic in 
regions where fossil fuels power data centers, such as parts of Asia and the Middle East. 
	 In Europe and North America, data centers using renewable energy help reduce AI’s 
negative energy impacts (Wang, 2021). However, these sustainable solutions are not evenly 
distributed, creating disparities in AI’s energy efficiency across regions.
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Material Resource Depletion

	 Extracting and recycling resources for AI hardware poses a significant global challenge. 
Mining rare-earth elements like lithium and cobalt predominantly occur in low-income countries 
such as the Democratic Republic of Congo and Bolivia, often resulting in environmental harm 
and socio-political issues (Oliveira et al., 2021; Amnesty International, 2024). Conversely, 
wealthier regions consume these resources at an unfair rate and lack proper recycling facilities. 
Developed economies like the EU and Japan are investing in material recycling innovations, 
but low-income regions, where mining has the most significant environmental impact, are 
lagging.

Data Exploitation and Privacy Concerns

	 AI relies heavily on large datasets, which raises concerns about data equity, privacy, 
and algorithm biases. Research by Bender et al. (2021) and Sun et al. (2022) indicates that 
the quality and diversity of these datasets are often inadequate, hindering AI’s effectiveness 
in supporting equitable sustainability goals. Privacy and data ethics are prioritized in regions 
with strong data governance, like the EU under GDPR. Conversely, countries with weak data 
protection laws, such as some in Southeast Asia and Africa, face higher risks of data exploitation 
and loss of information security.

Social Impact and Workforce Inequities 

	 The rise of AI-driven automation is resulting in significant job displacement on a global 
scale, particularly within low-skill sectors. As highlighted by Manyika et al. (2017), this trend 
raises important concerns regarding social inequities, which threaten the sustainability of the 
workforce. Advanced economies typically provide reskilling programs to address job losses, 
but such initiatives are rare in developing regions. This lack of resources increases inequalities, 
leaving workers in less developed areas more vulnerable to the impacts of automation.

Technological Progress vs. Sustainability Trade-offs

	 AI technologies offer efficiency and sustainability, but their environmental impact can 
negate these benefits. For instance, while AI-driven energy optimization, like smart grids, helps 
reduce emissions, the high carbon costs of AI model training can undermine these gains (Bolón-
Canedo et al., 2024). Contradictions also exist in transportation, as autonomous vehicles lower 
local emissions but rely on resource-heavy global AI infrastructure.

Regional Disparities in Resource Management

	 Countries in the Global South, rich in resources, are experiencing environmental 
degradation due to mining activities. In contrast, nations in the Global North, which consume 
these resources, are reaping the benefits of technological advancements without addressing 
the underlying causes of resource depletion (Amnesty International, 2024). This situation 
highlights regional inequalities, as the environmental costs are disproportionately shouldered 
by developing regions, while the benefits primarily flow to developed economies.
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Policy Gaps and Fragmentation

	 While some regions, such as the EU, have implemented strict AI and sustainability 
guidelines, others are falling behind in establishing policies to regulate AI’s environmental and 
social impacts. This regulatory fragmentation leads to inconsistent global efforts to address the 
Sustainability Paradox.

Energy Sources and Infrastructure

	 Regions with abundant renewable energy resources, such as Scandinavia, have a 
competitive advantage in reducing artificial intelligence’s (AI) carbon footprint. In contrast, 
developing countries that rely on coal or natural gas face more significant challenges in aligning 
AI deployment with energy sustainability goals (Wang, 2021).

Cultural and Ethical Variations 

	 Privacy and data governance norms differ significantly across cultures. For instance, 
the European Union strongly emphasizes individual privacy, while countries like China use 
data more liberally for AI development. These cultural and regulatory differences affect how 
Sustainability Paradox issues related to data exploitation can arise (Sun et al., 2022).

Economic and Workforce Impacts 

	 High-income regions invest heavily in reskilling programs to mitigate the disruptions 
caused by AI in the workforce. However, developing regions often lack the necessary 
infrastructure or funding to implement similar initiatives, exacerbating global inequalities 
(Manyika et al., 2017). There is no universally accepted framework for evaluating AI’s impact 
on Sustainability Paradox. Research in this area is often fragmented, focusing on specific 
issues like energy consumption and electronic waste without adequately addressing their 
interconnections.

4.3 Key Gaps and Research Questions 

	 The literature shows a complex relationship between AI’s benefits and unintended 
consequences, shaped by patterns and regional differences. While AI can significantly enhance 
sustainability, it presents significant challenges in energy consumption, resource management, 
and social equity. 
	 There is no established methodology to evaluate the Sustainability Paradox holistically, 
particularly in AI-driven sectors. Current literature focuses on isolated aspects of AI’s 
unintended consequences, such as energy consumption, resource depletion, or social inequities. 
However, a comprehensive framework connecting these interdependent issues remains absent. 
For example, the relationship between AI-driven automation (social impact) and its reliance on 
energy-intensive computation (environmental impact) is inadequately explored.
	 AI’s dual role as a contributor to and a mitigator of the Sustainability Paradox lacks 
nuanced analysis. For instance, how AI can simultaneously drive efficiency in renewable 
energy systems and exacerbate resource exploitation through hardware demands remains 
underexplored.
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Significance of Research

	 Addressing the research gaps will enhance our understanding of AI’s impact on 
global sustainability through the concept of the Sustainability Paradox. This work will create 
practical frameworks and metrics for policymakers, industries, and researchers. It will also 
support equitable AI deployment in resource-constrained regions and inform strategies that 
balance AI innovation with sustainability, ensuring long-term benefits and reducing unintended 
consequences.

4.4 Sustainable AI Impact Assessment Framework 

	 To address the shortcomings in evaluating the sustainability impacts of artificial 
intelligence, this chapter presents the Sustainable AI Impact Assessment Framework (SAIAF) 
(see Figure 2). This framework encompasses holistic dimensions, lifecycle assessments, and 
dual role pathways, offering a comprehensive methodology to mitigate the Sustainability 
Paradox. The SAIAF emphasizes the interconnected effects of AI projects to ensure that 
sustainability solutions do not unintentionally exacerbate existing environmental and social 
issues. As illustrated in Figure 1, the framework assesses AI impacts through lifecycle analysis, 
dual role pathways, and consideration of regional contexts. 
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Figure 1: Sustainable AI Impact Assessment Framework
Source: The Author (2025)

4.5 How SAIAF Mitigates Unintended Consequences 

Holistic Dimension Impact Evaluation 
AI plays a dual role that affects all aspects of the SAIAF framework: environmental, social, 
and economic.

1) Environmental:
Mitigation: AI improves energy efficiency with smart grids and predictive analytics, lowering 
carbon emissions.
Contribution: Training large AI models uses much energy, similar to small towns, resulting in 
high carbon emissions.
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2) Social:
Mitigation: AI tools help reskill workers and enhance education, promoting equity.
Contribution: AI-driven automation displaces low-skill workers, widening socio-economic 
gaps.

3) Economic:
Mitigation: Optimizing resource allocation and reducing waste leads to cost savings and 
enhances organizational resilience.
Contribution: The high costs of rapid hardware obsolescence and rare-earth resource extraction 
threaten long-term viability.

This interdependence analysis connects different dimensions to reveal systemic impacts. 

Dual Role Analysis: Comparative Scenario and Trade-Offs

The dual role of AI must be evaluated throughout its lifecycle:

Upstream:
Mitigation: Sustainable hardware material sourcing minimizes environmental impact.
Contribution: Mining rare-earth metals for GPUs and TPUs depletes resources and harms the 
environment.

Midstream:
Mitigation: AI improves supply chains, lowering transportation emissions and material waste.
Contribution: High energy use in AI deployment increases carbon footprints.

Downstream:
Mitigation: AI-driven recycling programs extend product lifecycles and reduce e-waste.
Contribution: Poor recycling infrastructure for AI hardware leads to increased e-waste.

Dual Role Analysis: Mitigation Vs. Contribution

A dual-pathway analysis assesses both mitigation and contribution directly.

Comparative Scenario Analysis:
Baseline Scenario: Evaluate impacts without AI interventions.  
Mitigation Scenario: Assess how AI solutions reduce emissions, optimize resources, and 
support workforce reskilling.  
Contribution Scenario: Examine how energy-intensive computations and socio-economic 
disruptions worsen the Sustainability Paradox.  

Weighted Trade-Off Analysis:
Quantify AI’s positive impacts (energy savings, reduced waste) and negative impacts (emissions, 
resource depletion) to determine its net sustainability benefit.

Regional Contextual Analysis: Bridging Disparities
Tackle regional disparities using localized data on energy infrastructure, resource availability, 
and socio-economic conditions.
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Developed Regions:
Mitigation: Renewable energy infrastructure uses AI to lower carbon footprints.
Contribution: Heavy reliance on imported rare-earth materials for AI hardware increases 
ecological debt to resource-rich developing regions.

Developing Regions:
Mitigation: AI boosts agricultural productivity and resource efficiency.
Contribution: Unregulated mining for AI hardware damages local resources and communities.

Iterative Feedback: Adapting to AI’s Dual Role

Integrate iterative feedback loops into the framework to refine and adapt based on emerging 
data.

Real-Time Monitoring:
AI systems should continuously track sustainability metrics to pinpoint where benefits exceed 
drawbacks.

Stakeholder Collaboration:
Policymakers, researchers, and industries must work together to improve AI’s role in mitigating 
and reducing its negative impacts.

4.6 SAIAF Framework Implementation 

	 Winston (2024) emphasizes the inconsistency in AI’s sustainability contributions, often 
undermined by its environmental impact, particularly in areas lacking access to renewable 
energy and effective recycling systems. To address these concerns, it is essential to prioritize the 
development of energy-efficient technologies and implement sustainable resource management 
practices within AI systems.
	 The Sustainable AI Impact Assessment Framework highlights AI’s dual role in 
mitigating and contributing to environmental challenges, with one practical example from the 
agriculture sector.

Implementation Roadmap for Policymakers and Industries

A well-structured implementation roadmap enables policymakers and industries to integrate AI 
innovations effectively with sustainability objectives. This approach mitigates environmental 
impacts and promotes equitable progress across various sectors.
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Step 1

Conduct Baseline Assessments
Objective: Evaluate the current sustainability status and identify gaps.

ACTION: 
Conduct energy audits for AI infrastructure. 

Map supply chain inefficiencies and sources of Unintended Sustainability . 
Use SAIAF to measure environmental, social, and economic impacts.

Step 2

Deploy AI Solutions with Mitigation Strategies
Objective: Implement AI technologies to address identified gaps.

ACTION: 
Optimize logistics and production processes with AI-driven analytics. 

Use AI tools for workforce reskilling and education. 
Promote renewable energy-powered data centers for AI operations.

Step 3

Adapt Solutions to Regional Needs
Objective:Customize AI deployments based on regional challenges and resources.

ACTION: 
In developed regions, focus on integrating AI with advanced renewable energy systems. 

In developing regions, provide technical and financial support to build sustainable AI 
infrastructure.

Step 4

Monitor and Adjust Through Feedback Loops
Objective: Continuously evaluate the impacts of AI interventions.

ACTION: 
Use AI-driven dashboards to track sustainability metrics. 

Adapt strategies based on performance data, ensuring net-positive outcomes. 
Collaborate with stakeholders to refine interventions dynamically.

Step 5

Policy Integration
Objective: Embed SAIAF outcomes into global and regional policy frameworks.

ACTION: 
Advocate for international standards on sustainable AI. 

Incentivize adoption of best practices through subsidies or tax benefits. 
Establish global partnerships to address cross-border sustainability challenges.

Figure 2: A Five-Step Practical Implementation Roadmap for Adopting SAIAF
Source: The Author (2025)
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4.7 Addressing Policy Fragmentation 

	 The absence of a global agreement on AI governance limits the ability of multilateral 
organizations to regulate and effectively manage AI risk. In order to address the current 
fragmentation of global AI policy, it is essential to establish unified frameworks and coordinated 
strategies (Nabil, 2024). The process of harmonization should begin:

1) Global Standards for AI Sustainability 

	 Establish global standards to assess AI’s lifecycle impacts on energy use, carbon 
emissions, and resource consumption. Create a certification system for sustainable AI 
technologies to ensure industry compliance. The United Nations, for example, should expand 
initiatives like the Sustainable Development Goals (SDGs) to include specific targets for 
artificial intelligence. It should also help developing economies build the infrastructure for 
sustainable AI adoption.

2) Collaborative Policy Frameworks

	 Form international partnerships to share best practices for AI sustainability. Create 
global agreements similar to the Paris Agreement that tackle AI’s environmental impact and 
encourage countries to set specific sustainability goals. The World Economic Forum should 
facilitate discussions among governments, industries, and researchers to develop actionable 
frameworks for improving global AI sustainability.

3) Incentivizing Responsible Practices

	 Financial incentives should be used to promote the adoption of energy-efficient AI 
models and recycling initiatives. Organizations like the International Energy Agency should 
advocate for renewable energy integration in data centers and facilities used for AI training and 
establish penalties for corporations that fail to address their AI applications’ environmental and 
social impacts.

4.8 Transitioning to Sustainability-Centric Business Models 

	 A recent IBM report reveals that 50% of consumers are willing to pay more for 
sustainable products, and 44% identify as purpose-driven, choosing brands that align with 
their values (IBM, 2024). This highlights the need for managers to align corporate strategies 
with sustainability to fulfill their corporate social responsibility (CSR) and environmental, 
social, and governance (ESG) objectives. While AI has been integrated into citizen science 
for tasks like automated classification, the reverse—incorporating citizen science into AI—
remains underdeveloped (Fraisl et al., 2024). AI and citizen science have great potential to 
tackle important sustainability challenges, including health and climate change.
	 The Triple Bottom Line (TBL) approach developed by John Elkington in 1994 
emphasizes the importance of environmental, social, and economic factors. Elkington argued 
that businesses should consider three objectives equally: people, the planet, and profit, rather 
than focusing solely on profitability (Elkington, 1997; Miller, 2000). The shift reflects a growing 
recognition of the importance of sustainable practices for long-term business success). Using 
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tools for automation, data visibility, goal tracking, and value chain evaluation can simplify 
measuring the triple bottom line. (Jonker, 2023). 

Improving Operational Efficiency Through AI

	 AI advancements improve operational efficiency by reducing waste, optimizing 
resource use, and lowering carbon emissions.

Inventory Management and Logistics Optimization

	 AI-driven predictive analytics enhance inventory management and transportation 
logistics, cutting waste and emissions (Wang, 2021). They enable businesses to forecast demand 
accurately, prevent overproduction, and optimize supply chain operations.

Recycling and Resource Recovery

	 Organizations leverage AI to enhance recycling and resource recovery, establishing 
closed-loop systems that cut waste and promote sustainability (Forti et al., 2022). These systems 
efficiently reuse resources, reducing environmental impact.

Energy Efficiency

	 Smart energy grids and AI-driven building management systems are essential for 
reducing energy use and operational costs. By automating energy optimization, these systems 
help businesses lower their carbon footprints and enhance cost efficiency (Patterson et al., 
2021).

Tracking Sustainability Metrics 

	 Managers utilize AI tools to monitor sustainability metrics such as carbon emissions and 
energy usage. These tools help align corporate practices with sustainability goals, promoting 
informed decision-making and accountability (Manyika et al., 2017).

Stakeholder Engagement 

	 Active collaboration with stakeholders is essential for effective management. Managers 
can build trust and promote cooperation by working with employees, customers, and external 
partners to develop sustainability initiatives. This approach ensures that sustainability is 
integrated into the organization’s core values and operations.

Workforce Reskilling 

	 AI-driven programs equip employees with the skills for sustainable practices and 
new technologies. These initiatives prepare the workforce for the future and enhance the 
organization’s sustainability efforts.

	 Incorporating sustainability into business operations represents a significant shift 
in modern strategies. Organizations can align their goals with environmental, social, and 
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economic sustainability by leveraging artificial intelligence and sound management practices. 
This approach ensures long-term viability, meets stakeholders’ expectations, and addresses 
global sustainability challenges.

4.9 Conclusion

	 Integrating AI into sustainability efforts offers both significant opportunities and 
substantial risks. While AI can enhance resource efficiency, climate resilience, and circular 
economy practices, it raises concerns about energy use, environmental harm, and socio-
economic disruptions. This Sustainability Paradox highlights the need for a clear, evidence-
based framework to manage AI’s role in sustainability. The Sustainable AI Impact Assessment 
Framework (SAIAF) offers a precise method for evaluating AI’s environmental, social, and 
economic impacts. It includes real-time monitoring, lifecycle assessments, and policy-focused 
decision-making, helping governments, industries, and researchers effectively address AI’s 
sustainability challenges. A key challenge to sustainable AI deployment is the fragmentation of 
policies, leading to conflicting regulations that hinder global coordination. SAIAF is a unifying 
tool, providing a universal assessment mechanism to align AI innovation with sustainability 
goals. By integrating SAIAF into corporate ESG frameworks and government AI policies, 
stakeholders can identify trade-offs, reduce unintended consequences, and promote responsible 
AI development. To align AI with sustainability in the long term, we must focus on cross-sector 
collaboration, enforce sustainability benchmarks, and enhance SAIAF’s adaptability across 
various industries and regulations. AI should shift from being a technological disruptor to a 
driver of sustainable change, achievable through structured frameworks like SAIAF.
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