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Abstract

Artificial Intelligence (Al) in contemporary industry and society is omnipresent, with its applications permeating across enterprise
functions such as manufacturing, supply chain and research & development, and enterprise goals such as efficiency, innovation,
and sustainability. However, an important question that has been raised, quite often recently, is: Is Al environmentally sustainable?
This study proposes an extension to the CRoss-Industry Standard Process for Machine Learning with Quality Assurance (CRISP-
ML(Q)), to include ‘sustainability’ into Artificial Intelligence and Machine Learning (AI-ML) development lifecycle. This paper
conducts a systematic literature review with 171 papers to understand the current state of sustainable Al research and synthesizes
these studies onto the stages of the model development lifecycle — Business and Data Understanding, Data Preparation, Model
Building, Evaluation, Deployment and Monitoring and Maintenance. The proposed framework, Cross-Industry Standard Process
for Machine Learning with Quality and Sustainability assurance CRISP-ML(QS), highlights that design choices in various stages
of'the Al model development lifecycle can have a significant impact on the carbon footprint and energy consumption of the resulting
Al system. The framework addresses the environmental dimension of sustainability and focuses on the direct environmental
impacts of the Al development lifecycle. Energy-aware model development lifecycle, by utilizing smaller datasets, optimal number
of features, algorithms with low energy profiles, efficient neural architecture search, pruning, compression and making efficient
model design choices such as modelling frameworks, coding language, batch size, optimizers, training location, can lead to a
significant reduction in energy consumption. Energy-aware hyperparameter tuning, deployment, and inference of models also
contribute to reducing the environmental impact of Al

Keywords- Green Al, Sustainability of Al, Energy consumption, Carbon footprint, AI-ML model development lifecycle.

1. Introduction

Artificial Intelligence operates through technologies, machines, and infrastructures (such as data centers)
that consume scarce resources during their production, usage, and disposal. It increases energy consumption
and hence creates environmental problems (Brevini, 2020). Al now performs at par with, or better than,
humans across various tasks, such as computer vision and Natural Language Processing (NLP). However,
the excellence in image recognition and NLP has been heavily reliant on substantial increases in
computational power. This trend is economically and environmentally unsustainable (Thompson et al.,
2021).

Rizvee et al. (2023) compared the CO, emissions footprint of daily life activities against training an Al

model, and the difference is shocking: training a single Al model emits 5x more CO, than an average US
car in its entire lifetime, as shown in Figure 1.
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Figure 1. CO; emissions footprint of daily life activities vs training an Al model (adapted from Rizvee et al., 2023).

To exacerbate, the size of Al models has been on an exponential rise, especially models for NLP tasks
(Bender et al., 2021). Training large language models such as GPT-3 requires substantial computational
power, resulting in a notable environmental impact. The model with 175 billion parameters used 10,000
GPUs and emitted 552 metric tons of carbon dioxide (Farber & Lamprecht, 2022).

Sustainability is commonly understood by the Environmental, Social, and Governance (ESG) framework.
ESG evaluates sustainability through three distinct lenses:

e Environmental: Assessing impact on the natural ecosystem, including carbon intensity, resource
depletion, and waste management protocols.

e Social: Examining the impact on human capital and communities, focusing on labour standards, diversity
and inclusion, and consumer protection.

e Governance: Auditing the internal systems of oversight, encompassing board structure, executive
compensation, and transparency.

While acknowledging that the Social and Governance pillars are equally important, this study is focused
on the Environmental dimension of sustainability.

‘Environmental Sustainability of AI’, also known as Green Al, is the practice of ensuring that the
development and use of Al are sustainable, taking into account factors such as carbon footprints and
computational power (van Wynsberghe, 2021). Green Al aims to reduce the environmental impact of Al
systems by developing energy-efficient algorithms and sustainable computing practices (Thiyagaraj et al.,
2026). Green Al also enhances cost-effectiveness and promotes sustainability through energy-efficient
models and industry practices (Chaudhary et al., 2025). Green Al is designed to reduce carbon emissions
through multiple functionalities, aiming to contribute to a sustainable future (Sowrirajan et al., 2025). This
concept differs from ‘Al for Sustainability’, which involves using Al to achieve sustainability goals, such
as the United Nations Sustainable Development Goals (SDGs) (Pedersen, 2018).
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The literature lists various frameworks and methods for reducing energy footprint. The Sustainability
Criteria and Indicators for Artificial Intelligence Systems framework proposed by Rohde et al. (2024)
outlines sixty-seven indicators and nineteen criteria of sustainability for evaluating sustainable Al and
advocates for consideration of energy consumption during model development, selection of less complex
models, and utilization of pretrained models to decrease energy usage. Similarly, while advocating
measures to address the environmental impact of information retrieval research, Scells et al. (2022)
recommend to Reduce, Reuse and Recycle. Reduce: Focuses on minimizing resource usage through
efficient algorithms and avoiding unnecessary computations. Reuse: Encourages the use of pre-trained
models, shared datasets, and pre-indexed collections to avoid redundant work. Recycle: Promotes
repurposing existing data, models, and code for new tasks, reducing the need for developing everything
from scratch. These recommendations apply not just to information retrieval but to other applications of Al
as well.

Regulations and operationally efficient, effective frameworks lag behind urgent environmental needs; there
is a need for a "sustainable by design" approach to Al (Perucica & Andjelkovic, 2022), which integrates
sustainability principles from the outset. Al practitioners should proactively pursue sustainability and feel
responsible for developing computationally efficient methods to mitigate the Al carbon footprint and
promote environmentally responsible practices (Tamburrini, 2022).

There is a considerable body of research work available to assist practitioners in pursuing sustainability
while designing and developing Artificial Intelligence and Machine Learning (AI-ML) solutions. But there
exists a significant gap between Green Al research and its adoption in industry (Sikand et al., 2023). This
paper seeks to bridge the gap by providing a development framework that thoroughly reviews current
sustainable Al research and its synthesis on the model development lifecycle, making it convenient for
practitioners to understand and implement.

1.1 Research Questions
The primary Research Questions (RQ) that this review endeavors to address are:

RQ1: What is the present state of cutting-edge research in Sustainable/Green AI?
RQ2: How does this existing literature map to the model development lifecycle CRISP-ML(Q)?

The first research question (RQ1) aims to examine the current landscape of Green Al research through a
comprehensive review of existing literature. The second research question (RQ2) seeks to align the existing
literature with the model development lifecycle, with an in-depth analysis of how it maps to the stages in
the model development lifecycle. Through addressing these inquiries, the review aims to help practitioners
understand the design choices throughout the model development lifecycle to make AI more
environmentally sustainable.

The remaining sections of this paper are systematically arranged to facilitate clear and logical progression.
In Section 2, we elaborate on the methodology utilized for our study. Section 3 is dedicated to presenting
the proposed framework, CRISP-ML(QS), offering a clear mapping of sustainable Al research to the model
development lifecycle. Section 4 elaborates on the conclusion of the study, limitations, and the scope of
future research.

2. Methodology of Study

This section explains the methodological framework used to identify and evaluate the relevant literature for
this review. It specifies the information sources, search strategy, inclusion criteria, and the selection and
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data-collection process, applied to ensure the resulting synthesis is transparent and reproducible.

2.1 Information Sources and Search Strategy

The information for this study has been sourced from prominent academic databases - Scopus,
ScienceDirect, and Google Scholar. The query is structured to identify articles with titles including terms
associated with environmental sustainability ("green" or words starting with "sustainab") and terms related
to artificial intelligence and its subsets (Al, ML, artificial intelligence, machine learning, deep learning).
Relevant studies published and available up to 3rd February 2026 were extracted from Scopus,
ScienceDirect, and Google Scholar. The utilization of diverse databases enhances the reliability and
comprehensiveness of the information. The search criteria did not impose any limits on the year of
publication, enabling the inclusion of both contemporary and earlier works. Figure 2 shows the source,
query, and count of search results.

TITLE ( ( "Green Al" OR "Sustainable Al" OR "Green
Artificial Intelligence”" OR "Green Deep Learning" 304
OR "Green Machine Learning" OR "Green ML" ) )

allintitle:(("Green Al" OR "Sustainable Al" OR "Green
Artificial Intelligence” OR "Green Deep Learning" OR .l 500
"Green Machine Learning” OR "Green ML" ))

) TITLE (( "Green Al" OR "Sustainable Al" OR

) L ScienceDirect "Green Atrtificial Intelligence” OR "Green Deep 3 20
: Learning" OR "Green Machine Learning" OR

"Green ML"))

Figure 2. Database, query, and count of search results.

2.2 Criteria for Inclusion and Exclusion of Research
The criteria for any research to be a part of this review are based on the relevance and quality of the research.
The following are the various Inclusion Criteria (IC) and Exclusion Criteria (EC):

e IC1 - The research pertains to the environmental sustainability of Al/Green Al

e [C2 - The research focuses on Al and ML development.

e [C3 - The research addresses the software level and the model development lifecycle level.
e ECI - The research is either in the format of presentations, tutorials, etc.

Inclusion criteria guided the selection process, encompassing specific parameters: IC1 specified the focus
on the environmental sustainability of Al, distinguishing studies of Green Al from studies in which Al is
used for sustainability. IC2 mandated direct relevance to AI-ML and excluded studies related to IOT, cloud,
etc. IC3 filtered onto studies related to the software level and model development lifecycle level, refining
the scope to exclude research at the hardware level.

Conversely, exclusion criteria were implemented to maintain rigor: EC1 excluded specific formats such as
tutorials and presentations, thereby streamlining the selection of scholarly works best suited for
comprehensive analysis within the context of this research. Conference proceedings and book chapters were
included in the study to ensure no piece of knowledge was missed. The judicious application of these criteria
contributes to the quality of the study's information synthesis.
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2.3 Process of Selection and Data Collection

During selection, we rigorously reviewed the search results against the inclusion and exclusion criteria for
studies. Both reviewers conducted their assessments independently, and any disagreements or discrepancies
were resolved through discussions and mutual agreement. After the initial round of applying ICs and ECs,
we deployed backward citation chaining by examining the references cited in our key papers to find relevant
literature. Citation chaining was done with a tool called ResearchRabbit (ResearchRabbit, 2025). We used
ResearchRabbit to visualize citation relationships between papers and to explore additional relevant
literature for this review. By adding the shortlisted papers to a collection on ResearchRabbit, we reviewed
the recommendations by clicking on “Earlier Work”. Figure 3 shows an illustrative paper graph from
ResearchRabbit, which represents the papers already present in the collection as black-filled circles and

those that are “not present in the collection but are similar” as white-filled circles.

Figure 3. Research rabbit output of paper graph showing connections between the existing collection and other
papers.
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Figure 4. Process of selection and screening on inclusion and exclusion criteria (PRISMA (Page et al., 2021)).
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Collectively, we were able to select 171 papers that satisfied the inclusion and exclusion criteria. The
process of selection and screening on inclusion and exclusion criteria is summarized in Figure 4.

In the data collection phase, a meticulous study was undertaken to extract sustainable Al practices from the
papers and map them to the model development lifecycle.

3. Proposed Framework: CRISP-ML(QS)

CRISP-ML(Q) (Studer et al., 2021) is an evolution of the classic CRISP-DM framework (Wirth & Hipp,
2000) and is a widely recognized and structured approach that provides a systematic and comprehensive
methodology for machine learning processes. CRISP-ML(Q) framework divides the development lifecycle
into six stages: Business and Data Understanding, Data Preparation, Modeling, Evaluation, Deployment
and Monitoring and Maintenance. It emphasizes that quality assurance is embedded throughout the
development lifecycle.

In this study, we propose CRISP-ML(QS) as an extension to the CRISP-ML(Q) framework with
sustainability assurance embedded throughout the development lifecycle. Sustainability assurance
methodology recommends integrating "Green AI" principles directly into the existing CRISP-ML(Q)
structure. We propose embedding sustainability practices alongside every quality gate to ensure that the
carbon footprint and energy efficiency are considered before progressing. The proposed CRISP-ML(QS)
framework is presented in Figure 5.

Stage 1: Business & Stage 2: Data Stage 3: Model . . .
Data Understanding Building Stage 4: Evaluation Stage 5: Deployment

Stage 6: Inference,
Monitoring and
Maintenance

Consider sustainability as
business objective

Conduct environmental

Ensure efficient Data
Preparation

Choose smaller data sets

Ensure efficient baseline
algorithm

Choose a simpler model

Define sustainability
focused Evaluation
Metrics

Deploy right strategies
for containerization

Design an Energy-
efficient Al inference
system

Cost-Benefit Analysis wherever possible Use Tools to measure

sustainability impact

Optimize the number of Enforce efficient Design
Features choices

Enforce efficient neural
architecture search (NAS)

Enforce efficient
Hyperparameter Tuning

Figure 5. CRISP-ML(QS).

The following sections outline the details of the proposed CRISP-ML(QS) framework.

3.1 Stage 1: Business and Data Understanding

The Business Understanding stage involves the translation of organizational business objectives into a
clearly defined AI-ML problem, establishing success criteria and assessing the required resources. This is
followed by Data Understanding, which focuses on systematic acquisition, exploration, and quality
verification of the data to ensure it is fit for the intended analytical purpose.

The subsequent sub-sections demonstrate how to integrate sustainable Al practices into these foundational

stages by categorizing research that integrates environmental considerations into the Business and Data
Understanding stage.
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3.1.1 Consider Sustainability as a Business Objective

Researchers suggest multiple ways to pursue environmental ‘Sustainability of AI’, including policy and
regulatory interventions. Dhar (2020) cites leaders from the Copenhagen Centre on Energy Efficiency to
emphasize that environmental sustainability should be regarded as a key principle and objective in the
pursuit of responsible Al. Similarly, on examining the CO» emissions by the computer vision model, Fu et
al. (2021) propose adding "enforcement" as a pillar of ethical Al to ensure CO: considerations are
incorporated into model development and use. Kindylidi & Cabral (2021) recommends that legislators,
such as the EU, consider the impact of Al on sustainability while contemplating the Al regulation. Rohde
et al. (2021) advocate comprehensive guidelines and regulation frameworks to ensure that Al development
aligns with ecological objectives.

3.1.2 Environmental Cost-Benefit Analysis

An Environmental Cost-Benefit Analysis should be used to make sure that the "environmental cost," which
is the energy and carbon used to train the model and keep it running, is less than the "environmental benefit,"
which is how much energy or carbon the Al system saves. It can help avoid building wasteful, "heavy"
models and ensure that every project is environmentally sound.

3.2 Stage 2: Data Preparation

The Data Preparation stage encompasses all activities required to construct the final dataset from the initial
raw data. This critical stage involves data selection, cleaning, feature engineering, and integration, ensuring
that the resulting data structures are optimally formatted for the modeling algorithms. In a standard
lifecycle, the primary objective is to maximize predictive performance and ensure high data quality. The
subsequent sections illustrate how sustainable Al practices intersect with this stage.

3.2.1 Efficient Data Preparation

The growth of Al models and their training datasets has been exponential, especially for those used in
natural language processing tasks. BERT (released in 2019) used a 16GB data set, which is minimal as
compared to the 570GB dataset size of GPT-3 (released in 2020) (Bender et al., 2021). The trend continues
with GPT-4, GPT-5 and later versions, which use an unprecedented volume of training tokens. The larger
the data, the larger the computation cost.

Al-Jarrah et al. (2015) highlight various methods of sustainable data modeling and efficient learning,
including Ensemble models, Local learning strategy, Semi-parametric approximation and Shallow learning.
Salehi & Schmeink (2023) review data-centric technologies and highlight techniques, such as active
learning, coresets, dataset distillation, knowledge transfer/sharing, curriculum learning, and data
augmentation, that can help reduce the energy consumption of Al algorithms. The focus of sustainable data
modelling is on fast and efficient processing of huge data volumes and on minimum cost of computation
with maximum accuracy (Al-Jarrah et al., 2015).

3.2.2 Choose Smaller Datasets

Bender et al. (2021) suggest focusing resources on curating and carefully documenting datasets rather than
indiscriminately gathering data from the web. Using smaller, more significant datasets for training can
speed up the process and reduce Greenhouse Gas (GHG) emissions of Al systems (Rizvee et al., 2023).
Verdecchia et al. (2022) indicate that utilizing smaller datasets significantly lowers energy consumption in
machine learning models, with energy efficiency enhancements reaching as high as 92% upon dataset size
reduction. Dhabe et al. (2021) devised a method to eliminate redundant data samples from training data and
create smaller, more efficient ‘Bonsai data sets’. Redundancy is determined based on how similar a data
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sample is to the average (mean) pattern of its class. Bonsai data sets have been shown to preserve
classification and recognition accuracy. For recommendation engines, Eslami & Ghaderi (2023) introduced
an incremental trust-aware matrix factorization method that requires learning only a small fraction of new
data when a new customer (or data) arrives; the remaining data is leveraged from models developed in
earlier stages using existing user-item records.

3.2.3 Optimize the Number of Features

The number of features has an even larger impact on energy consumption than the number of examples in
the training data, as observed in decision tree implementations (Ferro et al., 2023). Verdecchia et al. (2022)
show that in most cases, reducing the number of features significantly lowers energy usage with minimal
impact on accuracy. For instance, by decreasing features, Random Forest can reduce energy use by up to
74.81% with only a 0.06% drop in Fl-score. Nevertheless, this pattern is not consistent across all
algorithms. Further, selecting features in KNN has little effect on energy use but results in a substantial
decrease in performance, achieving only a 0.92% energy saving at the expense of a 98.05% reduction in
F1-score. Similarly, in the case of large language models, fewer parameters do not always imply better
efficiency. Zhou et al. (2020) found that despite having fewer parameters, the ALBERT model was less
efficient than BERT due to its larger hidden size and more complex computations. However, having more
parameters can lead to slower fine-tuning when using the same model.

Hence, finding the optimal number of features is important. Li et al. (2020) find an optimal range of
granularity (between 60 and 80 features) in a decision tree that minimizes tree depth and computational
cost, enhancing decision tree performance while reducing energy consumption. Asperti et al. (2021) provide
a survey of how Variational Auto Encoders (VAEs) can be optimized for energy efficiency, to reduce the
financial cost and carbon footprint of the generative techniques.

3.3 Stage 3: Energy-Aware Model Building

Model training is amongst the most important stages from a sustainability perspective. The training and
development of models will account for a significant part of greenhouse gas emissions (Strubell et al.,
2019), and this problem cannot be solved only at a hardware level. An ineffective machine learning model
can result in significant overheating and high energy consumption, regardless of the hardware's efficiency.

The process of model training involves several steps. First, a suitable modeling technique is selected, and
then a baseline algorithm is selected. In model training, a baseline algorithm is a simple model used as a
reference point to evaluate the performance of more complex models. It provides a standard or benchmark
against which more sophisticated models can be compared. The next steps involve experimental design
(making design choices), algorithm evaluation, selection and validation.

3.3.1 Algorithm Selection: Select an Efficient Baseline Algorithm

Researcher suggests moving away from "accuracy at any cost." Mclntosh et al. (2019) suggest that
developers should select the optimal algorithm by analyzing application requirements and context,
including the number of data attributes, dataset size, and whether the model will need updating, among
other factors. Verdecchia et al. (2022) reveal that various algorithms exhibit distinct energy profiles. The
disparity in energy usage can reach up to a 99.49% reduction, hence selecting an appropriate baseline
algorithm can have a considerable impact on the consumption of energy.

Al practitioners have been focused on developing models that outperform the existing models (Eslami &

Ghaderi, 2023). Hanafy et al. (2021) found that with larger models, the incremental gains in accuracy have
been achieved at a significantly greater energy expense. The cost of computing for cutting-edge Al research
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has surged by 300,000 times due to Al practitioners’ focus on accuracy (Schwartz et al., 2019). The pursuit
of accuracy beyond the cognitive requirements of the task, referred to as gratuitous generalization
capability, is harmful to the environment (Spelda & Stritecky, 2020). For example, in automatic speech
recognition, Gondi & Pratap (2021) found that while accuracy (word error rate) improves linearly, energy
consumption increases exponentially. Similarly, Parcollet & Ravanelli (2021) showed that minor
performance gains come at a substantial carbon cost: a state-of-the-art transformer model was observed to
release half of the total CO, emitted during training just to achieve a 0.3 reduction in word error rate.

Hence, there is a trade-off between energy efficiency and predictive performance. Castellanos-Nieves &
Garcia-Forte (2023) observed a significant disparity in energy consumption and Carbon Dioxide Equivalent
(COze) emissions between complex and simpler models. Complex Models such as Gradient Boosting,
Random Forest, and Support Vector Machines (SVMs) exhibit high Accuracy and F1 scores, but this is
associated with higher energy consumption and COe emissions as compared to simpler models such as
Decision Trees, Naive Bayes, and Linear SVMs.

Complex models deliver higher predictive performance but also use more energy and emit more carbon
dioxide equivalents. On the other hand, simpler models are more energy-efficient and emit lower levels of
carbon, but have shown reduced predictive performance. However, Brownlee et al. (2021) demonstrated
that the consumption of energy during training and inference can be significantly reduced at the cost of a
minimal loss in accuracy. They also discovered that structural as well as non-structural parameters play a
crucial role in the trade-off between predictive performance and energy consumption. Structural parameter
like the size of hidden layers is key influencing factor.

3.3.2 Choose a Simpler Model

Comparing the carbon footprint of various models/algorithms alongside accuracy can help practitioners
make informed decisions. Taddeo et al. (2021) recommend informing users about the environmental costs
of Al models available in popular libraries and platforms, such as PyTorch, TensorFlow, and Hugging Face,
by assessing and publishing their carbon footprints. Similarly, Henderson et al. (2020) recommend
considering the trade-offs between energy consumption and performance before deploying energy-
intensive models.

e Zhou et al. (2020) introduce HULK, a multi-task energy-efficiency benchmarking platform that evaluates
the energy efficiency of pretrained NLP models by accounting for time and cost during both training and
inference.

e Given the non-linear relationship between energy and performance, Hanafy et al. (2021) introduce a
recommendation algorithm that can help practitioners select the best deep learning model that adheres to
specific energy budget constraints while optimizing for both accuracy and energy efficiency. Cao et al.
(2021) developed Interpretable Energy Prediction for Transformers (IrEne), a tool that predicts inference
energy consumption for a diverse array of transformer-based NLP models. It can be used to evaluate
different architectural options. In cases where accuracy is paramount for NLP tasks, Ang et al. (2022)
found that enlarging the model size increases its energy efficiency as compared to extending the sequence
length for summarization tasks.

o A Green Al model selection strategy is proposed by Ezenkwu et al. (2023), which utilizes a multi-criteria
decision technique and includes computational time as a factor to identify the optimal model for final
deployment.

In situations where comparison of models is not feasible, one must choose a simple model, as suggested by
the literature.
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e Kshirsagar et al. (2021) implemented You Only Look Once (YOLO) v3, Faster-Region based
Convolutional Neural Network (F-RCNN), and Mask-Region based Convolutional Neural Network
(Mask RCNN) for vehicle detection and found YOLOV3 to be most energy-efficient amongst them.

e Ang et al. (2022) observed that for question-answering tasks, smaller models achieve higher efficiency
and accuracy as they allow for larger training batch sizes within a set resource budget.

o Naser (2023) suggests that a reduction in carbon emissions and energy consumption ranging from 23%
to 99% can be achieved by using simpler machine learning models instead of more complex ones while
still preserving a similar level of accuracy. Similar observations were made by Yu et al. (2022) for clinical
laboratory data sets, on which XGBoost algorithm achieved 16%-24% lower power consumption levels
as compared to a five-hidden-layer NN.

3.3.3 Efficient Design Choices

Deep Neural Networks (DNNs) are usually compared with the human brain, but the current Al systems are
less efficient than the human brain, which operates on just 20 Watts due to differences in processing
architectures and computational paradigms (Rajendran, 2023). Optimal performance in DNNs is achieved
with architectures that include millions of parameters, which require high computational resources for
training (Barlaud & Guyard, 2020).

Sze et al. (2017) provide a survey on recent work on enabling efficient processing of DNNs. According to
them, efficient DNN processing involves a combination of computational transforms, dataflow
optimizations, and leveraging advanced hardware capabilities to achieve significant improvements in both
throughput and energy efficiency. Strubell et al. (2019) quantify the approximate financial and
environmental costs of training a neural network model for NLP tasks with various successful algorithms
and finds that large neural network models are not only financially costly (due to the cost of hardware and
electricity) but also environmentally costly (due to the carbon footprint of hardware) to develop.

Gong et al. (2019) suggest Neural Architecture Search (NAS) and model quantization as two primary
methods for developing compact and energy-efficient DNNs. NAS automates the creation of neural
network structures to optimize both accuracy and energy efficiency, whereas model quantization uses
arithmetic and low-precision representations to balance efficiency with accuracy.

Ikhlasse et al. (2022) offer a comprehensive overview of implementation actions at the hardware, hardware-
algorithm, algorithm, and data levels that should be taken to develop energy-efficient DNNs. At the
algorithm level, it highlights: 1) techniques for reducing computational complexity, and 2) methods for
model size compression and pruning.

The following are additional model training design choices, which influence the environmental
sustainability of the AI-ML development lifecycle.

Framework: Empirical studies by Georgiou et al. (2022) show a statistically significant difference in the
costs associated with the two deep learning frameworks: TensorFlow and PyTorch. It is observed that
TensorFlow generally shows better energy and runtime efficiency during the training phase, especially for
models in recommender systems and computer vision tasks. However, PyTorch performs better in the
inference phase, particularly for NLP tasks. Yao et al. (2021) found Nvidia TensorRT be 1.53 times more
energy-efficient than TensorFlow.

Coding Language: Python implementations consume more energy than C implementations (Ferro et al.,
2023).
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Batch size: Li et al. (2016a) suggest that an increase in the batch size can lead to a reduction in the
consumption of energy per image, and this may continue till the hardware utilization saturates.

Optimizer: Hodak & Dholakia (2021) highlighted that the algorithmic improvements, such as the use of
LARS (Layer-wise Adaptive Rate Scaling) optimizer instead of SGD (Stochastic Gradient Descent) with
Momentum, significantly reduced the number of epochs required for Al training and helped in attaining
faster training times by reducing the computational workload almost by half.

Cloud training: Geographic location is crucial for ML workload scheduling because the proportion of
carbon-free energy and the resulting COe emissions can vary by approximately 5 to 10 times, even within
the same country and organization (Patterson et al., 2021). Dodge et al. (2022) suggests strategies to
minimize emissions on cloud platforms, such as choosing servers from regions with lower carbon intensity,
timing operations when carbon output is reduced, and temporarily shutting down instances during peak
carbon intensity periods. They advocate transparency in reporting carbon emissions and highlight how
strategic timing and location of server operations can greatly reduce the environmental impact of cloud-
based Al Carbon emissions vary significantly across different regions, and the thoughtful selection of
server location can profoundly influence the overall carbon footprint of Al operations.

3.3.4 Efficient Neural Architecture Search
Efficient NAS has the potential to reduce GHG emissions of Al systems (Rizvee et al., 2023). By
simplifying the layers of a neural network, the energy consumption of a deep learning pipeline can be

reduced. Reducing network complexity can cut the overall energy consumption of training by half (Yarally
et al., 2023).

DeLight, an automated framework, introduces energy as a design parameter in DNN training and execution,
utilizing energy characterization to optimize network size according to physical resources. It demonstrates
up to 100-fold energy improvement in various benchmarks compared to prior Deep Learning (DL) solutions
(Rouhani et al., 2016). Research has shown that architecture search can help reduce energy consumption.

e Ayinala & Parhi (2013) represents a low-energy architecture for SVMs based on approximate computing,
which, on average, consumes 31% less energy than conventional designs.

o While optimizing DNNss for practical applications, Canziani et al. (2016) built E-Net (Efficient-Network),
which demonstrates superior parameter utilization compared to models like AlexNet (13x) and VGG
(24x).

e To balance computational and memory efficiency with accuracy, Hasanpour et al. (2016) introduced
SimpleNet. SimpleNet outperforms complex models such as VGGNet, ResNet, and GoogleNet on
various well-known benchmarks, achieving this with 2 to 25 times fewer parameters and operations.

o Elsken et al. (2018) developed LEMONADE, an evolutionary algorithm designed for multi-objective
architecture search, to search neural architectures which optimize both predictive performance and
resource consumption. It approximates the entire Pareto front of architectures considering multiple
objectives.

o Energy-aware Neural Architecture Optimization takes into account the energy cost of splitting different
neurons and finds energy-efficient network architectures. Empirical tests show improved accuracy and
energy efficiency compared to baseline methods and existing architectures (Wang et al., 2019).

e Zhang et al. (2017) developed a highly computation-efficient convolutional neural networks (CNNs)
architecture, ShuffleNet, that achieves approximately thirteen times the speedup of AlexNet while
maintaining similar accuracy levels.
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e Liu et al. (2018) propose a method for discovering the structure of CNNs using a sequential model-based
optimization (SMBO) strategy. This approach involves searching for structures in increasing order of
complexity, while concurrently developing a surrogate model to guide the exploration of the structure
space.

e Gong et al. (2019) introduced a novel methodology that combines NAS and quantization for end-to-end
joint optimization. This method aims to find the best combinations of architectures and bit-widths to
improve the accuracy of prediction and reduce the consumption of hardware energy, resulting in greater
energy efficiency than current advanced quantization techniques and efficiency-aware NAS methods.

e Thompson et al. (2021) recommend finding high-performing small deep learning architectures using NAS
and meta-learning.

e Fu et al. (2021) reveal that the cumulative CO; emissions from the widespread use of popular computer
vision models like ResNet are substantial. Stamoulis et al. (2018) suggest that CNN architecture can be
treated as hyper-parameters while optimizing for energy, accuracy, and communication demands of
mobile devices. They show how to use Bayesian optimization to significantly enhance efficiency and
reduce energy usage for mobile image classification by up to six times compared to existing best methods.
Cacciatore et al. (2022) indicate that it is feasible to develop cost-efficient and high-performing CNNs. It
examines three CNNs used for clinical applications; the two most effective networks demonstrate
comparable accuracy, but the one designed according to Green Al principles requires only half the
Floating-Point Operations of the other.

Pruning and compression are two primary techniques used to make models smaller, faster, and more energy-
efficient without significantly sacrificing accuracy. The following section details both the techniques and
methods for reducing computation complexity.

Pruning

Liu et al. (2017) introduce network slimming, a method that automatically identifies and prunes
insignificant channels during training, resulting in a more compact and efficient network. It takes as input
wide and deep network models and outputs thin and compact models with comparable accuracy, which are
smaller, have a lower memory footprint, and incur lower computational cost; effectiveness has been
demonstrated on models such as VGGNet, ResNet, and DenseNet.

Yang et al. (2016) developed an energy-aware pruning algorithm for CNNs. It reduces AlexNet's energy
consumption by 3.7 times and GooglLeNet's by 1.6 times, while maintaining a top-5 accuracy loss of less
than 1%. Li et al. (2016b) found that inference costs for VGG-16 can be reduced by up to 34% and for
ResNet-110 by up to 38% on CIFAR10 by using pruning filters with a small impact on the output accuracy.
Lin et al. (2019) present Structured Sparsity Regularization (SSR), a filter pruning technique that integrates
two different structured sparsity regularizers into the original objective function to facilitate adaptive filter
pruning. It is shown to achieve 2.1x CPU speedup and 1.6x CPU speedup of AlexNet and GoogLeNet on
ImageNet.

Jeon & Kim (2018) demonstrate that traditional convolution operations can be broken down into simpler
shift operations and pointwise convolutions. They introduce the Active Shift Layer (ASL), a shift operation
that treats the shift amount as a learnable function defined by shift parameters. This method efficiently
manages diverse convolutions, improving network accuracy while reducing network parameters and
inference time.

Han et al. (2017) reduced the Long Short-Term Memory (LSTM) model size by 20x by using a load-
balance-aware pruning method with negligible impact on prediction accuracy. This compression is achieved
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through a combination of pruning and quantization: a 10-fold reduction via pruning and an additional 2-
fold reduction through quantization. Jiang et al. (2019) propose a log-sum minimization method for pruning
a trained network layer by layer, which enhances the compression ratio of the network while maintaining
its prediction accuracy.

Compression
Jaaskeldinen et al. (2022) suggest that there is a need to move away from the "bigger is better" mindset and
to adopt more sustainable approaches. Some of the compression methods detailed in research are:

e One of the methods proposed to deal with the issue of high computational resources is proximal
regularization methods (Barlaud & Guyard, 2020). Proximal regularization methods are time-consuming;
to overcome this issue, Barlaud & Guyard (2020) introduce a constrained methodology and a general
framework for the projection gradient approach. Testing on datasets demonstrates that this projection
technique, employing the newly developed L (1,1) structured constraint, significantly reduces both
memory usage and computational demand. Experimental results by Gille et al. (2023) also prove that
memory and computational costs were notably reduced, while maintaining performance comparable to
that of dense networks, with L (1,1) constraint.

e He et al. (2018) introduced AutoML for Model Compression (AMC), which uses reinforcement learning
to automate the process of compression and achieves better compression than manual methods. Testing
results show that AMC improved the compression ratio for ResNet-50 from 3.4x to 5% without accuracy
loss.

e Zhang et al. (2018) proposed a procedure to simplify the structure that removes unnecessary neurons in
any DNN layer based on the trained weights. The configurations generated by this process are Pareto-
optimal in terms of energy consumption and accuracy. It reduces the cost by up to 33X in energy and
12X in memory with negligible loss in performance (accuracy). Bateni et al. (2019) introduce PredJoule,
a framework that optimizes energy efficiency for DNN workloads on GPU-enabled automotive systems
by employing a layer-based approach to manage timing and exploit each layer's unique characteristics.
Experimental results confirm that PredJoule significantly enhances energy efficiency while maintaining
predictable timing without missing deadlines.

e Thompson et al. (2021) recommend to reduce the complexity of computation by using Network
Compression and Acceleration. Distillation is one of the techniques of network compression, which aims
to transfer knowledge from a larger model to a smaller one. Teacher-student distillation was used by
Anderson & Gomez-Rodriguez (2020) to enhance the efficiency of a dependency parser. When the model
was distilled down to 20% of its original trainable parameters, the parser was found to be 1.19 times faster
at inference time than the baseline model. Jooste et al. (2022) also demonstrated that sequence-level
knowledge distillation can be employed to decrease model size and training duration while maintaining
performance with minimal loss.

e Convolutional layers are the most resource-intensive in terms of computation (Yarally et al., 2023).
Hence, the optimization of energy consumption in CNNs should begin with convolution layers. These
layers consume 87% of the total energy, followed by fully connected layers that consume 10% of energy
and then by pooling and ReL U layers, which consume 5% of energy (Li et al., 2016a). Zhou et al. (2016)
show that the number of neurons can be reduced by adding sparse constraints into the objective function,
which results in a smaller number of parameters and a lower memory footprint. Their experiment resulted
in a CNN with only 30% of the original neurons without any effect on the top-1 classification accuracy.
Alvarez & Salzmann (2016) introduced a method for a deep network that automatically determines the
right number of neurons in each layer during training. This method maintains or even enhances the
accuracy of the network by reducing the number of parameters by up to 80%.
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o In federated learning, Xia et al. (2024) propose model compression to create sparse models with regular
structures, significantly reducing the requirements for communication, storage, and computational
resources. Kim et al. (2022) introduced a quantized federated learning framework capable of reducing
energy consumption by as much as 53% when compared to a traditional federated learning model.

Reduce computation complexity

Multiply-Accumulate (MAC) operations are known to be a source of energy consumption in DNNs. Spiking
Neural Networks (SNNs) are an alternative to DNNs, which showcase significant efficiency improvements
through the replacement of MAC operations with simpler addition operations (Garcia-Vico & Herrera,
2021). Further, Sorbaro et al. (2020) demonstrate that combining Synaptic Operations (SynOps) loss term
and quantization-aware training effectively reduces energy consumption in SNNs with minimal impact on
accuracy.

While building the model, DTs consume computation power for checking for optimum splits (Garcia-
Martin et al., 2021). Ferro et al. (2023) also found calculating node impurity to be the most energy-
consuming function, and hence due to the presence of complex impurity calculation, classification tasks
generally are more energy-consuming than regression. Ensemble models, such as Random Forest and
XGBoost, also show significant energy consumption in ensemble processes (Ferro et al., 2023).

Garcia-Martin et al. (2021) proposed an energy-efficiency focused Very Fast Decision Trees (VFDT) with
nmin adaptation method. With this method, the energy consumption of the VFDT algorithm is reduced
with only a minor effect on accuracy. nmin adaptation speeds up the model’s development in branches
where split confidence is higher and delays on splits where confidence is lower. This method reduces the
high computations involved in split checks while maintaining similar accuracy. In the case of VFDT,
Garcia-Martin et al. (2017) identify that the labeling phase, especially with the Naive Bayes Adaptive
(NBA) setting, is highly energy-intensive and by tuning parameters such as nmin (number of instances
observed before splitting), T (tie threshold), and 6 (confidence level for splits), the consumption of energy
can be reduced by up to 74.3%. Ferro et al. (2023) conclude that optimizing the parameters of decision tree
algorithms can lead to substantial energy savings with only a minor impact on accuracy.

3.3.5 Efficient Hyperparameter Tuning

De Chavannes et al. (2021) examine how hyperparameters affect power consumption and model quality
during the training of transformer language models. They suggest that multiple hyperparameters, such as
the number of layers, attention heads, positional encodings, activation functions, dropout probabilities, and
hidden layer sizes, directly affect the model's power consumption. The number of hidden layers, a high
amount of attention heads, and the hidden layer size strongly impact the increase in energy consumption.
Adding another piece of evidence, Gutiérrez et al. (2022) showed that the choice of solver in Logistic
regression has an impact on energy consumption. LBFGS consumed 961.36 W/s whereas Newton-CG
consumed 2,761.71 W/s (~3x) without major impact on accuracy.

Strubell et al. (2019) suggest that training time and sensitivity to hyperparameters of the algorithms should
be reported, and computationally efficient algorithms and hardware should be prioritized. The efficiency of
models involves a trade-off between accuracy, time to solution, and energy consumption (Y okoyama et al.,
2022). They present an architecture optimization and hyperparameter optimization methodology
implemented through Genetic Algorithms (GA). Other approaches to lessen energy usage in
hyperparameter optimization include:
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e Bergstra & Bengio (2012) proved that Random search can yield models of equal or greater quality with
a substantially reduced computational demand as compared to grid search. Adding further, Yarally et al.
(2023) showed that Bayesian optimization is the most energy-efficient hyperparameter optimization
strategy amongst Bayesian optimization, random optimization, and grid search.

o The utilization of different information sources is seen as an important strategy to reduce computational
time and energy consumed in hyperparameter optimization. (Candelieri et al., 2021).

o Candelieri et al. (2021) extended the Gaussian Process framework for HPO and proposed AGP-MISO -
an Augmented Gaussian Process method exploiting multiple information sources, which solved HPO task
with significantly lesser computation time and hence lesser energy usage.

e Chowdhury et al. (2022) present a novel Greedy Hyperparameter Optimization (GHO) algorithm, which
adjusts each hyperparameter individually while holding the others constant. This approach aims to find a
locally optimal solution that is likely close to the global optimum. The results show that GHO is more
than 3 times more energy-efficient and twice as fast as Bayesian Optimization (BO) and Random Search
(RS).

3.4 Stage 4: Evaluation

Strubell et al. (2019) quantify the approximate financial and environmental costs involved in training neural
network models for NLP tasks with different successful algorithms. A similar analysis is required when
evaluating models. Models should not be evaluated solely on accuracy, but also on their energy
consumption.

A significant rift exists between the research on sustainable Al and its implementation in industry. One of
the reasons is the lack of clear metrics or methods that quantify the "green" in the lifecycle of Al-based
systems (Sikand et al., 2023). Farber & Lamprecht, (2022) developed a Green Al ontology for modelling
the energy consumption of Al models. The ontology models not only metrics and tools, but also software
settings and hardware settings.

Garcia-Martin et al. (2019) provide a survey of methods that estimate the consumption of energy by
machine learning (ML) solutions. It provides an overview of state-of-the-art methods for estimating power
and consumption of energy, along with recommendations of a method to be used for specific scenarios
based on goal, dataset and type of learning related to the ML solution. The "greenness" of Al is often
equated with the energy consumption of the system, though estimating this energy use is difficult. Garcia-
Martin et al. (2019) tackle the challenge of estimating energy consumption by reviewing major approaches
from computer architecture and adapting these methods for use in machine learning applications.

3.4.1 Define Sustainability-Focused Evaluation Metrics

o Schwartz et al. (2019) propose that efficiency should be considered an important Model valuation metric,
in addition to accuracy and other related metrics. Verdecchia et al. (2022) also suggests that energy
metrics are essential for choosing the most suitable model for a machine learning project.

e Dalgren & Lundeg (2019) proposed five efficiency metrics - Model Size Efficiency, Inference Time
Efficiency, Inference Energy Efficiency, Training Time Efficiency and Training Energy Efficiency, for
evaluating machine learning algorithms based on energy consumption, time, and model size in relation
to the accuracy of the model.

e Lenherr et al. (2021) define "Recognition Efficiency" (RE) metric to comprehensively evaluate accuracy,
complexity, and energy consumption and "Training efficiency" to calculate the effectiveness of a deep
learning model in using computational and energy resources during the training phase.
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e Jurj et al. (2020) introduce four metrics for deep learning: Accuracy Per Consumption (APC) and
Accuracy Per Energy Cost (APEC) for inference, and Time To Closest APC (TTCAPC) and Time To
Closest APEC (TTCAPEC) for training. These metrics evaluate the model's accuracy while accounting
for energy consumption, energy cost, and the time required to achieve the specified training level.

o Sikand et al. (2023) introduce the Green Al quotient, a new metric and a methodology, based on energy-
efficient Al research and practices to evaluate the "greenness" of any Al-based system and its
development process.

3.4.2 Use Tools to Measure Sustainability Impact

Ikhlasse et al. (2022) provide a comprehensive overview of energy and power measurement tools used
across various fields of advanced computing architecture, including hardware, software, interfaces and
simulators. Bannour et al. (2021) review tools that quantify energy consumption and CO, emissions in NLP
techniques. It describes the capabilities of each measurement tool and assesses the performance of six
tools—Carbon Tracker (CT), Experiment-Impact Tracker (EIT), Green Algorithms, ML CO; Impact,
Energy Usage, and Cumulator (CMLTRs)—in named-entity recognition experiments conducted on diverse
computational platforms. Similarly, Bouza et al. (2023) provides an in-depth comparison of the capabilities,
technical requirements, and accuracy of seven tools—Green Algorithms, Code Carbon (CC), Eco2Al (E2),
CT, EIT, ML CO,, and CMLTRs—for measuring the carbon emissions and energy consumption of deep
learning models during training.

Software-based energy estimates frequently show significant deviations from hardware power
measurements, with an average discrepancy of 20%. Such discrepancies can result in wrong decisions
regarding model optimization and deployment. Additionally, the accuracy of energy measurements varies
with different hardware configurations, indicating that a universal approach to energy measurement is not
sufficient. The research emphasizes the necessity for more precise models to estimate energy that takes into
consideration hardware variations and the complex interplay between power consumption and resource
usage (Cao et al., 2020).

Choosing the right tool for energy estimation is important, as significant variability was observed among
the tools in terms of energy consumption estimates due to differences in measurement focus (process vs.
machine), idle power consumption accounting, and usage factors (Bouza et al., 2023). Depending on the
context, the following are tools that can be used for energy estimation.

e Yang et al. (2017) developed an online tool (available at energyestimation.mit.edu) to estimate energy
consumption layer-by-layer in a DNN, taking into account the shape configuration, bit widths, and values
of filter weights and activations. The total energy consumption of the network is the sum of the energy
used by each layer.

e Henderson et al. (2020) introduced EIT, a tool that simplifies the consistent reporting and tracking of
energy, computing, and emission metrics related to algorithms. They also created a leaderboard of
reinforcement learning algorithms that are energy efficient to encourage research on energy-efficient
methods.

o The Java Energy Profiler and Optimizer (JEPO) is designed for the Java programming language and helps
profile and optimize machine learning source code by automatically measuring energy consumption at
the method level. It provides energy-efficient recommendations for handling data types, strings,
operators, exceptions, objects, control statements and arrays in Java. When this technique is used to
optimize WEKA, the machine learning software, it has shown up to improve energy consumption by
14.46% with only 0.48% drop in accuracy (Kumar et al., 2020).
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e Carbon tracker, developed by Anthony et al. (2020), is a tool that monitors and forecasts the energy usage
and carbon footprint of training deep learning models, helping practitioners become more conscious of
their environmental impact.

e Machine Learning Emissions Calculator estimates the carbon impact of ML, considering factors like the
type of energy used, cloud provider, hardware, and training time (Luccioni et al., 2020).

e Lannelongue et al. (2021) developed an online tool named Green Algorithms, designed to help
practitioners estimate and report the carbon footprint of their computational processes.

e EnergyVis, a dynamic tool, has been developed to track the energy usage of ML models. It provides
multiple coordinated views, allowing practitioners to interactively monitor, view, and compare the energy
consumption and carbon footprint metrics (in kWh and CO,) of their models. Additionally, EnergyVis
enables users to explore various hardware options and deployment locations that could potentially reduce
their carbon footprints (Shaikh et al., 2021).

e Eco2Al, an open-source Python library, calculates energy consumption by monitoring GPU, CPU, and
RAM usage during model training and differentiates itself by focusing on precise regional emissions
accounting and process-specific energy consumption (Budennyy et al., 2022).

3.5 Stage 5: Deployment: Deploy Right Strategies for Containerization

Yosuf et al. (2021) emphasize that deploying services near data sources using fog computing can
significantly decrease both latency and power consumption as compared to deployment in remote cloud
data centers. They demonstrate a mixed integer linear programming model to search for the deployment
location of DNN inference models in a Cloud Fog Network (CFN) setup. This model enhances energy
efficiency by effectively balancing the trade-offs between networking power consumption and processing.

Hampau et al. (2022) analyze the effect of three different strategies for containerization of Al —ONNX
Runtime, WebAssembly, and Docker—on CPU usage, time to execute, energy consumption, and memory
usage for computer-vision tasks on edge devices. They determine that ONNX Runtime, when used
independently of Docker, has the most energy consumption and execution time efficiency.

3.6 Stage 6: Inference, Monitoring and Maintenance: Energy-efficient AI Inference System
Patterson et al. (2021) demonstrated that, in large-scale production ML deployments, it is essential to
minimize total emissions from both the training and inference stages, instead of concentrating only on the
training stage.

Wu et al. (2022) observed that the distribution of power capacity, at Meta, for Al infrastructures across the
three primary phases, namely experimentation, training, and inference, is approximately 10:20:70,
respectively, highlighting that inference consumes significantly high power.

Yarally et al. (2023) analyzed how batching of input affects the consumption of energy and response times
of five fully trained, most recent neural networks for computer vision. They discovered that larger batch
sizes generally improve energy efficiency across networks, though the ideal batch size differs for each
network.

An energy-efficient edge Al inference system was created by Yang et al. (2020) through the combination
of inference task selection and transmit beamforming vector optimization. This approach aims to reduce
both computation power consumption and downlink transmission power consumption. Hashemi et al.
(2017) examined different bit precisions in neural networks, with floating-point and fixed-point and powers
of binary and two. They found that precision quantization can substantially reduce both memory footprint
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and energy consumption. Using mixed precision (FP16 and INT8) significantly improves energy efficiency
(3.36 times on average) with only a minimal reduction in accuracy (0.1%) (Yao et al., 2021).

Gondi & Pratap (2021) showed that mobile optimization and quantization techniques of PyTorch can reduce
the model size and computational requirements of transformer-based ASR (Automatic Speech Recognition)
systems on edge devices, while maintaining accuracy levels similar to those of server-based inference.
When optimized using the TensorFlow Lite platform, deep architectures consume significantly fewer
resources, including CPU, memory, and energy, compared to their original models (Bursa et al., 2022).

AutoScale is an adaptive, lightweight execution-scaling engine for edge-based deep learning inference,
powered by a custom reinforcement learning algorithm. It dynamically determines the most energy-efficient
inference target by evaluating neural network characteristics and available systems in a collaborative cloud-
edge environment and adjusts to runtime changes. AutoScale achieves an average energy efficiency
improvement of 9.8x over baseline mobile CPUs and 1.6x over cloud offloading, while maintaining real-
time performance and accuracy standards (Kim & Wu, 2020).

In sum, the results detailed in this section demonstrate that various strategies yield quantifiable reductions
in Al's total environmental footprint. These findings reinforce the need to embed sustainability into the Al-
ML development lifecycle. The following section synthesizes these insights into a conclusion and
recommendations for future research.

4. Conclusion

This study proposes a CRISP-ML(QS) framework to embed sustainable practices into the AI-ML
development lifecycle. Sustainability assurance is woven into every stage of the model development
lifecycle. Paper highlights research as evidence to the fact that significant improvements can be made to
energy consumption of an Al system by utilizing smaller datasets, optimal number of features, algorithms
with low energy profiles, efficient neural architecture search, pruning, compression and making efficient
model design choices such as modelling frameworks, coding language, batch size, optimizers, training
location. Energy-aware hyperparameter tuning, deployment and inference of models also contribute to the
reduction in the environmental impact of Al

The framework currently focuses only on the direct environmental impacts of the Al development lifecycle,
leading to an underestimation of the true environmental impact of Al services. Emissions originating from
the production and end-of-life stages are either overlooked or incompletely considered (Bannour et al.,
2021). As part of future research, researchers should adopt Life Cycle Assessment (LCA) to evaluate the
full scope of an Al service's environmental impact to encompass the entire lifecycle of a service, from
production through use to disposal (Ligozat et al., 2022).

The framework is also limited to the environmental dimension and excludes the broader Social and
Governance dimensions of the ESG framework. Consequently, the scope of future research involves
operationalizing these omitted pillars to develop a multi-dimensional perspective. Such an approach will
enable a holistic and comprehensive paradigm for sustainable Al development.
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