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Abstract
Purpose – This study aims to develop a framework to analyze the energy consumption of machine learning 
(ML) services. It enables a process-oriented understanding of the environmental impacts and identifies 
actionable levers for their mitigation. Indeed, ML services are increasingly integrated into organizational 
processes generating rising energy demand and environmental impact, highlighting the need for solutions to 
assess these issues. 
Design/methodology/approach – Using a design sience research approach, first an initial framework 
drawing on Cross Industry Standard Process for Data Mining (CRISP-DM) was developed through a targeted 
literature review, and observations of different recommender systems. Then, a two-step assessment (pre- 
assessment and expert evaluation involving academic and practitioner stakeholders) was conducted. Insights 
from these evaluations enriched the final framework proposal. 
Findings – This research reveals that along the CRISP-DM process different factors impact energy 
consumption and must be considered. Three different phases and related energy relevant aspects were named. 
The evaluation of the framework as an artifact underlines its statement and value for research and practice. 
Research limitations/implications – The framework provides a holistic overview of relevant factors that 
must be considered in the context of energy consumption of ML-based artificial intelligence (AI) services. 
Limitations can be found in the neglected model accuracy, the selected sources and the applied research 
approach itself. 
Practical implications – The developed framework can be used by practitioners to understand and evaluate 
important factors of the energy demand that should be considered before and when building a ML-based AI 
service in practice. 
Originality/value – This paper develops and presents a framework for the environmental impact of AI, 
focusing on ML approaches. The framework provides a holistic view of energy consumption in ML services 
based on the previous literature and recommender systems. In addition, it is process-based and enables its 
usage at different milestones within a project. 
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1. Introduction
Artificial intelligence (AI) represents a transformative solution that is reshaping services 
throughout its potential to enhance decision-making and operational efficiency (Mustafa 
et al., 2025; Di Vaio et al., 2020; Oppioli et al., 2023; Nishant et al., 2020; Singh et al., 2024) 
and simulate human intelligence and autonomously perform complex tasks (Hoehndorf and 
Queralt-Rosinach, 2017; Moloi and Obeid, 2024). In particular, the AI integration into 
service ecosystems is completely reconfiguring service innovation, acting as a key driver of 
economic growth over the coming years (Akter et al., 2023; Huang and Rust, 2018).

This transformation unfolds within the broader context of the twin transition, described 
by the European Union (2022) as the simultaneous pursuit, digital and ecological 
transformations. Tabares et al. (2025, p. 4) attempted to define twin transition as “two 
parallel and mutually reinforcing digital and green transitions, which amplify each other 
leading to sustainable competitiveness for firms.” Accordingly, institutional, economic and 
social actors are striving to advance along this dual and integrated trajectory.

However, emerging inconsistencies warrant closer examination. Digital transition 
presents a dual nature: while it can act as a catalyst for sustainability by enabling the 
implementation of innovative solutions, it may also become a source of environmental 
pressure when generating uncontrolled impacts (Dörr, 2022).

AI and conjunct approaches like machine learning (ML) are driving unprecedented 
innovation and efficiency across sectors and organizations. AI-based services, such as 
automatic forecast services (IBM, 2024) or generative AI solutions (IBM, 2026; Sigala et al., 
2024), are gaining more importance for organizations every day (Yee et al., 2024). 
Applications like ChatGPT, Gemini or Copilot enable users to generate text and retrieve 
information in natural language (IBM, 2026). Midjourney generates pictures based on 
keywords (prompts) transforming business and services (Sigala et al., 2024). These systems 
provide intuitive and comfortable handling and subsequently, fostering their usage in 
practice through their intrinsic value. It is not surprising that most sectors are affected, and an 
almost endless list can be enumerated starting from marketing (Davenport et al., 2020; 
Kumar et al., 2026) and production (Fragapane et al., 2022) up to medicine (Briganti and Le 
Moine, 2020), education (Holmes and Tuomi, 2022) and services more broadly. Huang and 
Rust (2021, p. 31) argued that AI can also support customer engagement across multiple 
service levels and along the various stages of the service process. Similarly, in the service 
quality field, traditional process efficiency approaches (i.e. Lean Six Sigma, Kaizen) based 
on continuous improvement methodologies are enhanced through the integration of AI- 
powered approaches including predictive modeling (Bukhari and Akhtar, 2024) and data 
analytics (Carneiro et al., 2026). This evolution has contributed to the development of the 
Quality 4.0 paradigm (Broday, 2022) and facilitated the emergence of smart continuous 
improvement practices (Hossain and Dhanekula, 2023). These are only examples 
highlighting the importance of AI and adjunct ML-based approaches within the service 
domain and for AI as a service itself.

Despite the well-established economic benefits of AI in terms of efficiency and 
competitiveness, its environmental implications remain largely underexplored (Wang et al., 
2024; Keller et al., 2024). This reveals a significant research gap that appears particularly 
critical in the context of the twin transition, where the ecological transition should also be 
taken into considerations. For AI to be used effectively and in line with this concept − 
generating economic benefits while also meeting sustainability goals − it is necessary to 
establish a clear, evidence-based understanding of how this can be achieved. Thus, the 
adverse environmental impacts associated with AI services and overlooked ecological costs 
are particularly interesting. Yet, their rapid expansion entails significant ecological costs and 
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risks (i.e. energy consumption, electronic waste generation, water consumption, carbon 
footprint, etc.) that remain largely overlooked (Zhuk, 2023; Kaack et al., 2022; Keller et al., 
2024). Most existing studies predominantly focus on the positive dimensions and neglect the 
environmental trade-offs associated with widespread adoption.

To address this gap, the present study adopts a design science research method (Hevner 
et al., 2004; Peffers et al., 2007) to develop a framework aimed to support a more 
comprehensive evaluation and mitigation of the environmental impacts associated with AI. 
The proposed framework is intended to support the evaluation of AI applications at various 
stages of a project, while ensuring alignment with the twin transition requirements. 
Accordingly, the paper investigates the following research question:

RQ1. What aspects should be considered in a framework for evaluating the 
environmental impact of ML-based AI services based on energy consumption?

The proposed framework provides two relevant implications for service research by 
contributing to the understanding of AI as a service and providing insights for conjunct and 
subsequential services along typical projects. The paper is structured as follows. First, the 
paper outlines the relevant background, including the role of AI in the twin transition and 
presenting key considerations on ML energy consumption. The research focus lies on ML as a 
key segment of AI, drawing on insights from prior literature and leveraging established tools 
such as HollerithEnergyML (Zanger et al., 2024), Green Algorithm Calculator (Lannelongue 
et al., 2021) and ML CO2 Calculator (Lacoste et al., 2019). After, the research method is 
described, and the findings are presented. Following a standard process in ML projects 
(CRISP-DM), the results are linked to the associated process steps. The framework is then 
demonstrated within a service management conference (QUIS19) and evaluated afterward 
with leading experts. Finally, the paper concludes with a discussion and implications.

2. Background
2.1 The ambivalent role of AI in the twin transition
As recognized by several authors (e.g. Hammerschmidt et al., 2025; Tabares et al., 2025; 
Christmann et al., 2024), the twin transition (or twin transformation) consist in the integrated 
and synergetic implementation of digital and ecological (and/or sustainability) transitions. 
Some authors note that it can be viewed as the adoption of digital technologies, including AI, 
to achieve sustainable and circular economy outcomes (Bianchini et al., 2023; Tabares et al., 
2025). Similarly, Christmann et al. (2024, p. 490) posited that “digital transformation can 
potentially enable insights about sustainability transformation effects, while sustainability 
transformation may guide the design of digital transformation solutions, realizing value in 
new ways.” Nowadays, the twin transition is a focal point of the service domain, where 
services are grounded in digitally enabled resource integration and value co-creation 
processes (Barile et al., 2020) but, at the same time, they are expected to contribute to 
sustainability-oriented outcomes (Guandalini, 2022). From any analytical standpoint, the 
twin transition evidences a synergistic interconnection between the principles and enabling 
tools that underpin the processes and strategic pathways of digitalization and sustainability. 
Following, the main positive and negative aspects are summarized.

Positive aspects: The use of analytical services such as ML services can simultaneously 
generate multiple benefits and challenges for organizations (Keller et al., 2024; Wang et al., 
2024). For example, ML has become a key concept of Industry 4.0 through enabling real-time 
data analysis, predictive maintenance and automated decision-making (Ayvaz and Alpay, 2021; 
Möhring et al., 2022). These capabilities have accelerated digital transformation. They improve 
efficiency, challenge traditional operational models and revolutionize quality management 
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(Malikah et al., 2025; Zonnenshain and Kenett, 2020). In addition, ML services facilitate 
developing strategies and data-driven approaches to reduce greenhouse gas (GHG) emissions 
(Kaack et al., 2022). In line with this argument, several authors highlight a direct relationship 
between the adoption of AI and ML as strategic levers to foster the implementation of circular 
economy models (i.e. Montes-Pineda and Garrido-Yserte, 2024) or specific circular practices 
(i.e. Mohammadian et al., 2025; Tutore et al., 2024; Ronaghi, 2023; Noman et al., 2022; Jose 
et al., 2020; Pagoropoulos et al., 2017). This highlights the potential of these approaches to 
contribute to both economic and ecological values in organizations. Wang et al. (2024) argued 
that AI exerts a relevant influence in advancing the energy transition, followed by its effect in 
reducing the ecological footprint and then, in lowering the carbon emissions. Furthermore, 
considering that the adoption of environmental sustainability practices can generate positive 
spillover effects in terms of social benefits (Zhu and Dolnicar, 2025), it can be argued that 
through AI-based services the digital transition provides tools capable of advancing 
environmental and social outcomes at the same time.

Negative aspects: Besides these positive aspects, ML services can also have a negative 
impact on the environment (Kaack et al., 2022). For instance, even the use of a trained model 
for computer vision or Natural Language Processing (NLP) is highly energy-intensive 
(Desislavov et al., 2023). These negative and unfavorable environmental impacts and 
consequences are widely ignored so far (Keller et al., 2024). For instance, the training and 
use of ML services have a high level of energy consumption (Kaack et al., 2022). Therefore, 
the substantial energy demand of ML models poses significant challenges to environmental 
sustainability, directly affecting SDG 7 (Affordable and clean energy), SDG 12 (Responsible 
consumption and production) and SDG 13 (Climate action). The widespread adoption of AI 
raises concerns about the carbon footprint of ML models and their contribution to climate 
change (Tamburrini, 2022). This is aligned with the environmental digital responsibility as a 
core dimension of corporate digital responsibility, which addresses the ecological impact of 
digital technologies by promoting responsible recycling, to extend equipment life cycles, and 
to adopt ethical energy consumption practices (Oduro et al., 2023). These are critical factors 
that must be taken into consideration when using and assessing the environmental impact of 
AI-based services.

2.2 Energy consumption in machine learning
Through ML, software systems are able to learn during a training phase without explicit and 
detailed programming (Samuel, 1959; Awad and Khanna, 2015). ML services are software- 
based services that enable end users to solve problems using trained ML algorithms (Philipp 
et al., 2020; Yao et al., 2017). Therefore, ML services provide tools that can be used 
immediately without considerations about e.g. detailed computing resources, data 
complexity and handling, model training or deployment (Philipp et al., 2020; Yao et al., 
2017). Typical scenarios in service, for example, include the prediction of repeat purchases 
(Hwang et al., 2020) or the implementation of personal dynamic pricing (Ban and Keskin, 
2021). As a general approach, service automation can be mentioned, where customer value is 
generated through improved support (Heinonen et al., 2020; Broekens et al., 2009). As 
another example, within the more specific area of service research, topic modeling through 
ML can support the research process (Antons and Breidbach, 2018).

The use and the quality (in terms of improved accuracy) of ML models and subsequently 
ML services are increasing steadily, generating a high and rising demand for computational 
power and consequently energy (García-Martín et al., 2018; Eilam et al., 2023). OpenAI 
publicized that their computation effort was increasing exponentially and doubling every 
3.4 months (OpenAI, 2018; García-Martín et al., 2018). The importance of measuring and 
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quantifying this demand is obvious. Thus, it becomes a necessary priority to develop tools that 
help quantify the carbon footprint of ML models and facilitate the transition to a more 
sustainable AI infrastructure (Dhar, 2020). Prior research suggests that the carbon impact of ML 
models should be reported through a Carbon Impact Statement (Henderson et al., 2020). This 
stands in line with the twin transition theory described above. The authors propose a framework 
assessing the ML impact as an experimental tracker. Fischer and colleagues (2023) focused in 
their research on the importance of energy efficiency of ML models. They indicate that ML 
energy labels can be valuable for comparing ML efficiency (Fischer et al., 2022). However, the 
introduction of such labels is challenging, because the measurement and estimation of energy 
consumption here, is not easy (Goel et al., 2012; García-Martín et al., 2018). Insights about how 
to implement this are provided by García-Martín et al. (2018, 2019), who defined in their work 
the basics of energy consumption and recommendations to measure it. Generally, these 
proposed measurements ground on power meters or direct measures at the hardware 
motherboard (García-Martín et al., 2018). But, as commented by the authors themselves, these 
approaches lack on fine granularity. Energy consumption can be measured empirically or 
analytically through simulation (García-Martín et al., 2018). The CO2 emissions resulting from 
this energy consumption can then be calculated (Lacoste et al., 2019; Lannelongue et al., 2021). 
That means, for example, the carbon emission can be calculated by the energy consumption 
itself (e.g. in kWh) multiplied by the carbon intensity (e.g. CO2e/kWh) of the energy grid 
(Henderson et al., 2020). Also, the region has an impact (e.g. Canada and Finland), where low 
carbon intensity results in a lower carbon emission (Henderson et al., 2020). In this way, the 
environmental compatibility of these services can be evaluated. Moreover, further precise 
measures are provided via performance monitor counters (García-Martín et al., 2018). Also, 
using concrete options based on the code level such as Python libraries or software tools (e.g. 
Code Carbon, Nvidia Management Library, Intel RAPL or Power Gadget), enable 
measurements and estimations of energy consumption (Fischer et al., 2022; Zanger et al., 2024; 
Hasan et al., 2025). Moreover, the energy measurement method depends on the data. It is 
important to distinguish whether the model is exclusively trained with a fixed and defined 
historical data set (offline) or online with continuous data (García-Martín et al., 2018). The 
complexity can also increase by the usage of e.g. virtualization, docker or cloud environments 
that might cause issues for concrete energy measurement (Fischer et al., 2022).

Prior research findings in the context of ML consumption are limited. Islam et al. (2023)
investigated the energy consumption of frequently used algorithms. However, energy 
consumption is not solely driven by the algorithms themselves. Other authors already used 
different measurement approaches to assess the energy consumption of ML models (Strubell 
et al., 2019; Mavromatis et al., 2024). They focused on specific tasks (NLP, image 
classification) and investigated the energy consumption in these cases (Strubell et al., 2019; 
Mavromatis et al., 2024). They also provide considerations regarding hardware and 
infrastructure. Other authors like Schwartz et al. (2020) have discussed the topic of green AI 
more through the lens of general resource consumption and efficiency instead of focusing on 
energy in detail. However, to the best of our knowledge, no scientific findings provide a holistic 
and process-based view considering all necessary phases of an analytical services project exist. 
This research tries to fill this gap by developing a framework with more general applicability 
and contributes to prior research by enlarging the insights and recommendations.

3. Research method
To respond to the recognized gap and subsequently to develop a framework, a research 
project according to the design science research method was conducted (Hevner et al., 2004; 
Peffers et al., 2007).
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3.1 Usage of design science research
Choice of method: In general, the underlying idea here is that a given problem can be 
understood, analyzed and solved through the development of an artifact and its specific 
application (Hevner et al., 2004; Peffers et al., 2007). In this context, artifacts are broadly 
defined and can be a construct, model or method, for example Hevner et al. (2004). 
According to Hevner et al. (2004), design science research is useful for creating and 
evaluating IT artifacts (e.g. frameworks) enabling organizations to understand aspects and to 
incorporate relevant information. In literature, the applicability of this research method in 
service is highlighted, too (e.g. Teixeira et al., 2019). The objective was to develop a 
framework to facilitate the understanding of the environmental impact of AI services, 
particularly ML services, based on their energy consumption. This method relies on a 
problem-solving process that aims to develop an artifact and thus, to find a solution to 
a problem through evaluation steps (Hevner et al., 2004). For this reason, this approach is 
particularly suitable in this case, as it combines behavioral and design sciences (Hevner 
et al., 2004).

Implementation of the method: For the conducting of the research, the design science 
research process model proposed by Peffers et al. (2007) was applied. This research agenda 
consists of six sequential and interconnected steps (that means, between the steps, an 
iterative process is possible, too):

(1) problem identification and motivation;
(2) objectives of a solution;
(3) design and development;
(4) demonstration;
(5) evaluation; and
(6) communication.

In accordance with the methodological guidelines, the steps were implemented as follows.
Step (1): Problem identification and motivation is elaborated within the Introduction and 

the Background paragraph. The problem is highlighted and the motivation for the research is 
presented. In line with the defined research question, the main objective of the solution (Step 
2) is that the developed framework can explain the environmental impact of ML services 
based on energy consumption. Furthermore, to ensure the usability of the artifact, the 
framework should be understandable and useful (King and He, 2006; Davis, 1985). Step (3) 
is described in paragraph 4. A literature review was conducted and observations regarding 
the energy consumption of different AI/ML algorithms based on recommender systems were 
integrated. These observations with sample data can show how energy consumption is 
affected by different input variables like sample size and provide additional information for 
the framework. Step (4) and Step (5) are discussed within paragraph 5, where the 
demonstration process at a leading service management conference presentation as well as 
the evaluation process are described, and the framework is adjusted. Step (6), which refers to 
the communication, is done through the paper itself. This communication approach is used 
by Peffers and co-authors (2007), too.

3.2 Literature review
Aiming to prepare the artifacts design and development, a literature review based on the 
central aspects outlined by Webster and Watson (2002) was conducted. Relevant scientifical 
contributions were collected, selected and analyzed. The literature search was conducted 
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using leading scientific databases and search engines like Google Scholar, ScienceDirect and 
considered publications up to the year 2025. Here, citations, relevance to the topic, and/or 
mentions within the papers were taken into consideration. Supplementary paper describing 
theoretical energy optimizations of specific variants of ML models and papers general 
discussing algorithm complexity as well as efficiency were omitted. The literature review 
revealed that most existing studies use ML for energy consumption prediction, failing to 
cover the energy demand generated by the ML processes. Overall, several factors impacting 
the energy consumption of AI systems exist, particularly in terms of ML.

3.3 Expert evaluation design and sample
Expert sample: The evaluation of the developed framework was carried out with experts 
coming from practice and research as well. This procedure is an important part of the design 
science research method (Hevner et al., 2004; Peffers et al., 2007). It was conducted in the 
third quarter of the year 2025. In total, six different experts from different domains 
participated and were involved in the evaluation. Three experts are employed in leading 
European industry enterprises. All the organizations come from different sectors (1) fashion 
manufacturer, (2) agricultural machinery manufacturer and (3) a database vendor and operate 
internationally. The other three experts are AI and ML experts from different research 
institutions in Germany. All experts have related knowledge and experience in ML and AI 
(on average 10.7 years) and related experience in the resource consumption of these models. 
The evaluation was conducted in the German language.

Procedure and question: The participants were invited formally (e.g. email, telephone) to 
participate in the evaluation. After agreeing to contribute, a Microsoft Teams call was 
organized. During the session, the experts were asked to evaluate the framework by 
answering open as well as closed-ended questions. All questions are based on basic 
recommendations of the relevant literature (e.g. Davis, 1985; King and He, 2006). The 
statements adapted the TAM dimensions “Perceived usefulness” and “Perceived ease of use” 
(Davis, 1985) in a context-specific manner. According to Davis (1989) “Perceived 
usefulness” can be described as: “[…] user believes in the existence of a positive use- 
performance relationship” (Davis, 1985; p. 320). This dimension was assessed through the 
questions (1) and (3). “Perceived ease of use” or “[…] the degree to which a person believes 
that using a particular system would be free of effort. […]” (Davis, 1985; p. 320), was 
measured through question (2).

At first, closed-questions were asked to gather insights about whether (1) the framework 
can explain the impact of ML services based on energy consumption (“The framework can 
explain the environmental impact of Machine Learning services based on energy 
consumption”; five-point Likert Scale: 1 = completely agree to 5 = completely disagree), (2) 
is easy to understand (“The framework is understandable”; five-point Likert Scale: 
1 = completely agree to 5 = completely disagree) and (3) is useful in terms of energy 
consumption (“The framework is useful for gaining an overview of the environmental impact 
of Machine Learning services based on energy consumption”; five-point Likert Scale: 
1 = completely agree to 5 = completely disagree). Furthermore, an open question was asked 
to gain insights about missing details of the framework. The participants had to provide their 
opinion about missing aspects (“What is missing in the framework?”).

4. Results
Given the research method chosen, the artifact itself constitutes the central finding of the 
research. The steps required for this are described in detail in the following subsections.
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4.1 Design and development of the artifact
4.1.1 Design of the framework. Due to the variety of ML applications, some sort of 
standardization had to be carried out to ensure relevance and informative value of the 
findings. Therefore, the Cross Industry Standard Process for Data Mining also known as 
CRISP-DM (Wirth and Hipp, 2000) as a standard for analytical projects (Chapman et al., 
2000; Schröer et al., 2021) was selected. Its mutually dependent and interrelated phases, 
business understanding, data understanding, data preparation, modeling, evaluation and 
deployment, were considered with regard to their respective energy consumption. In 
analytical projects, training and usage are an integral part of modeling, evaluation and 
deployment (Chapman et al., 2000). In general, resources are required to train the model and, 
for its subsequent use (Kaack et al., 2022). Additionally, analytical projects typically involve 
preliminary stages prior to model training (e.g. business understanding, data understanding 
and data preparation) as shown by Chapman et al. (2000) and this pre-training phase also 
influences the energy consumption level of AI services. The phases of the CRISP-DM are 
further assigned into pre-training phase, training phase as well as usage phase.

The analyzed literature in line with the literature review and aligned with identified 
phases is shown in the following table.

The most relevant research papers in line with the study scope are listed in Table 1.
4.1.2 Development of the framework. In the next step of this study, the framework was 

built. It merges the findings of the literature review with observations of the established 
recommender systems [ML CO2 Calculator (Lacoste et al., 2019), Green Algorithms 
Calculator (Lannelongue et al., 2021) and HollerithEnergyML Recommender (Zanger et al., 
2024)] used and described within the different phases. The first version of the framework is 
depicted in Figure 1 and described in the following.

4.1.2.1 Pre-training phase. Before training a model, scope and context must be 
understood. In the CRISP-DM process, this step is known as business understanding 
(Chapman et al., 2000). If this step has not been conducted seriously, the project must be 
stopped and restarted several times. Consequently, this may imply a higher energy 
consumption, because preliminary analyses must be conducted several times. Afterwards, 
the phase data understanding (Chapman et al., 2000) must be passed. Relevant and usable 
data (e.g. data ownership, quality, actuality) for the ML model must be explored and 
collected to reach a defined goal. If it has been successfully checked that the data is suitable 
for the intended purpose, the next step data preparation (Chapman et al., 2000) can be 
started. Here, the data must be transformed into the correct form before it can be processed to 
the training. In every step, energy is demanded and consumed. With every step running 
several times, the energy consumption level increases simultaneously. Additionally, the used 
hardware (e.g. personal computer, cloud environment, self-hosted server) might increase the 
energy consumption, too (Lannelongue et al., 2021; Lacoste et al., 2019; Patterson et al., 
2021).

4.1.2.2 Training phase. The training phase consists of the following identified 
influencing factors: algorithms, data and IT infrastructure. These are explained in the 
following. In general, the training phase includes model development and training (Kaack 
et al., 2022).

Training data: Observations of a recommender system and previous literature findings 
indicate that the data amount as well as the variety of structures due to different variables 
(e.g. categorical vs numerical variables) can influence the energy consumption (e.g. Zanger 
et al., 2024; García-Martín et al., 2018). The greater the amount of data and the more 
complex the structure of the data set used for the training, the higher may be the energy 
demand (Patterson et al., 2021).
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Figure 1. First version of the framework of environmental impact of machine learning services based 
on findings in literature and recommender system observations (demonstrated at QUIS19) 

Source: Created by the authors 

Algorithms: For every specific problem, various possibilities for a suitable ML algorithm 
exist. However, in advance it is not clear, which one represents the most favorable option 
(“No free lunch theorem”; Wolpert and Macready, 1997). In terms of energy consumption 
algorithms differ, too (Zanger et al., 2024; Islam et al., 2023; García-Martín et al., 2018; 
Patterson et al., 2021; Kaack et al., 2022). For example, deep convolutional neuronal 
networks (CNN) have a high energy demand (Yang et al., 2017; Nvidia, 2015). A glance at 
observations from the HollerithEnergyML Recommender (Zanger et al., 2024) shows clearly, 
that in terms of classifying data, algorithms like the random forest algorithm are more energy 
inefficient than the K-Nearest-Neighbor algorithm or the Decision Tree algorithm (see 
Figure 2). Of course, larger models might enhance accuracy and consequently the results, but 
simultaneously the energy consumption rises (Patterson et al., 2021). In addition, the model’s 
training time (Lacoste et al., 2019) also affects the energy demand. The longer the duration; 
the higher the energy consumption level. Algorithmic improvements supporting to manage 
the number of parameters and hyperparameter enhancements can save energy resources 
during the training phase (Fischer et al., 2022; Desislavov et al., 2023; Lacoste et al., 2019). 
Energy leaderboards can be used to compare different ML experiments in terms of for 
example accuracy and energy efficiency (Henderson et al., 2020). In conclusion, it can be 
stated that the design of the ML algorithms must be planned properly in advance to avoid 
unnecessary ML experiments and consequently energy waste (Lacoste et al., 2019).

Furthermore, it must be considered that the energy consumption depends not only on the 
computation itself but also on the number of memory accesses required by the implemented 
ML algorithms (Yang et al., 2017). Hence, sometimes small models (e.g. CNN with small 
size) can have higher energy consumption due to the amount of memory accesses (Yang 
et al., 2017). Algorithm optimization possibilities like pruning, distillation, compression, 
quantization and compact models can reduce complexity and related energy consumption 
(García-Martín et al., 2019; Yang et al., 2017; Patterson et al., 2021; Han et al., 2015; 
Iandola et al., 2016). Also, the complexity and different implementation (e.g. number of 
parameters, epochs) and execution possibilities can be relevant in terms of energy 
consumption (Fischer et al., 2022). Here, different libraries and software environments can 
be used for improvements. Multiply accumulate operations can also be a good predictor of 
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the complexity and the energy consumption of the implementation of the algorithm 
(Mavromatis et al., 2024). Furthermore, floating point operations (FLOPs) could be a KPI 
for the computational requirements of ML models (Kaack et al., 2022). Thus, an increasing 
number of FLOPs leads to a higher energy consumption in general, too (Kaack et al., 2022).

Figure 2. Example energy consumption for 20 numerical, 15 categorical and 1,500 data rows with 
HollerithEnergyML (ki-lab-region-stuttgart.de) 

IT-infrastructure: Another critical aspect regarding the energy and resource consumption 
is the existing IT infrastructure (Lacoste et al., 2019; Patterson et al., 2021; Fischer et al., 
2022; Strubell et al., 2019; Lannelongue et al., 2021). For instance, the use of CPU, GPU, 
Memory, Disk etc. is important and can have an impact (Henderson et al., 2020; Mavromatis 
et al., 2024; Lacoste et al., 2019). Also, the usage of special processing units for neural 
networks (TPUs) can save energy (Patterson et al., 2021). In line with the research of Lacoste 
et al. (2019) and observations from the related ML CO2 Calculator for GPUs 
(mlco2.github.io), differences in the energy consumption level and its related CO2 emission 
based on the hardware type and the hardware provider (e.g. AWS, Google, private 
infrastructure and region) become visible.

This effect is highlighted in Figure 3. It shows an example of information that can be 
obtained from the ML CO2 Calculator Recommender System. The figure compares the 
energy consumption of different hardware (“RTX 3080” vs “RTX 4090”) in the same 
environment (“AWS” − Amazon Web Services; EU Frankfurt region environment) needed to 
conduct a 100-h model training. On the “RTX 4090” 30 kWH were needed and 18.3 kg CO2 
have been emitted. In comparison, the energy consumption and emission of the “RTX 3090” 
hardware has been even higher (35 kWH and 21.35 kg CO2). The hardware system can differ 
in terms of energy efficiency and the data center with regard to the natural energy mix and the 
server replacement strategy, too (Kaack et al., 2022; Lacoste et al., 2019; Patterson et al., 
2021; Strubell et al., 2019). Furthermore, aspects such as data centers’ power consumption 
efficiency are important to consider and to integrate into the used recommender system 
(Lacoste et al., 2019). This is because energy is also needed for cooling, power conversion 
and other tasks (Lacoste et al., 2019). In general, an energy efficient hardware system must 
be chosen (Lacoste et al., 2019). Using more CPU or GPU cores to reduce required time may 
also have a negative impact on energy consumption and the carbon footprint, too 
(Lannelongue et al., 2021). Besides using the ML CO2 Calculator Recommender System 
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(mlco2.github.io) here the Green Algorithms Calculator can also be used (Lannelongue 
et al., 2021) in the same way to get more insights.

Figure 3. Example energy consumption for “RTX3090” and “RTX40900,” Cloud Provider with ML 
CO2 Calculator (mlco2.github.io) 

Full-training or finetuning/pre-trained models: In particular, the training of large 
language models (LLMs) such as GPT or BERT consumes a significant amount of energy 
(Lannelongue et al., 2021; Patterson et al., 2021). Not in all business cases is it necessary to 
train an individual model from scratch (Lacoste et al., 2019). Often, the fine-tuning of an 
existing model is a favorable option, leading to a lower energy consumption (Wang et al., 
2023; Lacoste et al., 2019) while providing comparable accuracy (Patterson et al., 2021). 
Besides the application of LLMs, there are also pre-trained models in other domains that can 
be used to save energy [e.g. adjusted Yolo Computer Vision Object detection with Coco data 
sets (Zhou, 2024)].

4.1.2.3 Usage phase. After the training and deployment of the algorithms (Chapman 
et al., 2000), energy is necessary to run the ML model (Kaack et al., 2022). Using the models 
in the usage phase (also referred to as inference) might need more resources than in the 
training phase (Desislavov et al., 2023; Patterson et al., 2021). However, spending more 
energy in the training phase to reach a more energy efficient model for usage might be a 
beneficial option (Patterson et al., 2021). Here, the number of uses impacts the energy 
consumption. The more it is used; the more energy is needed. In special application areas like 
language models, the number of inputs or sequence length can have an impact (Wang et al., 
2023). Furthermore, the complexity of the model might influence the energy consumption 
(Mavromatis et al., 2024). Approaches like pruning reduce the energy consumption of 
models during usage (Yang et al., 2017). Like in the training phase, the existing IT 
infrastructure (Lacoste et al., 2019; Patterson et al., 2021; Lannelongue et al., 2021) used to 
perform the model (e.g. on a server or a personal computer) impacts the energy consumption 
level, as well as factors such as the model size (Han et al., 2015).

For this purpose, insights can be provided through observations from the Green 
Algorithms Calculator focusing on running algorithms in general (https://calculator.green- 
algorithms.org/; Lannelongue et al., 2021). For instance, running a sales forecasting ML 
algorithm (e.g. linear regression) on a personal computer for 5 min (1 Core CPU, Core i7- 
4790, 16 GB RAM in Germany) lead to an energy consumption of 7.01 Wh and 2.37 g CO2. 
In contrast, running the same analysis in the AWS Cloud Germany environment only leads to 
5.39 Wh and 1.83 g CO2 emissions. This example is shown in Figure 4. Differences in the 
hardware environment influence the energy consumption. Also, the ML CO2 Calculator 
Recommender System (mlco2.github.io) can be used instead of the Green Algorithms 
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Calculator (Lannelongue et al., 2021). For running a ML service, it might be easy to estimate 
the energy consumption using the Green Algorithm Calculator.

Figure 4. Example energy consumption in cloud environment for using a machine learning algorithm 
with Green Algorithm Calculator (https://calculator.green-algorithms.org) 

In addition, it must be considered that, if changes in the data patterns occur (e.g. different 
consumer behavior, change in social trend), the model loses its value. In this case, it must be 
retrained again and subsequently, the analytics cycle (Chapman et al., 2000) restarts. All 
prior phases must be repeated, inevitably leading to an increasing energy consumption.

5. Demonstration and evaluation
5.1 Demonstration
The first version of the developed framework was demonstrated within a session of an AI track 
during a leading service management conference (QUIS19) based on a conference abstract 
presentation in mid-2025 in Rome, Italy. After the presentation, the design, the sources and the 
concepts of the framework were discussed with the scientific community. Based on this 
feedback and insights, a further evaluation with experts was initiated and conducted.

5.2 Evaluation
Data analysis revealed that the experts underlined the framework’s explainability regarding 
the energy consumption of ML services (Mean = 1.3). Additionally, they evaluated the 
framework as understandable (Mean = 1.3) and useful (Mean = 1.3) as well. Furthermore, the 
experts also highlighted extensions and further argumentations for the framework, which are 
described below.

Pre-training phase: All experts agree with the importance of this phase related to energy 
consumption. One expert (Expert 1) expressed the opinion that data understanding and 
related data acquisition are critical aspects for database customers in the context of energy 
consumption.

Training phase: All experts agree with the importance of this phase. Further comments 
were given by the experts. Expert 2 stated that generative AI has the potential to reduce the 
training effort and consequently the energy consumption through approaches such as Few- 
Shot, One-Shot Learning or Prompt-Engineering. Also, the complexity of the different 
algorithms and the need for (hyper)-parameter optimization was mentioned as a critical aspect 
regarding energy consumption worth considering. This opinion was shared by other experts, 
too (Expert 5). One highlighted the importance of hyperparameter optimization in this 
context. From his/her point of view, data complexity and algorithms belong together. Another 
expert (Expert 3) even suggested and proposed to train and optimize hyperparameter first for a 
subset or one specific field and afterwards to transfer and expand the findings to other areas. 
Additionally, as described in the framework, the use of pre-trained models to save effort and 
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resources was highlighted by this expert (Expert 3). In this context, another expert mentioned 
the on-going discussion about models’ performances and the effort for (re-)trainings and 
improvements (Expert 5). This argument was taken up by another person, who added that 
pattern identification might be helpful for the decision whether it is necessary to train a new 
model or not. Different experts agreed that everything is use case specific (Expert 2) and 
underlined the statement of the “No free lunch theorem”(Wolpert and Macready, 1997). One 
added the aspect, that from a data point of view everything is individual (Expert 4). Also, 
upcoming approaches where reusable software codes are generated to avoid that the same 
prompt is handled by a LLM repeatedly can save energy (Expert 1). Although the benefits, 
generative AI brings, also limitations and negative effects due to the energy consumption are 
mentioned. The same expert also stated that due to the phenomenon “AI slop” (Madsen and 
Puyt, 2025), energy is wasted because the resulting ML models are not usable for the intended 
task (Expert 1). S/he argued that currently the approaches lack on logical depth, hence the 
given output is unsuitable and inefficient (Expert 1).

Usage phase: Also, for this phase the experts agreed regarding its importance within the 
framework. It emerged that to achieve optimization of the energy consumption, it is 
important to know how often the model is used, respectively inferences will happen, as one 
expert mentioned (Expert 3). Additionally, s/he mentioned that it is important to have it via 
batch and not always on demand (Expert 3). Another expert, however, argued about the 
efficient and sustainable usage of hardware (on-premise vs public cloud) in this context 
(Expert 4). This statement was continued by the proposition to integrate ideas of idle time 
energy consumption, when the hardware system is not used; commonly in nonpublic cloud 
environments (Expert 4). In sum, the expert calls for a properly considered usage of 
hardware resources with less or no idle time. Expert 1 also named the use of reasoning 
models as a driver for energy consumption due to the longer inference phase. This calls for 
considerations whether and in which case these models are necessary. Furthermore, Expert 1 
and Expert 2 underlined the importance of the loops in the framework, which should be 
highlighted. Loops are needed if, for instance, in the usage phase the ML services are not 
working as expected, one must go back to the training phase. This stands also in line with 
previous recommendations (Chapman et al., 2000). In addition, the energy mix was named 
as a relevant aspect. This expert added that this aspect is also pushed by law, which 
underlines its importance (Expert 6). Therefore, where the data center is located must be 
considered and discussed in the context of its CO2 footprint (Expert 6). As another potential 
parallelization was mentioned.

5.3 Re-design and re-definition: the final framework
The final framework, which integrates the different phases from pre-training to usage, is 
displayed in Figure 5. It includes the important extensions identified during the expert 
evaluation.

First, in the training phase the “Used ML Algorithm” as part of the model was revised. 
The aspects mentioned by the experts have been incorporated to explain and illustrate this 
step more clearly in the model. Now, the framework provides a more concrete description of 
the energy consumption in the training phase. This fosters the understanding of energy- 
intensive actions like hyper-parameter optimization. It highlights also possibilities to reduce 
energy consumption, as mentioned by using pre-trained models and generative AI. This 
result provides a better basis for decision-making.

Against the backdrop of the twin transition, it is now possible to weigh more effectively 
the ecological costs against the economic benefits and hence, to ensure a proper deployment. 
In the usage phase, expert ideas in terms of idle time and single versus batch processing to 
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save energy were integrated into the model. These considerations are essential in the service 
domain. Considerations of these points help to understand and to evaluate under which 
conditions a service must always be available or on-premise. Since services cannot be 
stockpiled, there may be significant potential here to achieve the same quality and economic 
benefits while operating sustainably. Furthermore, a feedback loop was integrated for a better 
coverage of backward steps that might include internal or external factors as mentioned by 
the experts. This supports an awareness that a proposed solution − as common in the service 
sector − must be continually reevaluated and adjusted as necessary. For instance, in the field 
of AI services, as mentioned by the experts, new capabilities (reasoning) or legal regulations 
may play a role in this regard. These feedback loops further reinforce the framework’s 
holistic nature, demonstrating its applicability to existing approaches and thereby helping to 
gradually integrate it into existing structures to foster twin transition.

Model of AI / Machine 
Learning Service

Used ML Algorithm
(& related Hyper-Parameter 

Tuning, Usage of Pre-
Trained models, GenAI)

Amount of Uses
(e.g., single or batch usage)

Training Phase Usage Phase

Used IT Infrastructure
(& related idle time)

Factors Influencing the Energy Consumption

Energy Usage 
& CO2 Emission

Pre-Training Phase

Amount of Re-Training / Finetuning, etc.

Energy needed for Phases of
• Business Understanding
• Data Understanding
• Data Preparation

etc.

etc.

etc.

Environmental
Impact

etc.

backward loop (if necessary) backward loop (if necessary)

Figure 5. Final framework of environmental impact of machine learning services based on findings in 
literature and recommender system observations as well as expert evaluations 

6. Conclusion, discussion and implications
Besides the positive impacts, AI services also entail a shadow side, as they can generate 
adverse environmental consequences (Kaack et al., 2022; Keller et al., 2024). This paper 
focuses on the energy consumption of ML services by identifying key factors influencing 
energy demand and associated CO2 emissions. Previous research findings and evidence from 
different recommender systems were integrated in one framework evaluated in terms of its 
content and validity. The proposed framework enables the energy impacts analysis across the 
service life cycle and within service delivery processes.

6.1 Theoretical implications
The present paper extends previous research (e.g. Keller et al., 2024; Lannelongue et al., 
2021; Zanger et al., 2024) by introducing and enabling a wider and more holistic view on this 
still underexplored topic. The research is also in line with the need formulated by Kaack et al. 
(2022) for a more operational and holistic understanding of ML and its influences on 
environment and climate change. The framework attempts to address the need to measure AI 
adoption in different service settings such as healthcare (Bratan et al., 2024; Richie, 2022), 
education (Zhang et al., 2026) and public and government sectors (Alhosani and Alhashmi, 

International 
Journal of Quality 

and Service 
Sciences    

Downloaded from ftp.​nowpublishers.​com/​ijqss/​article-pdf/​doi/​10.​1108/​IJQSS-12-2025-0340/​11778224/​ijqss-12-2025-0340en.​pdf by guest on 22 August 2026



2024; Van Noordt and Misuraca, 2022). Furthermore, it responds to Schwartz et al. (2020)
by promoting more research and reporting of green AI by developing a framework and 
focusing more on energy consumption instead of overall resource efficiency as emphasized 
by the authors.

From a theoretical perspective, this study contributes to service research by introducing 
an energy-oriented perspective into the analysis of AI-based services (Hwang et al., 2026). 
In particular, it extends service life cycle approaches by explicitly integrating energy 
consumption and environmental impact as critical dimensions of service design, delivery and 
usage. By conceptualizing energy consumption across the ML process, the framework 
advances current understanding of how digital service innovation processes can be aligned 
with sustainability objectives, thus contributing to the broader discussion on sustainable 
service and the twin transition.

In addition, the proposed framework enables the identification and systemic 
consideration of multiple factors. Current research insights on energy consumption levels 
in the context of ML were merged with well-known data analytics project steps from 
CRISP-DM (Chapman et al., 2000) and enriched with recommender system observations. 
CRISP-DM is a major standard for analytical projects nowadays (Schröer et al., 2021). 
Previous research on frameworks of ML observations assessing energy efficiency 
(Fischer et al., 2022) and views of ML operations and energy consumption (Mavromatis 
et al., 2024) was extended by needed steps from the pre-training phase as well as a more 
overall view of a data analytics project (Chapman et al., 2000). The importance of this 
extension stands also in line with other data analytics process models for analytical 
projects like the TDSP, DASC-PM (Schulz et al., 2020). Finally, the proposed framework 
was evaluated with experts from practice and research and shows its relevance for 
academic research and managerial practice.

6.2 Practical implications
From a managerial perspective, the framework supports the sustainable design of AI/ML- 
based services by enabling managers to integrate energy-related considerations from the 
early stages until usage. By integrating these stages into a unified perspective, the framework 
overcomes fragmented approaches to energy management and provides a holistic view of 
energy consumption. This perspective, as suggested by Hosseini et al. (2025), also 
encourages managers to critically reflect on whether AI-based solutions represent the most 
appropriate option in specific service contexts.

Practice benefits from the developed framework through its explainable character, which 
helps to identify and evaluate less visible drivers of energy demand, identifying actionable 
levers for their mitigation.

By making these factors explicit, the framework supports managerial decision-making 
and enables a more systematic planning of key steps influencing the energy consumption of 
ML-based services. In addition, it provides a structured basis for anticipating and preparing 
sustainability and energy reporting requirements. Indeed, energy consumption reporting and 
related carbon emission are important for both practice and research (Henderson et al., 
2020).

Furthermore, the experts involved in the evaluation underlined the practical usefulness of 
the developed framework. Its adoption is not only necessary to retain competitiveness in an 
environment increasingly oriented toward sustainability but also offers economic benefits 
such as improved operational efficiency and cost reduction through more energy-aware 
service design. This aligns with the needs to ensure both sustainability and efficiency of AI 
use in service (Alkire et al., 2024; Hwang et al., 2026).
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The study results provide interesting implications also for end-users and, more generally, 
for society. More efficient ML services might reduce the environmental footprint of all AI- 
based interactions, supporting quality of life through greener services and strengthening 
confidence that AI can be aligned with sustainability objectives.

Finally, the framework can represent a supportive tool for policymakers, providing a 
practical basis for integrating energy-use criteria into AI governance, procurement policies, 
ESG reporting and national or regional sustainability goals. In this sense, the framework 
facilitates the integration of sustainability criteria into existing service systems and 
governance structures, supporting a more consistent alignment between digital innovation 
and environmental commitments.

In conclusion, the implications derived from this study support practitioners to aligning 
with the United Nations 2030 Agenda (SDGs 7, 12 and 13), by promoting energy efficiency, 
responsible production patterns and the mitigation of environmental impacts related to AI 
use in service.

6.3 Limitations and future research
Limitations can be found in that the model does not provide a detailed view of the identified 
impact factors and the so far missing empirical evaluation of the factors’ quantification. 
Furthermore, the focus was set only on the energy consumption. Other important aspects 
such as the model’s accuracy have been neglected. The integration of accuracy aspects 
should also be taken into account in the future as well as aspects of ML operations and ML 
life cycle (Fischer et al., 2022; Mavromatis et al., 2024). Sometimes a slightly more accurate 
model may need disproportionately more energy (Kaack et al., 2022). Thus, it is important to 
investigate also accuracy aspects in the future. However, it has to be found a good balance 
between accuracy optimization and resource consumption in relation to red AI and green AI 
(Schwartz et al., 2020). Future research is encouraged to address this gap by empirical 
investigations, further developments and through the conducting of case studies aiming to 
clarify its usefulness in organizational setups. The influence of carbon-free data centers and 
certificates should be considered in future research, too. Additionally, limitations arise from 
the used energy recommender systems themselves (Zanger et al., 2024; Lannelongue et al., 
2021; Lacoste et al., 2019) and reviewed literature. The usage and integration of other 
recommender systems or code-based frameworks could also be a promising starting point for 
future research. Besides energy demand, further important environmental aspects such as 
water consumption exist. In the future, these should be taken into account, too, to enlarge the 
objectives by investigating AI related areas besides ML.
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