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Abstract 

The rapid integration of artificial intelligence (AI) across higher education has transformed research, teaching, 
and institutional operations. Yet its environmental implications remain poorly understood at the institutional level. 
While a growing literature examines the energy consumption and carbon footprint of AI systems, little is known 
about how these concerns are recognised or addressed within universities. This study addresses this gap by com-
bining a bibliometric analysis of 461 peer-reviewed publications indexed in Scopus (2014–2025) with a multiple-
case study analysis of selected research-intensive universities. The bibliometric analysis reveals a rapidly expanding 
research landscape dominated by themes such as machine learning, energy consumption, optimisation, and sustaina-
bility, alongside a comparatively limited focus on higher education as an institutional context. The case studies, based 
on sustainability reports, climate action plans, and environmental disclosures, focus on a set of research-intensive 
universities with substantial AI-related infrastructure. They show a consistent pattern: despite the centrality of high-
performance computing (HPC) and cloud-based platforms, institutional reporting of energy and carbon emissions 
remains aggregated, rarely examining AI-specific impacts. This reveals a governance gap between the expanding 
scientific understanding of AI’s environmental footprint and the maturity of sustainability practices in academia. The 
novelty of this study lies in the integration of bibliometric analysis with institutional case study evidence to systemati-
cally examine how AI-related energy use and carbon emissions are addressed in higher education. By bridging these 
two analytical dimensions, the study provides new insight into the disconnect between research advances and insti-
tutional practice and highlights the need for dedicated frameworks to account for AI-related energy use and emis-
sions. The study also aligns with the United Nations Sustainable Development Goals (SDGs), particularly Affordable 
and Clean Energy (SDG 7), Climate Action (SDG 13), and Quality Education (SDG 4), contributing to the ongoing 
debate on responsible and sustainable AI in higher education.
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Introduction
Sustainable development has become the defining frame-
work for addressing the interconnected challenges of 
environmental degradation, urbanisation, and tech-
nological transformation, within broader global policy 
discussions on sustainable digital transformation. Stud-
ies have emphasised the interdependence of economic 
development, social inclusion, and environmental pro-
tection as core pillars of sustainable progress. Renewable 
energy plays a central role in this transition by reducing 
greenhouse gas emissions and supporting key Sustain-
able Development Goals, particularly SDG 7 and SDG 
13 [1]. Consequently, urban sustainability and long-term 
spatial planning have emerged as key mechanisms for 
reducing carbon emissions, optimising resource use, and 
promoting climate resilience in both cities [2, 25] and 
institutions alike [24, 28]. Recent evidence shows that 
sustainable urban development has become increasingly 
central to both academic research and policy agendas, 
reflecting growing recognition of the interdependence 
between urban planning, environmental governance, and 
digital transformation [2].

Within this context, insights from urban sustainabil-
ity research provide a useful analytical lens for under-
standing how complex, infrastructure-intensive systems 
manage energy demand and technological change. 
Universities share several of these characteristics: they 
operate as dense, multifunctional environments with 
significant energy requirements, advanced digital infra-
structure, and complex governance arrangements. In this 
sense, universities can be understood as “micro-scale” 
analogues of urban systems, where questions of energy 
use, digital transformation, and sustainability govern-
ance intersect [27]. The growing integration of artificial 
intelligence (AI) within higher education intensifies these 
dynamics. Universities are not only users of AI technolo-
gies in teaching, administration, and operations, but also 
key developers and producers of AI research and inno-
vation. Recent research further shows that AI plays a 
critical role in enhancing energy efficiency, supporting 
carbon reduction, and enabling data-driven energy man-
agement within university campuses, while also high-
lighting the importance of institutional readiness and 
adoption dynamics [5].

This dual role implies both direct energy consump-
tion, associated with the operation of AI systems and 
high-performance computing (HPC) infrastructure, 
and indirect impacts linked to the development and dis-
semination of AI technologies. While this distinction is 
conceptually important, existing institutional reporting 
practices rarely differentiate between these dimensions, 
and AI-related energy use typically remains embedded 
within broader categories of digital or Information and 

Communication Technology (ICT)-related consump-
tion in institutional reporting [28, 29]. Unlike many other 
large public institutions, universities combine large-scale 
operational infrastructures with decentralised research 
activity and a strong normative commitment to sustain-
ability leadership. This unique configuration creates 
specific challenges for monitoring energy use, aligning 
technological innovation with environmental goals, and 
translating sustainability commitments into measur-
able governance practices. Understanding how univer-
sities engage with the environmental implications of AI 
is therefore critical for advancing both institutional sus-
tainability and broader debates on responsible digital 
transformation.

At the same time, the environmental implications of 
AI are increasingly raising questions that extend beyond 
technical efficiency to issues of institutional govern-
ance. Advances in AI—particularly the rapid diffusion of 
large-scale machine-learning models, foundation models, 
and cloud-based computational platforms—are driving 
unprecedented growth in energy demand associated with 
new data centres and HPC infrastructure.

There are three main reasons for this trend:

i)	 The exponentially increasing scale of the models: The 
defining theme of modern AI is the scaling theory—
that larger (and therefore more representative) mod-
els trained on more data with more compute achieve 
drastically enhanced performance [14]. Core models 
like GPT-4, Gemini, and Claude have scaled from bil-
lions to trillions of parameters. The process of train-
ing one large language model can consume terawatt-
hours of electricity, equivalent to the annual energy 
consumption of thousands of homes. That “compute-
bounded” race only further pushes energy demand 
upward.

ii)	 The shift to ubiquitous inference (not just training): 
While training a model is a massive, concentrated 
energy expenditure, the operational phase (inference) 
is where the real scaling challenge lies. Every query to 
ChatGPT, every image generated by DALL-E, every 
real-time translation, and every AI feature embedded 
in millions of apps requires computational power. As 
these models are integrated into global services used 
by billions, the cumulative energy cost of inference 
vastly outstrips the one-time training cost, creating a 
persistent and growing load [38].

iii)	The concentration in hyperscale data centres: AI 
workloads do not consume ordinary server space; 
they need specific, dense computational infrastruc-
ture such as specialised hardware. These, in turn, 
depend on clusters of tens of thousands of power-
hungry Graphics Processing Units (GPU) and AI 



Page 3 of 19Filho et al. Environmental Sciences Europe          (2026) 38:132 	

accelerators (like NVIDIA’s H100s and Google’s c), 
which have power densities orders of magnitude 
greater than traditional Central Processing Units 
(CPU) [17]. There are also co-location needs, since 
these clusters need large, interconnected data cen-
tres, and sophisticated cooling systems (frequently 
liquid cooling) to keep them from overheating. This 
creates a concentration of extraordinary power 
demand into particular geographic locations, with 
local grids and infrastructure strained.

In this transformation, universities occupy a para-
doxical position. On the one hand, they are among the 
world’s leading producers of AI research and expertise; 
on the other hand, they simultaneously emerge as inten-
sive organisational users of energy- and carbon-intensive 
digital infrastructure. Notably, despite their historical 
role as leaders in climate and sustainability, universi-
ties rarely treat AI as a distinct object of environmental 
reporting. Instead, AI-related energy use and emissions 
tend to remain embedded (and largely hidden) within 
aggregated institutional reporting categories, obscuring 
environmental impacts. This disconnect suggests not an 
isolated reporting oversight but a structural governance 
gap, in which well-established scientific knowledge on 
the energy and carbon intensity of AI is not systemati-
cally translated into institutional sustainability practices. 
This paper contributes to the literature by identifying and 
empirically substantiating this governance gap through 
the integration of bibliometric evidence and cross-
regional institutional case studies. Given the global scale 
of higher education and its growing reliance on AI in 
research, teaching, and administration, closing this gap 
is integral to the credibility, accountability, and practical 
efficacy of sustainability governance in academia.

This article synthesises existing research to identify 
key themes, highlight current limitations, and delineate 
the research gap addressed in this study. Existing litera-
ture has made significant progress in examining the envi-
ronmental impact of artificial intelligence, particularly 
through frameworks that analyse its energy consump-
tion and carbon emissions across computational, appli-
cation, and system levels [19]. In parallel, recent studies 
emphasize the growing role of AI in supporting climate 
change mitigation and sustainability efforts, while also 
highlighting challenges related to energy use, environ-
mental impact, and governance [26]. However, despite 
these advances, the literature remains largely focused 
on technical systems and broader sectoral analyses, with 
comparatively limited attention to higher education insti-
tutions as organisational and governance contexts. More-
over, prior research rarely integrates these dimensions 
within the specific context of university campuses, where 

institutional dynamics and decision-making processes 
can differ significantly [5]. This study addresses this limi-
tation by asking three interrelated research questions:

(RQ1) how has the scientific literature framed and rep-
resented the relationship between AI, energy consump-
tion, and carbon emissions;

(RQ2) to what extent are these concerns acknowledged, 
reported, or governed within higher education institu-
tions; and

(RQ3) what patterns of misalignment can be identified 
between research trends and institutional practice.

Given the exploratory and integrative nature of the 
study, the analysis is not structured around formal 
hypothesis testing but instead aims to identify patterns, 
relationships, and gaps within and between the scientific 
literature and institutional practice.

To address the research questions, the paper adopts an 
integrative approach combining a large-scale bibliomet-
ric analysis with institution-level case studies, moving 
beyond abstract discussions of AI sustainability to exam-
ine its operationalisation in real-world academic environ-
ments. Through this approach, the study offers original 
empirical insight into the current limits of AI-related 
energy and carbon reporting in higher education and 
highlights governance challenges relevant to the respon-
sible and sustainable deployment of AI in universities.

The remainder of the paper is structured as follows. 
Sect. "Literature review" presents a short literary context 
for the study. Sect. "Methods" outlines the methodologi-
cal approach, including the bibliometric analysis and case 
study design. Sect. "Results and Discussion" presents the 
results, combining insights from bibliometric analyses 
with findings from institutional case studies. Sect. "Con-
clusions" concludes the paper by summarising the main 
findings, discussing their implications, and outlining 
directions for future research.

Literature review
The environmental impact of AI has become an emerging 
area of research, particularly in relation to energy con-
sumption and carbon emissions. Existing studies show 
that AI systems rely heavily on computational processes 
and digital infrastructure, which contribute to increasing 
energy demand. For instance, data centres, which under-
pin AI operations, consume substantial amounts of elec-
tricity and contribute to global carbon emissions [18]. 
However, more recent evidence suggests that improve-
ments in efficiency have partially mitigated energy 
growth despite increasing computational demand [29]. 
To better understand these dynamics, Kaack et  al. [19] 
propose a comprehensive framework categorising AI’s 
environmental impact into compute-related, application-
level, and system-level effects. This highlights that AI is 
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not only a source of emissions due to its energy-intensive 
computation but also a potential solution through its 
applications in optimising energy systems and improv-
ing efficiency. Within the context of higher education, 
universities represent complex and energy-intensive 
environments where AI can play a critical role. Studies 
show that campus energy systems exhibit dynamic and 
non-linear consumption patterns, making them suitable 
for AI-based optimisation [3]. Empirical research fur-
ther demonstrates that machine learning models can sig-
nificantly improve energy forecasting and reduce energy 
consumption in university buildings [32, 50]. Similarly, 
large-scale campus studies confirm that integrating envi-
ronmental, technical, and behavioural data enhances 
prediction accuracy and supports more efficient energy 
management [8]. At the same time, AI is increasingly 
recognised as a tool for supporting climate action and 
sustainability goals. It enables advanced data analy-
sis, climate modelling, and decision-making processes, 
although concerns remain regarding its own energy con-
sumption and carbon footprint [26]. In addition, digital 
infrastructures within universities, such as websites and 
online systems, also contribute to measurable carbon 
emissions, highlighting the broader scope of digital envi-
ronmental impact [22].

Beyond technical capabilities, recent research empha-
sises that the adoption of AI in universities is influenced 
by institutional and behavioural factors. Evidence shows 
that perceived benefits, awareness of AI applications, 
and technological readiness significantly drive adop-
tion, while financial constraints act as key barriers [5]. 
This indicates that the effectiveness of AI in improving 
sustainability is not solely dependent on technology, but 
also on organisational readiness and decision-making 
processes. Despite these advances, the existing litera-
ture remains fragmented. Most studies focus either on 
the technical efficiency of AI, its environmental implica-
tions, or its adoption drivers, without integrating these 
dimensions within the specific context of higher educa-
tion institutions. In particular, limited attention has been 
given to how universities simultaneously experience, 
manage, and govern the carbon footprint of AI while 
adopting it for sustainability purposes. Therefore, this 
study addresses this gap by providing an integrated anal-
ysis of AI’s carbon footprint in higher education, combin-
ing bibliometric insights with institutional evidence to 
bridge the divide between technical knowledge, environ-
mental impact, and organisational practice.

Methods
The increasing adoption of AI in higher education has 
raised growing concerns about its environmental impli-
cations, particularly regarding energy consumption 

and carbon emissions. Despite the expanding role of 
AI across research, administration, and learning envi-
ronments, the extent to which academic research has 
examined its carbon footprint within university settings 
remains unclear. To address this gap, this study adopts a 
two-stage methodological approach. It first conducts a 
bibliometric analysis to systematically map the academic 
literature on the carbon footprint of AI in higher educa-
tion, followed by a multiple-case study investigation to 
explore how the insights from this body of research are 
reflected and translated into institutional practice. It is 
important to note that the bibliometric component of 
this study is intended to map research trends and the-
matic structures rather than to provide an in-depth con-
ceptual or qualitative analysis of individual studies. As 
such, the findings should be interpreted as indicative of 
dominant patterns within the literature. The identifica-
tion of misalignments between research and institutional 
practice is therefore based on a comparative interpreta-
tion between aggregated bibliometric insights and case 
study evidence, rather than on direct content analysis of 
individual publications.

Bibliometric analysis
This study employed a bibliometric analysis to exam-
ine research trends related to the carbon footprint and 
energy consumption of AI within educational contexts, 
with a particular focus on higher education. Bibliomet-
ric analysis is widely used to quantitatively map the 
structure, development, and thematic focus of scientific 
literature, especially in emerging and interdisciplinary 
research areas [4]. All bibliographic data were retrieved 
from the Scopus database, selected for its comprehen-
sive coverage of peer-reviewed literature across the 
domains of AI, sustainability, and education. The search 
encompassed publications indexed in Scopus between 
2014 and 2025, reflecting the most recent complete 
data available at the time of data collection. To retrieve 
the dataset, a structured search strategy was developed 
using Boolean operators to capture studies address-
ing three interconnected dimensions: AI or machine 
learning, environmental indicators such as carbon 
footprint or energy consumption, and educational or 
university contexts. The search string was intention-
ally designed to prioritise precision by focusing on 
studies that explicitly connect these three dimensions. 
While the inclusion of additional terms, such as spe-
cific AI technologies (e.g., large language models) or 
alternative institutional descriptors (e.g., college, fac-
ulty, or school), could have expanded the dataset, it 
would also have increased the likelihood of retrieving 
studies in which these elements are not directly linked. 
This reflects an inherent methodological trade-off 
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between precision and recall, whereby greater speci-
ficity reduces irrelevant results at the risk of omitting 
relevant studies. As a result, the search strategy may 
not capture all relevant studies, particularly those using 
emerging terminology or broader institutional labels, 
which is acknowledged as a limitation of the bibliomet-
ric approach. At the same time, the use of broad core 
terms yields a dataset encompassing diverse perspec-
tives on the relationship between AI and energy. In 
particular, the corpus encompasses both studies exam-
ining the energy consumption and carbon footprint of 
AI systems themselves, as well as studies investigating 
the application of AI for energy optimisation, includ-
ing within campus environments. This dual inclusion 
reflects the broader research landscape, in which AI is 
simultaneously framed as both a contributor to envi-
ronmental impact and a tool for sustainability.

The exact search query used was: TITLE-ABS-
KEY ("AI" OR "machine learning" OR "artificial 
intelligence") AND ("carbon footprint" OR "energy 
consumption") AND ("education" OR university) 
AND PUBYEAR > 2013 AND PUBYEAR < 2026 AND 
(LIMIT-TO (DOCTYPE, "ar") OR LIMIT-TO (DOC-
TYPE, "cp") OR LIMIT-TO (DOCTYPE, "cr") OR 
LIMIT-TO (DOCTYPE, "re") OR LIMIT-TO (DOC-
TYPE, "ch")).

The search yielded a total of 461 documents, all of 
which were included in the bibliometric analysis. Con-
sistent with standard bibliometric research practices, 
no manual screening or quality-based exclusion criteria 
were applied, as the objective was to map the full scope 
of published research rather than assess the methodo-
logical quality of individual studies [12]. Bibliographic 
records, including authorship information, publica-
tion year, keywords, citations, and source details, were 
exported from Scopus in CSV format for analysis. Data 
analysis was conducted using Bibliometrix (Biblioshiny 
for Rstudio, Version 2024), VOSviewer (Version 1.6.20) 
and Tableau (Version 2024). Bibliometrix was used to 
compute descriptive bibliometric analysis, such as annual 
scientific production and keyword frequencies, as well as 
to analyse thematic evolution over time [4]. VOSviewer 
was employed to visualise scientific networks, includ-
ing keyword co-occurrence and co-citation structures, 
which facilitated the identification of thematic clusters 
and collaboration patterns within the literature [49]. 
Tableau was used as an additional visualisation tool to 
generate graphical representations of publication trends 
and geographical distributions of research output [36]. 
The methodological approach therefore provided not 
only a quantitative overview of the field but also a clearer 
understanding of the intellectual structure and evolving 
interests within this domain.

Case study selection
The case study component of this research adopted a 
multiple-case study design following a holistic Type 1 
approach [51], in which each university constitutes a sin-
gle unit of analysis. This design is well suited to examining 
institutional-level practices, governance arrangements, 
and reporting structures related to AI and environmental 
sustainability, rather than evaluating specific technolo-
gies or systems. The case studies complement the bib-
liometric analysis by translating dominant themes in the 
scientific literature into observable institutional contexts 
within higher education.

The analytical focus of the case studies was derived 
directly from the bibliometric results, which revealed 
strong concentrations around AI computational intensity, 
energy consumption, sustainability, and carbon footprint, 
alongside a comparatively weaker but emerging focus on 
education-related contexts. These themes informed both 
the selection of case study institutions and the analyti-
cal dimensions examined. Specifically, universities were 
selected based on evidence of AI-intensive infrastructure 
and the availability of publicly accessible documenta-
tion on energy use and sustainability practices, allow-
ing alignment with the dominant themes identified in 
the literature. The bibliometric findings also guided the 
dimensions analysed in each case, including: the presence 
of AI-related infrastructure; the reporting of energy con-
sumption associated with digital or computing systems; 
the treatment of carbon footprint and emissions; and the 
existence of mitigation or governance strategies related 
to AI or digital infrastructure. In this way, the case study 
analysis operationalises the thematic patterns identified 
in the bibliometric stage, enabling a structured compari-
son between research trends and institutional practice.

The selection of case studies followed a purposive and 
evidence-driven logic, designed to include research-
intensive universities with identifiable AI-related 
infrastructure and publicly available sustainability or 
environmental reporting. Specifically, universities were 
included where publicly available documentation allowed 
the assessment of AI-related activity and provided at 
least partial insight into energy use or sustainability 
practices, ensuring alignment with the analytical dimen-
sions derived from the bibliometric analysis. An initial 
pool of institutions was screened based on these criteria, 
from which a final set of 13 universities was selected for 
detailed analysis based on data availability and relevance 
to the study objectives. While not intended to be statis-
tically representative, the selected institutions reflect 
cross-regional global coverage and variation in institu-
tional contexts, thereby enabling insightful comparative 
perspectives on how AI-related energy use and carbon 
emissions are addressed in practice.
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It should be noted that the institutional documents 
analysed span different reporting years (ranging 
approximately from 2020 to 2025), reflecting the most 
recent publicly available disclosures for each university 
at the time of data collection. While this introduces a 
degree of temporal heterogeneity, the analysis focuses 
on structural patterns of reporting and governance 
rather than year-specific performance, thereby limiting 
the impact of such variation on the overall findings.

Further, the reliance on publicly available sources 
means that the analysis reflects institutional reporting 
rather than necessarily capturing internal practices, 
operational data, or ongoing initiatives that are not 
disclosed. As such, variation in institutional transpar-
ency may result in some practices remaining undocu-
mented. Scientific articles were not used to describe 
individual universities directly. Instead, peer-reviewed 
literature was used to inform the analytical interpreta-
tion of institutional practices, particularly with respect 
to the established energy intensity of AI and machine 
learning, the carbon implications of large-scale com-
putation, and the methodological challenges of attrib-
uting emissions to specific digital activities [15, 23, 34, 
39]. This separation between institutional evidence and 
scientific interpretation ensures analytical rigour and 
avoids over-claiming.

Results and discussion
The bibliometric results provide a structured overview 
of the evolving scientific discourse on AI, energy con-
sumption, and carbon footprint, while simultaneously 
revealing a notable gap in institution-focused analyses. 
Although the existing literature increasingly explores 
the environmental implications of AI from technical, 
engineering, and sustainability perspectives, higher 
education institutions are typically treated as abstract 
contexts rather than as concrete organisational units 
of analysis. This gap underscores the need to move 
beyond descriptive bibliometric mapping toward a 
deeper understanding of institutional engagement with 
sustainability issues. Consequently, the subsequent 
case study investigation shifts the analytical lens from 
research trends to institutional practice. It examines 
how universities with significant AI-related activity 
acknowledge, report, and govern their energy use and 
carbon emissions, thereby providing an empirical per-
spective on how scientific insights are translated into 
sustainability frameworks within higher education. The 
following subsection provides an overview of the bib-
liometric dataset, outlining its composition, scope, and 
key descriptive characteristics that form the basis for 
the subsequent analysis.

Bibliometric analysis of the research landscape
This section provides a descriptive overview of the 
bibliometric dataset used in this study. A total of 461 
peer-reviewed publications were retrieved using the pre-
defined Scopus search query targeting the intersection 
of AI, energy consumption, carbon footprint, and educa-
tional contexts. All retrieved documents were included in 
the analysis to preserve the integrity and comprehensive-
ness of the bibliometric approach.

Figure  1 illustrates the geographical distribution of 
publications addressing the environmental impacts of 
AI within educational contexts. The results reveal a 
markedly uneven global research landscape, with aca-
demic output concentrated primarily in East Asia, North 
America, and Western Europe. These regions account 
for the largest shares of publications, reflecting their 
strong research capacity in AI and sustainability-related 
fields. In contrast, research output from regions includ-
ing Africa, South America, and parts of the Middle East 
remains comparatively limited, with only a small number 
of publications originating from these areas. Overall, the 
distribution highlights a concentration of research activ-
ity in technologically advanced and research-intensive 
regions and research systems, indicating that academic 
engagement with the carbon footprint and energy impli-
cations of AI in education is geographically uneven.

Transitioning from spatial patterns to temporal trends, 
Fig.  2 illustrates the temporal evolution of publications 
on AI, carbon footprint, and energy consumption within 
educational contexts over the period 2014–2026. The 
results reveal a pronounced upward trajectory, indicat-
ing rapidly accelerating academic interest in the envi-
ronmental implications of AI in education. In the early 
years (2014–2017), research output remained minimal, 
with fewer than ten publications annually, reflecting the 
nascent stage of this interdisciplinary field. A gradual 
increase emerged between 2018 and 2020, coinciding 
with growing global attention to AI ethics, digital sus-
tainability, and environmental accountability. A substan-
tial surge is observed from 2021 onward, culminating in 
sharp peaks during 2023 and 2024 (65 and 87 publica-
tions, respectively). The notable rise in 2025 (122 publi-
cations) indicates an expanding research frontier driven 
by broader adoption of AI technologies in higher educa-
tion and heightened awareness of their ecological foot-
print. Overall, the temporal trend demonstrates that this 
topic has transitioned from a marginal research niche 
into a rapidly maturing domain, highlighting increasing 
global recognition of the need to evaluate AI’s sustain-
ability implications within educational systems.

To better understand the intellectual structure behind 
this growth, the keyword co-occurrence network pre-
sented in Fig.  3 reveals the conceptual landscape of 
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Fig. 1  Global distribution of publications (2014–2025). Circle size represents the total number of publications per country (raw counts) obtained 
from Scopus. The numbers displayed next to each circle indicate the exact publication count

Fig. 2  Annual publication trend (2014–2025)
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research examining the environmental impact of AI 
within educational contexts. The network shows three 
interconnected clusters, each contributing to under-
standing how AI adoption in higher education relates 
to energy consumption and carbon emissions. The red 
cluster centres on AI and machine learning in relation to 
environmental sustainability, linking keywords such as 
machine learning, AI, carbon footprint, energy consump-
tion, sustainability, education, students, and e-learning. 
The co-occurrence of education-related terms with envi-
ronmental impact keywords indicates that a substantial 
body of literature explicitly addresses the energy and car-
bon implications of AI-driven educational technologies. 

The green cluster focuses on energy management and 
infrastructure-related themes, including energy effi-
ciency, energy utilisation, intelligent buildings, energy 
management systems, and smart grids. This cluster high-
lights research that connects AI applications with energy 
optimisation and sustainability practices within institu-
tional and campus-level environments. The blue cluster 
comprises methodological and technical keywords such 
as learning systems, prediction, neural networks, and 
energy forecasting. These terms reflect the use of AI-
based modelling and predictive techniques to analyze and 
manage energy consumption associated with digital and 
educational systems. Overall, the network demonstrates 

Fig. 3  Keyword co-occurrence network
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that research on AI-related environmental impacts in 
education spans educational applications, sustainability-
oriented infrastructure, and technical energy modelling.

A complementary perspective emerges from the tem-
poral overlay visualisation of keyword evolution (Fig. 4), 
which illustrates how research themes connecting AI, 
energy consumption, and environmental sustainability 
have developed, particularly within higher education. 
The color gradient, from dark blue (older terms, ~ 2020) 
to yellow (recent terms, ~ 2023), reveals a clear shift in 
academic focus. Early studies (2020–2021) concentrated 
on technological and engineering topics such as energy 

efficiency, intelligent buildings, smart grids, and energy 
management, reflecting a technical orientation with 
limited attention to education. Between 2021 and 2022, 
research transitioned toward AI, learning systems, and 
machine learning, signaling efforts to link computa-
tional processes with energy-related outcomes. The most 
recent period (2022–2023), highlighted in yellow, marks 
growing interest in carbon footprint, energy consump-
tion, sustainability, and education-related terms such as 
students, e-learning, and educational computing. This 
late but rapid emergence suggests that concerns about 
the carbon emissions and energy intensity of AI-driven 

Fig. 4  Overlay visualisation of keyword co-occurrence



Page 10 of 19Filho et al. Environmental Sciences Europe          (2026) 38:132 

educational technologies, cloud-based learning, and data 
infrastructures are relatively new. Overall, the overlay vis-
ualisation illustrates a clear evolution of research themes, 
from early technical optimisation of energy systems, 
through the integration of AI and machine learning, to a 
recent focus on educational sustainability and the carbon 
footprint of AI-driven learning technologies.

Further refinement comes from the frequency treemap 
in Fig.  5, which visualises the most frequently occur-
ring terms within the dataset and illustrates dominant 
research themes at the intersection of AI, energy con-
sumption, and sustainability in educational contexts. The 
asymmetrical structure of the treemap reflects the une-
qual distribution of keyword frequencies within the data-
set, where a small number of dominant themes—such 
as energy utilisation, machine learning, and AI, occupy 
a disproportionately large share of the literature. This 
asymmetry is therefore not a visualisation artefact but a 
substantive feature of the research landscape. Prominent 
terms such as energy consumption, energy efficiency, and 
energy management highlight a strong focus on quantify-
ing and mitigating the environmental impacts of AI oper-
ations. These keywords emphasise growing recognition 

that AI’s carbon footprint stems not only from model 
training but also from continuous deployment across sec-
tors, including education. Importantly, the treemap also 
displays education-related terms, including education, 
engineering education, learning systems, and deep learn-
ing, although with comparatively smaller representation. 
Their presence suggests that while most studies analyse 
AI’s environmental impact from a technical perspec-
tive, a smaller but emerging body of work is beginning to 
explore its relevance to higher education. The inclusion 
of carbon footprint further reinforces that sustainability 
concerns are increasingly entering academic discussions 
on AI adoption. Overall, the asymmetry of the treemap 
reflects a concentration of research attention on techni-
cal and energy-related dimensions, with comparatively 
limited focus on institutional contexts, thereby under-
scoring the significance of the present study.

Building on the bibliometric results presented in 
Figs. 1, 2, 3, 4 and 5, the following discussion interprets 
the observed publication patterns, thematic structures, 
and temporal trends to provide deeper insights into how 
AI, carbon footprint, energy consumption, and environ-
mental sustainability intersect within higher education 

Fig. 5  Treemap visualisation of the most frequent keywords in the dataset
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contexts. The pronounced growth in publication output 
observed after 2020 reflects a broader shift in academic 
attention toward the environmental consequences of 
data-intensive digital technologies. This trend aligns 
with increasing concerns regarding the computational 
demands of advanced AI systems, particularly large-scale 
machine learning and foundation models, whose training 
and deployment are associated with substantial energy 
use and carbon emissions [19, 23]. At the same time, AI is 
increasingly recognized as a potential tool for promoting 
sustainability and supporting climate mitigation strate-
gies [26].

One of the most salient findings emerging from the 
bibliometric patterns is the transition from early research 
focused primarily on technical AI foundations and 
energy optimisation toward more sustainability-oriented 
investigations [50]. The increasing prominence of key-
words related to energy consumption, carbon footprint, 
and climate change [29] suggests that environmental 
responsibility has become a central component of AI-
related research. This evolution mirrors broader develop-
ments in the literature on sustainable and responsible AI, 
which emphasize the need to assess not only efficiency 
and performance, but also the environmental externali-
ties associated with AI systems [19, 23, 28].

Within this expanding body of research, higher educa-
tion emerges as a distinct yet still underexamined con-
text [28]. Although education-related keywords appear 
less frequently than technical or energy-focused terms, 
their increasing visibility in recent years reflects grow-
ing recognition of universities as significant sites of 
AI deployment [50]. Higher education institutions act 
simultaneously as developers, adopters, and large-scale 
users of AI technologies, integrating AI into research 
computing, learning management systems, digital assess-
ment, and campus-wide digital infrastructure, all of 
which depend on energy-intensive systems and data-
centre operations [8, 35, 18]. These activities rely heav-
ily on cloud services and HPC facilities, contributing to 
institutional energy consumption and associated carbon 
emissions [29]. Beyond computational workloads, recent 
evidence indicates that universities’ broader digital infra-
structures also generate measurable carbon emissions, as 
energy-intensive digital assets, data transfer volumes, and 
hosting configurations contribute to the environmental 
footprint of academic digital services [22, 28].

Recent campus-scale research demonstrates that AI-
based predictive and optimisation models, particularly 
those employing advanced machine-learning algorithms 
such as XGBoost, are increasingly applied to manage 
energy demand and reduce CO₂ emissions across uni-
versity buildings, highlighting both the scale and com-
plexity of energy systems in higher education [3, 32]. 

Such applications highlight the growing role of AI-driven 
energy forecasting in shaping electricity demand and 
emissions trajectories across higher education campuses 
[50]. Machine-learning-driven forecasting systems have 
also shown substantial potential to enhance energy effi-
ciency and reduce peak demand in campus operations, 
underscoring the operational scale and energy intensity 
of AI-supported infrastructure [50]. Empirical evidence 
further demonstrates that AI-based energy forecasting 
and management systems implemented in university 
campuses can significantly influence electricity demand 
patterns, reinforcing the role of AI-driven infrastruc-
ture in shaping institutional energy use [8]. Despite these 
developments, prior research on sustainability in higher 
education has largely focused on physical infrastructure 
and operational emissions, with comparatively limited 
attention paid to the environmental impacts of digital 
and AI-driven systems [26, 28].

The bibliometric findings further reveal a gap between 
technical research on AI energy efficiency and institu-
tion-level assessments of carbon emissions within uni-
versities. While a substantial portion of the literature 
addresses algorithmic optimisation, energy-aware com-
puting, and predictive modelling, relatively few studies 
explicitly quantify or report the carbon footprint of AI 
adoption in higher education settings. This observation 
is consistent with earlier studies highlighting the absence 
of standardized metrics and reporting frameworks for 
digital emissions in universities [22, 28, 29]. As a result, 
organisational, governance, and policy-related dimen-
sions of AI sustainability in higher education remain 
insufficiently explored [26].

Furthermore, the concentration of research output in 
technologically advanced regions raises important ques-
tions regarding the global representativeness of current 
knowledge. The dominance of publications from North 
America, Europe, and East Asia indicates that empirical 
insights into AI’s environmental impact are shaped pri-
marily by contexts with strong computational infrastruc-
ture and research capacity. This geographical imbalance 
may limit the applicability of existing findings to institu-
tions operating in resource-constrained environments, 
where energy availability, digital infrastructure, and sus-
tainability priorities may differ substantially.

Overall, the bibliometric analysis positions the car-
bon footprint AI in higher education as an emerging yet 
increasingly significant area of inquiry. The observed 
trends highlight the need for research that moves beyond 
technical optimisation toward integrated assessments 
combining computational, environmental, and insti-
tutional perspectives. By situating universities within 
the broader discourse on sustainable AI, this study con-
tributes to ongoing efforts to understand how higher 
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education institutions can reconcile technological inno-
vation with environmental responsibility. Future research 
should also address the methodological standardisation 
of carbon accounting for AI-related activities in aca-
demia. Building on these bibliometric insights, the next 
subsection bridges the gap between scientific evidence 
and institutional practice by examining how universities 
engage with the sustainability implications of AI.

Linking institutional practice with scientific evidence
This subsection connects the findings of the bibliometric 
analysis with empirical evidence from institutional prac-
tice. It examines how universities with substantial AI-
related research and innovation activities acknowledge, 
monitor, and govern their energy use and carbon emis-
sions. The case studies in Table 1 reveal a consistent and 
cross-cutting pattern. Universities are rapidly expanding 
AI-related research and digital infrastructure, yet the 
environmental implications of this expansion are rarely 
articulated as a distinct analytical category. All institu-
tions examined demonstrate substantial engagement 
with AI through HPC facilities, specialised research cen-
tres, or cloud-based computational platforms. This find-
ing is fully consistent with the bibliometric results, which 
reflect a strong and growing research focus on machine 
learning, AI, and computational optimisation. As shown 
in Fig.  6, the case studies span North America, Europe, 
Asia, Africa, South America, and Australia, illustrat-
ing the global cross-regional distribution of institutions 
included in the analysis and supporting the compara-
tive assessment of AI-related energy use and reporting 
practices across different institutional and geographical 
contexts.

The findings reported in Table  1 reflect patterns of 
institutional reporting and governance rather than quan-
tified measurements of AI-specific energy consump-
tion or carbon emissions. These references are not part 
of the bibliometric dataset but are used solely to sup-
port the interpretation of institutional practices. The 
column “Scientific literature informing analysis” pro-
vides a conceptual and analytical reference point used 
to interpret institutional practices in light of established 
scientific knowledge on the energy intensity and carbon 
implications of AI and machine learning. It includes 
both general scientific references and, where applica-
ble, institution-specific sources underpinning the case 
evidence. These references are therefore not presented 
as prescriptive guidance for universities, but as a means 
of situating observed institutional practices within the 
broader research literature. Despite the expansion of AI-
related infrastructure across the cases, energy reporting 
remains largely aggregated. Universities typically dis-
close total campus energy use or data-centre electricity 

consumption, but these figures are not disaggregated to 
reflect AI workloads specifically. From an analytical per-
spective, this aligns with the scientific literature, which 
has shown that AI-related energy consumption is often 
embedded within broader computational activity and is 
therefore difficult to isolate without dedicated monitor-
ing frameworks [15]. The absence of AI-specific energy 
metrics should therefore be interpreted not as an institu-
tional anomaly, but as a systemic limitation reflecting the 
current state of energy use reporting practice.

Carbon footprint reporting exhibits a similar pattern. 
Most universities publish institutional carbon invento-
ries, frequently structured around Scope 1 (direct emis-
sions), Scope 2 (indirect emissions from purchased 
energy), and occasionally Scope 3 (other indirect emis-
sions) [6, 31], as illustrated in Fig.  7. However, none 
of the cases examined explicitly attribute emissions to 
AI systems, machine learning training, or algorithmic 
workloads. This absence is particularly notable given the 
growing body of scientific evidence demonstrating that 
large-scale AI models can have substantial carbon foot-
prints [26], especially when trained on energy-intensive 
infrastructure or powered by carbon-intensive electricity 
grids [23, 39]. From a practical perspective, the scope-
based framework illustrated in Fig.  7 provides a useful 
basis for developing AI-specific reporting approaches 
in higher education. AI-related emissions may be dis-
tributed across Scope 1, Scope 2, and Scope 3 categories 
depending on how computational activities are hosted 
and powered. For example, on-campus data centres and 
institution-owned HPC systems may contribute to Scope 
1 emissions where direct fuel use is involved, e.g., backup 
generators, and to Scope 2 emissions through electric-
ity consumption required to operate Graphics Process-
ing Units (GPU) clusters and cooling systems. Similarly, 
AI workloads executed on university-owned GPU infra-
structure are typically reflected in Scope 2 emissions 
through purchased electricity use. In contrast, AI ser-
vices delivered via external cloud providers, e.g., large-
scale model training or inference conducted off-site, fall 
under Scope 3, as indirect emissions associated with 
third-party digital services. Additional Scope 3 contri-
butions may arise from the embodied emissions of AI 
hardware, including GPUs and specialised computing 
equipment within supply chains. Applying this frame-
work with such distinctions can support more transpar-
ent and operationally meaningful reporting of AI-related 
environmental impacts, enabling institutions to better 
identify, monitor, and manage emissions associated with 
digital infrastructure.

The discussion also highlights a governance gap. While 
the literature increasingly calls for “Green AI” approaches 
that prioritise energy efficiency, transparency, and 
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responsible deployment [34], universities rarely trans-
late these principles into formal sustainability reporting 
or AI governance frameworks. Where mitigation strate-
gies are mentioned, such as energy-efficient data centres 
or renewable energy procurement, they are generally 
framed as institution-wide sustainability measures rather 
than responses to AI-specific risks. This reinforces the 
bibliometric observation that education-related consid-
erations remain secondary within the broader AI–energy 
discourse. The consistent absence of AI-specific energy 
reporting across the case studies may be explained by 
several interrelated factors. First, technical constraints 
make it difficult to isolate AI workloads within shared 
computing environments, particularly in HPC infra-
structures where multiple processes run concurrently. 
Second, institutional reporting practices typically aggre-
gate energy consumption across digital and ICT systems, 
reflecting established accounting conventions rather than 
deliberate exclusion of AI-related impacts. Third, cur-
rent sustainability reporting frameworks do not require 
AI-specific disaggregation, reducing incentives for uni-
versities to develop more granular monitoring systems. 
Taken together, these factors suggest that the absence of 
AI-specific reporting reflects a combination of technical, 
institutional, and regulatory limitations rather than a sin-
gle underlying cause.

The case studies In Table 1 demonstrate that the envi-
ronmental implications of AI in higher education are 
largely implicit rather than explicit. The lack of AI-spe-
cific energy and carbon metrics is not simply a data gap 
but a structural characteristic of current institutional 
practice. By situating this finding within a well-estab-
lished scientific literature on AI energy consumption and 
carbon footprint, the study provides robust evidence that 
universities have yet to operationalise emerging research 
insights into transparent and standardised sustainabil-
ity governance. This misalignment represents a critical 
challenge for higher education institutions seeking to 
balance rapid digital transformation with environmental 
responsibility.

Conclusions
This study set out to examine how the environmental 
implications of AI are addressed within higher education, 
focusing specifically on energy consumption and carbon 
footprint in relation to universities’ expanding use of AI-
enabled technologies. Combining a large-scale bibliomet-
ric analysis with an institution-level case study approach, 
the study provides a structured overview of both the 
evolution of academic knowledge and its reflection in 
institutional sustainability practices. Given the meth-
odological design, the findings should be interpreted as 

Fig. 6  Global distribution of the university case studies included in Table 1. Points indicate institutional locations for the selected case-study 
universities; labels identify each institution. The map is a compilation by the authors based on publicly available institutional case-study evidence 
presented in Table 1 (source: figure by authors)
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indicative of prevailing patterns rather than as a compre-
hensive or causal assessment, highlighting areas where 
research insights are only partially reflected in institu-
tional reporting and governance.

The bibliometric analysis of 461 peer-reviewed pub-
lications reveals a rapidly expanding and increasingly 
interdisciplinary research field. Academic attention has 
shifted over time from technical and engineering-ori-
ented studies of energy optimisation toward a broader 
engagement with sustainability, carbon footprint, and 
climate-related concerns. Although education-related 
terms have become more visible in recent years, higher 
education remains a secondary context within this lit-
erature, with universities rarely examined as organisa-
tional actors responsible for managing the environmental 
impacts of AI deployment. This finding indicates that 
much of the existing research addresses AI’s environmen-
tal footprint in abstract or technical terms rather than in 
relation to institutional governance and reporting. The 
case study analysis provides complementary evidence at 
the institutional level. Universities included in the analy-
sis demonstrate substantial engagement with AI through 
research-intensive computing infrastructure, specialised 
AI centres, and cloud-based digital platforms. Despite 
this widespread adoption, sustainability and environ-
mental reporting remain largely aggregated at campus or 
ICT level. Publicly available reports consistently disclose 
energy use and greenhouse gas emissions at institutional 

scale, yet AI-specific energy consumption and carbon 
emissions are not explicitly identified or disaggregated. 
This pattern reflects structural limitations in current 
reporting frameworks rather than isolated institutional 
shortcomings and highlights a disconnect between scien-
tific understanding of AI’s environmental impact and the 
way sustainability is operationalised within universities.

The fact that AI-related energy is not separately 
reported may reflect both technical constraints—such 
as the difficulty of isolating AI workloads within shared 
computing infrastructure—and institutional discretion 
shaped by the absence of mandatory reporting standards. 
It likely represents a combination of these factors, com-
pounded by the fact that sustainability reporting frame-
works (e.g., STARS) do not yet require such granularity 
at the level of AI-specific energy use and carbon emis-
sions. While such frameworks include provisions related 
to ICT and data-centre efficiency, these are generally 
embedded within broader infrastructure metrics, and do 
not typically mandate the disaggregation of AI-related 
computational workloads within institutional energy and 
emissions reporting. Future research could investigate 
whether universities possess the metering capability to 
report such data and what policy changes might incentiv-
ise greater transparency.

These findings carry important implications for both 
research and practice. To operationalise such improve-
ments in practice, universities would need to develop 

Fig. 7  Scope 1, Scope 2, and Scope 3 greenhouse gas emissions in higher education institutions, illustrating direct, indirect energy, and other 
indirect emission sources. Scope definitions adapted from Paredes-Canencio et al. [31], (source: figure by authors)
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more granular monitoring capabilities for digital and AI-
related infrastructure. This includes the ability to meas-
ure energy consumption at the level of individual servers, 
GPUs, or high-performance computing workloads. In 
addition, institutions would need to collect and integrate 
workload-level data, such as the type of computational 
task, processing duration, and hardware specifications, 
in order to attribute energy use to specific AI activi-
ties. Achieving this would require closer coordination 
between facilities management, IT services, and research 
computing units, as well as the development of standard-
ised reporting protocols. In the absence of such technical 
and organisational arrangements, AI-related energy con-
sumption is likely to remain embedded within broader 
institutional energy figures, limiting the ability to identify 
targeted mitigation strategies.

For the academic community, the results underscore 
the need to move beyond technical assessments of AI 
energy use toward institutional and governance-oriented 
analyses that consider how universities account for and 
manage the environmental consequences of digital trans-
formation. For higher education institutions, the absence 
of AI-specific metrics points to an urgent need for clearer 
reporting standards and governance frameworks capable 
of capturing the energy and carbon implications of data-
intensive research and AI-enabled teaching. Developing 
such frameworks would support more transparent deci-
sion-making and align institutional sustainability strate-
gies with emerging research insights on responsible and 
sustainable AI.

Several limitations should be acknowledged. The pri-
mary limitation of this study lies in the use of biblio-
metric analysis, which provides a structured overview of 
the literature but does not involve a detailed qualitative 
or content-based examination of individual studies. As 
a result, the analysis captures dominant trends and the-
matic patterns rather than the full conceptual depth of 
the field. Second, the case study component relies exclu-
sively on publicly available institutional documentation, 
which reflects what universities choose to disclose rather 
than necessarily capturing internal practices or ongoing 
initiatives. Relatedly, the institutional reports analysed 
were published in different years, which may not fully 
capture the most recent developments in all cases. Third, 
the study does not attempt to quantify AI-specific energy 
consumption or carbon emissions, primarily due to the 
limited availability of disaggregated data at institutional 
level. Finally, the bibliometric dataset is restricted to pub-
lications indexed in Scopus and may not include relevant 
grey literature or policy reports. These limitations indi-
cate that the findings should be interpreted as explora-
tory, while also highlighting important directions for 
future research.

Future research could address these limitations in 
several ways. Empirical studies involving direct col-
laboration with universities could explore internal data 
on AI-related energy use and develop methodologies 
for more granular carbon accounting. Comparative 
analyses across national or regional higher education 
systems could shed light on regulatory and policy fac-
tors shaping institutional responses to AI sustainability 
challenges. Further work could also examine the role of 
emerging standards, reporting guidelines, and respon-
sible AI frameworks in supporting more systematic 
integration of environmental considerations into uni-
versity governance. Future studies could also expand 
the range of case study institutions to assess the gener-
alisability of the patterns identified across a broader set 
of higher education contexts.

Globally, this study demonstrates the growing impor-
tance of AI to the operations of higher education insti-
tutions, and the need for a greater understanding of the 
role its use plays when cross-checked against sustain-
ability initiatives at universities. As major producers 
and users of AI technologies, universities are uniquely 
positioned to align technological innovation with envi-
ronmental accountability. This can lead to transparent 
sustainability audits for AI systems, the implementa-
tion of energy-efficient computing standards, and the 
embedding of ecological ethics into both the computer 
science curriculum and campus-wide digital infrastruc-
ture. Such audits could be undertaken by institutional 
sustainability offices in coordination with IT services 
and research computing units, and, where appropriate, 
supported by external assurance providers. Emerging 
tools such as CodeCarbon and related machine-learn-
ing carbon accounting frameworks offer initial opera-
tional approaches, although standardised institutional 
methodologies for AI-specific energy and carbon 
reporting remain underdeveloped. Such integration 
can transform universities from passive consumers 
into architects of a sustainable digital future, ensuring 
that the pursuit of AI advances is not in spite of our 
planetary boundaries, but in harmony with them. The 
achievement of these goals will require closer integra-
tion between scientific research, institutional practice, 
and governance frameworks capable of responding 
to the environmental demands of an increasingly AI-
driven academic landscape.
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