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Abstract

The growing need for computational resources and energy to de-
velop, train, and run Machine Learning models has been gaining
increasing attention. Still, while a considerable body of research is
focusing on tools and methods to calculate the energy consumption
and carbon footprint of ML processes, there is a distinctive lack of
research into the perceptions, practices, challenges and behaviors
of ML practitioners regarding the environmental sustainability of
their work. To address this gap, we conducted a series of semi-
structured interviews with ML practitioners from academia and
industry to understand how they engage with the topic within
their teams. We found that sustainability, even within our relatively
motivated interview cohort, was still seen as a ‘nice-to-have’ with
considerations such as speed, market competition, or time man-
agement considered as having higher priority. We discuss these
findings in-light of prior work on sustainability within household
and work settings and highlight the need for individual as well
as collective responsibility and agency. This work contributes to
the design and development of future ML eco-feedback tools and
promotes sustainable awareness and practices within this context.
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1 Introduction

The rapid adoption of machine learning (ML) across industries
has brought significant environmental challenges [2, 9, 24, 25, 94].
As ML models increase in scale, complexity and deployment, the
resources required to support them—spanning water, minerals, en-
ergy, and labor—have grown substantially [2, 21, 24]. Among these,
the rising energy demand of large models and the resulting carbon
emissions have drawn particular attention [17, 25, 46]. In response,
the ML community has been increasingly focused on measuring
and mitigating the carbon footprint of ML processes[71, 105]. Ex-
isting efforts include a variety of calculation techniques and ML
eco-feedback tools such as computational schedulers [5, 102], data
visualizations [23, 63, 98], recommendation interfaces [51, 110] and
product performance ratings [13]. Despite these advancements,
however, the perceptions, observations, experiences of ML prac-
titioners regarding the sustainability of their work have yet to be
empirically studied or integrated into sustainable ML initiatives. To
address this gap, we conducted interviews with 23 ML practitioners
spanning a various industries, roles, application areas, and domains.

Our findings reveal a growing interest in sustainable or Green
Al [94] practices, yet many practitioners hold vague or incomplete
assumptions about ML’s environmental impact. Participants cited
various barriers to action, including beliefs that their individual con-
tributions are negligible, disciplinary challenges, and the perceived
value of ML outputs. We summarize participants’ suggestions for
fostering sustainable practices both individually and collectively,
and explore two overarching themes that emerged from our inter-
views: (a) who holds responsibility for environmental sustainability,
and (b) who has the power and agency to act. This work provides a
nuanced perspective on the discourse around Green Al, grounded
in the lived experiences of ML practitioners. It offers practical in-
sights for designing and developing effective eco-feedback tools
and promoting sustainability awareness within the ML community.

2 Related Work

2.1 Environmental Impact of Machine Learning

The greenhouse gas (GHG) emissions caused by Information Com-
munication Technology (ICT) account for 2.1%-3.9% of global GHG
emissions, having more than doubled over the past decade, and
will continue to grow if left without intervention [42]. For instance,
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Google reported a 48% rise in GHG emissions over the past five years
due to its data centers [46, 76], and training OpenAI’s ChatGPT-3 is
estimated to have consumed approximately 700,000 liters of clean
water for data center cooling [65], along with electricity equivalent
to the annual consumption of about 130 US households [17]. Such
substantial resource demands have delayed the retirement of coal
power plants [49] and intensified conflicts with local communities
in regions like the United States and Spain [35, 68, 69], and while
some of this energy required can come from renewable or carbon
credit-offset resources, such measures remain limited in availability,
costly to the environment and may even take away from other
potential uses of green energy [4, 9]. This impact is not only signif-
icant but also challenging to measure [59, 71], with terms such as
“cloud” computing and “artificial” intelligence making this process
even more intangible and abstract [24, 25, 52, 75].

To mitigate the issue, various tools are currently being developed
that calculate model energy consumption and carbon emissions [5,
61, 63, 98], also referred to as ML eco-feedback tools [50]. Such tools
typically work by taking input data related to ML work (e.g., GPU,
memory, runtime) through automatic monitoring or manual input
by users, and through calculations based on specific formulas, they
provide an estimate of energy consumption and carbon emissions
as output in various forms. Although these tools vary in how they
retrieve data (e.g., through automatic monitoring or manual input)
and in how they present results, they are essentially eco-feedback
technologies designed to promote eco-friendly behavioral change
and reduce environmental impact [44] of ML work.

2.2 Sustainability Awareness in Home and
Workplace Settings

Given the significant proportion of emissions attributed to individ-
ual or household activities [6, 82] numerous studies have focused on
understanding and influencing sustainability awareness and prac-
tices within the household context, including sustainable aware-
ness evaluation [16, 60, 80], interventions aimed at raising aware-
ness [48, 55, 90, 99], and challenges associated with implementing
such interventions [7, 91, 96]. Domestic energy use has great po-
tential for reduction [27] among others because it is closely linked
to personal awareness and behavior [47]. Yet, energy consumption
in the workplace also accounts for a considerable part of overall
energy usage. For instance, in the US, work settings account for 36%
of electrical energy consumption [112]. And across Europe, electric-
ity consumption in non-residential buildings has increased by 74%
over the last 20 years [34]. Nonetheless, in contrast to residential
energy, research focused on energy consumption and sustainability
awareness in the workplace remains relatively limited [86]. This
may partly stem from additional barriers in organizational settings,
such as the lack of direct financial responsibility and feedback on
personal actions, as well as shared facilities and workspace [18, 33].
Nevertheless, some HCI research has adopted approaches similar to
those used in domestic settings to enhance sustainability awareness
in the workplace, including gamification [45, 83, 100, 103], visualiza-
tion [12, 87, 111], internet of things (IoT) sensors [1, 58, 88] as well
as hybrid approaches [84]. Still several risks including privacy, mis-
interpretation, and cost in making workplace energy practices more
transparent have been documented in work settings [95] together
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with a lack of individual visibility of consumption, complexity of
workflows, and technological limitations [57]. To mitigate these,
research has suggested more personalized [20] and role-specific
feedback [40].

Despite existing studies on workplace sustainability, there re-
mains a lack of research specifically addressing ML work settings,
which present unique characteristics and challenges. In order to
design appropriate energy interventions, workplace characteristics
and contexts need to be well understood [8, 15, 20, 40, 95]. Still,
most of this research refers to building or facilities energy usage
rather than ICT making the issue here especially pertinent for ML
workplaces given the computational demands and distributed in-
frastructure required. While existing research has explored ML
practitioners’ practices and perceptions in contexts such as ML
fairness [29] and responsible AI [73], the environmental impact
of ML and practitioners’ sustainability awareness remain largely
unexamined.

3 Methodology

We conducted semi-structured interviews with 23 ML practition-
ers spanning various backgrounds (see Table 1), and coded the
interviews through a collective and iterative thematic analysis ap-
proach [14].

Participant Recruitment. Our recruitment criteria for the inter-
view study involved professionals working on ML pipelines re-
gardless of the country of residence, age, gender, educational back-
ground, or specific role. We adopted a broad definition of ‘ML
practitioners’ to refer to developers and researchers that apply data-
driven artificial intelligence techniques to solve practical, prediction-
based problems, regardless of the dataset size, data type, or appli-
cation domain. We created a pre-interview registration form, with
two control questions to check how many years of experience par-
ticipants had working with ML and a brief explanation of what
their role involved. Participants who did not provide sufficient in-
formation about their role definition were excluded from the study.
This was to ensure that the interviews would be realized with the
appropriate target audience and avoid spam.

We used a snowball sampling method for recruitment. Initially,
we created a recruitment poster which we shared across relevant
professional platforms such as social media (e.g., LinkedIn, X, Red-
dit), online mailing-list communities for ML professionals and uni-
versity research subject newsletters. At the same time, we also sent
e-mail invitations to eligible contacts from our professional net-
works, and during interviews, we asked the interviewees to further
share the recruitment call within their own networks. After review-
ing the responses from the pre-interview registration form, suitable
participants were invited to a 45-minute online video-call interview
at a time of their convenience. Before the interview, participants
were sent a digital information sheet and consent form. This study
was approved by our university’s ethics board.

We recruited 23 ML practitioners as participants for our inter-
view study. These participants ranged in age from 18 to 40 years
old and held various roles, including ML engineer, data scientist,
algorithm engineer, manager when coming from the industry, and
lecturer/assistant professor, undergraduate/PhD student, Postdoc
researcher when coming from academia, with their experiences
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ranging from 1 year to more than 10 years. A small number of
participants were excluded due to limited or irrelevant experience
with ML work according to the responses from the pre-interview
form.

Interview Design and Process. The interview plan outlined key
topics and potential questions for exploration, comprising of 27
open-ended questions organized into four sections: 1) background
information, 2) work practices, 3) sustainable factors in work prac-
tices, and 4) sustainability awareness, policies, and industry trends.
An indicative interview plan can be found in the supplementary
materiall. The interviews were not strictly bound by the interview
plan instead, the plan served as a guiding framework for researchers
to facilitate in-depth exploration of relevant topics. For instance, in
a few cases, the plan was modified to include more detailed ques-
tions on the participants’ backgrounds and practices. We conducted
three online video pilot interviews to evaluate the interview plan,
recruiting participants who matched the inclusion criteria. Pilot
interviews were excluded from the analysis and were only used to
improve the interview guide by rephrasing, adding, or removing
certain questions to ensure clarity, flow, and inclusivity.

We conducted the final semi-structured interviews with the 23
participants on MS Teams. We recorded and transcribed all inter-
views via the platform’s embedded features except one, where the
participant requested not to have a recording and we took active
notes during the interview instead. Interviews averaged 45 min-
utes, with some extending up to 80 minutes as participants shared
additional insights. Each participant received a £15 (GBP) voucher
as compensation.

Following our interview plan, we started the interview by ask-
ing participants to describe their current role and responsibilities,
including how they interact with ML, their work structure and
the typical work process. In particular, we paid attention to under-
standing what the criteria were for them when they were trying to
make various decisions during the work and examined if and how
sustainability played a role. Then, we probed participants broadly
on “sustainability”, beginning with the question “What does the
term ‘sustainability’ mean to you (in the context of ML/AI)?” to
understand how they interpreted the term “sustainability”. Only
then did the questions zoom into environmental sustainability of
ML, including the sustainability factors in their work practices, if
and how their perceptions of sustainability were applied, and if they
had experience using any carbon tracking tools. Finally, we queried
their opinions regarding sustainability in the wider context of ML,
as well as if and how external factors such as policy can affect the
perception and application of sustainability. The interviews took
place from September to December 2024.

Analysis. We conducted an inductive thematic analysis of the
interview data, following Braun and Clarke [14]. We began by revis-
iting all 23 transcripts to gain familiarity with the content. Then, we
systematically coded the interviews, starting with all researchers
individually coding the same 3 transcripts to help alignment. The
authors held weekly meetings to discuss and reflect on the codes
and emerging themes. Once initial themes were generated, each

1Full interview
1£6£807c215d4e56bf7eaa5fc113b0c3

plan: https://osf.io/3sbg4/?view_only=
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researcher independently coded a different set of 3 transcripts each
time, while still collaboratively reviewing and clustering codes to
merge commonalities. After several iterations on the themes and
their relationship, we generated the final set of themes. We used the
web-based thematic analysis tool Atlas.ti for coding and clustering.

4 Findings
Our thematic analysis produced three core themes. While these are
outlined here separately, they have clear intersecting aspects and
they form part of the larger narrative the participants brought into
our discussions.

4.1 Current Perception and Understanding of
Sustainability

4.1.1 Interest in Sustainability of ML. While most participants were
somewhere in-between, some participants expressed little interest
in the environmental sustainability of ML (P21, P6A), and others
demonstrated deep concern, even reporting experiences of eco-
anxiety and carbon guilt related to climate change (P51, P15I, P18A).
These participants reflected on the environmental footprint of their
work: “It’s something I feel guilty about, and I do try to keep it in
mind” (P18A).

There has been a documented increase in interest in the envi-
ronmental impact of ML as also expressed by participants due to
recent academic and popular media articles or even discussions on
online platforms (P3A, P5I, P8I, P10A). P10A for instance, vividly
recalled their perceptions and understanding during past projects
with large language models (LLMs), explaining how their behavior
would have been different with their current awareness about the
extensive resource consumption of LLMs, stating: “Because it’s like
very apparent nowadays just how much resource those are using.
So if I were to go back, I guess it’s something I'd want to consider,
but it was something I didn’t really understand, I guess at the time”
(P10A).

More than a quarter of the participants also critically discussed
the lack or inadequacy of action in the field, indicating the emergent
interest in the topic does not echo in their work. “I think sustain-
ability was never really a main concern in any of the environments
[academia or industry] that I've been in, and I feel like that is the
case for a lot of the institutions that are doing ML research. This
is unfortunate though, like I don’t endorse it. I don’t like it (P5I).
Only a small number of participants elaborated on the existence of
ML sustainability discussions or measures at their work and those
were most often received with surprise. P16IA for instance recalled
arecent event they attended on the use of Al in the armed forces: “it
was the first time in a very long time, one of the delegates actually
asked around sustainability of Al That is a rare, rare comment to
have had, and I’ve not had that for years before then.” (P16IA).

However, it became apparent that even the participants who
cared deeply about the issue perceived environmental sustainability
as a moral and ethical issue to consider voluntarily, rather than a
necessity, describing that they just “try to be as responsible as they
can" (P20A). This sentiment was elaborated directly and indirectly
throughout the interviews: “It’s a good ethos to have and it’s kind of
like, you know, a morality thing. It’s like, ‘at least 'm not completely
abandoning all hope and care’ ” (P18A).
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Participant ID ‘ Domain Job title Years of experience Gender ‘ Age ‘ Place of Residence
P1A Academia Assistant Professor 10+ Female 31-40 United Kingdom
P21 Industry Algorithm Engineer 3 Male 18-30 China
P3A Academia PhD Student 4 Male 18-30 United Kingdom
P4A Academia PhD Student 1 Male 18-30 Belgium
P5I Industry ML Engineer 10 Woman 18-30 Turkey
P6A Academia PhD student 3 Male 31-40 United Kingdom
P71 Industry ML Engineer 1 Male 18-30 China
P8I Industry Senior Manager 10+ Female 31-40 United Kingdom
P9A Academia PhD Student 4 Female 18-30 Australia

P10A Academia PhD Student 7 Woman 18-30 United Kingdom
P11IA Academia & Industry Al Engineer 3 Male 18-30 Turkey
P121 Industry Advanced Analytics & Al Strategy Lead 4 Male 31-40 United Kingdom
P13A Academia Undergraduate Student 2 Male 18-30 United Kingdom
P14A Academia PhD Student 7 Woman 31-40 Turkey
P151 Industry Al Solutions Architect 10+ Male 18-30 United Kingdom
P16IA Academia & Industry Assistant Professor 10 Male 31-40 United Kingdom
P171 Industry Associate Prefer not to say Prefer not to say | Prefer not to say Prefer not to say
P18A Academia PhD Student 4 Male 18-30 United Kingdom
P191 Industry Senior Data Scientist 4 Female 18-30 United Kingdom
P20A Academia Lecturer 8 Male 31-40 United Kingdom
P21A Academia Postdoc Researcher 4 Male 18-30 United Kingdom
P221 Industry Responsible Al Lead 10+ Female 31-40 Spain
P23A Academia Research Fellow 5 Male 31-40 Ireland

Table 1: Participants’ backgrounds as collected from the pre-interview survey. Gender is here as self-described by the participants.
For each participant number, a letter ("A", "I", or "IA") is appended to indicate whether the participant’s background is from

academia, industry, or both.

4.1.2  Assumptions on ML’s footprint. While the majority of the
participants expressed concern about the environmental footprint
of machine learning, their understanding on the level of the energy
usage and related environmental harm varied. Even the participants
who took measures to lower their computational power suggested
that ML’s footprint is not as much of a major contributor to car-
bon emissions as it appeared, making rough assumptions of what
percentage ML operations contribute to the global or national en-
ergy consumption (P21A, P23A) “I think it will be some effect of
machine learning on environmental sustainability. But still, when
you look at other subjects it will not be too big. OK. It is important,
I agree. But it affects maybe two per cent, three per cent? I don’t
think it’s more” (P21A). P2I also discussed the highly efficient ML
industry to support this position: “I think, overall, the efficiency
of using resources is pretty high in the ML industry. And, for now,
the impact, the emission, is pretty small” (P2I). P23A further de-
scribed sustainability as something to be addressed down the road
rather than a priority compared to other sustainability efforts their
institution is focused on, “We’re doing a lot of this low-hanging
fruit stuff at the moment, you know, like we’re insulating the walls,
we’re replacing the windows, we’re replacing the boiler systems.
So for someone in to be looking at how much the machine is using
[..],it’s a long way down the pecking order, I suppose.” (P23A)
Echoing this stance, several participants also referred to other
industries, either ICT or technologies like Bitcoin (P18A) or even
traditional industries like fossil fuels for comparison (P2I), stating
that the environmental impact of ML is “pretty small compared
to traditional industries" (P2I), and these industries are “obviously
not quite comparable” (P18A) to what they are doing. P21A also
associated the perceived high energy consumption levels with the

fact that ML is an umbrella term involving operations in a variety
of industries.

Moreover, multiple participants voiced their doubts about the
media’s representation of the topic. For instance, during the in-
terview, P5I questioned the reliability of information shared on
the footprint of certain LLM models by news outlets while still
expressing their will to believe in it. “I just hear that, but as I said, I
didn’t research it myself. And news... I always... Like [they’re] too
sensational. So I'm not sure. I was not sure if it was correct or it
was a bit bloated, but I would believe it if it were true" (P5I). Similar
skepticism on the data published in the media was shared by other
participants as well, as P16IA mentioned: “and again, the media
misuses it a little bit." demonstrating the need for direct and more
transparent sources of energy documentation.

4.2 Challenges and Reasons for Inaction

Throughout the interviews, participants reflected on a variety of
reasons that have prevented them from considering sustainability
in their work. These included perceptions around individuals’ roles
and responsibilities, disciplinary challenges, perceptions related
to the value and benefit of ML operations, and practical consid-
erations or limitations including the inherent uncertainty of ML
development and of energy consumption.

4.2.1 Individuals’ role and responsibility. There was a consistent
perception of the minimal role and responsibility individuals can
have. This sentiment was discussed through different viewpoints
such as the belief that their works’ contribution to environmental
harm is negligible, and skepticism about who holds responsibility.

Participants believed that their contributions were not a ma-
jor factor compared to contributions of other models, domains or
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phases/roles. They particularly emphasized how models and pro-
cedures they have been working on have been “fairly lightweight”
(P19I), “quite basic” (P3A), or “just on my local machine without
big servers" (P10A), and it is "a very small amount of this unsus-
tainable system because there are much more powerful models"
(P11IA). Some of these participants also specifically pointed towards
LLMs as the energy-intensive model instances that rely on massive
datasets, to direct our attention and efforts towards —especially
with regard to the training phase, indicating that not all phases of
the ML pipeline contribute to the environmental footprint equally.

Some participants referred to this imbalance among phases to
explain how their role does not involve the most computationally
heavy procedures. For instance, P19], a senior data scientist working
in healthcare, explained how sustainability just recently started
to be a consideration for them as they started working on LLMs
but the participant’s role did not involve the training of it. As P5I
explicitly mentioned, "What I do is I just so minuscule compared
to pre-training. [Although] there might be people who do it in the
company" (P5I).

Another participant, P14A, who is a PhD student working in
computer science, echoed this view and similarly pointed to NLP as
a highly consuming area: “You know, some firms working on NLP.
If I was a member of these firms, I would be also aware of it. But in
my lonely research, the environmental resources I am wasting is not
comparable with this” (P14A). Another PhD student in life sciences
(P18A) reflected on ChatGPT —an LLM based chatbot, claiming that
“probably the focus as usual needs to be on the people at the top
who are using large amounts of energy. You know, I love ChatGPT.
It’s been transformative, like I'm super grateful for it. But on the
other hand, it’s using massive amounts of energy, maybe things like
that need to be targeted first and then, you know, you see where
you can go from there” (P18A).

Importantly, participants also conveyed a lack of individual
agency to act on or cause change, both from academia and industry.
As P23A —who works at a research center that bridges industry
with academia mentioned, “Some of the figures are a bit shocking,
I suppose. You know, you wonder where the line is, but as an indi-
vidual, I suppose you can’t really do much about it” (P23A). This
and other quotes indicated participants’ overarching view that the
responsibility lies with tech service providers and big technology
corporations. P23A also mentioned that even if not as small as that
of a domestic user, their impact would still not be comparable to
bigger organizations: “Like when you think it as a nation, we prob-
ably burn about 6 gigawatts a day across the country.[..] So we’re
[as a research centre] not even 1 per cent of that. We’re not even 0.1
per cent of it. So like, unless you’re using in megawatts, you’re not
gonna change the world. You know, you have to go after the people
who are burning megawatts" (P23A). P8I, a senior manager in ML
industry discussed that without “big tech” companies “consider(ing)
any additional sustainable actions", industries that are using their
off-the-shelf tools would not be able to “take action themselves".

4.2.2 Disciplinary challenges. Another theme that emerged in the
interviews was related to the challenges that stemmed from domain
priorities, the nature of the field, and the fundamental ways in which
work is conducted within it.
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“In my opinion, the hard focus on model performance should
change because increasing model performance is the key to this
unsustainable way” (P11IA). Echoing Section 4.1.1, we repeatedly
heard how sustainability was not a priority in participants’ work.
As P18A succinctly explained it: “Environmental sustainability is
not one of our results, it’s not a metric of performance”. Partici-
pants pointed out several possible reasons for this, such as time,
labor, and resource limitations (P51, P14A), lack of external drivers
(e.g., client interest or conference procedures) (P1A, P14A), lack of
internal sustainability accountability mechanisms (P9A, P23A) and
bureaucracy or legacy issues (P12A, P23A).

The nature of the work was described as ’fast’ and "competitive’.
P51, a machine learning engineer at an LLM startup, emphasized the
competitive nature of the field: “We’re startup, and we’re moving
super fast because everyone in this field are like, every time you see
a state-of-the-art model, doing the best on benchmarks and things
like that” (P5I). Meanwhile, academic participants further discussed
the time limitations specific to research work, such as the pressure
to publish papers (P14A), the need to complete a research project or
a PhD within a set timeframe (P9A, P10A, P14A, P18A, P23A), and
the competitive environment around finishing and publishing their
latest research (P14A). “I need to do my research and if I was to tell
my supervisor no, I'm not going to use the HPC because I feel bad
for the penguins in the Antarctic, then that wouldn’t go down so
well” (P18A). This standpoint was also shared in industry where
participants discussed that even if they were provided with eco-
feedback of their process, “in the end of the day, (they) still need to
do the things that (they) need to do” (P19I). At the same time, some
participants reflected on time limitations referring to optimization
of their models for efficiency, only if “you’re a huge company and
have people dedicated to working on it" (P5I), while others were
suggesting that the inadequacy of allocated resources and time
pre-development, such as “user research or customer (sectors) to
nail down the end goal” (P19]) was also a limitation.

While sustainability was not a central concern, other metrics,
such as performance or accuracy (P8, P6A, P9A, P11IA, P12I, P13A,
P18A, P21A) and metrics like data quality (P7L, P11IA, P21A), model
fitting (P171), and fairness (P10A, P12I, P19, P22I) or interpretability
(P18A) received primary attention in the process: “The model accu-
racy is more on the front than the sustainability.” (P11IA). Although
several participants discussed metrics for efficiency and optimiza-
tion processes, P21A emphasized the importance of maintaining
accuracy, stating; “If my accuracy goes down too much, I directly
stop the optimization there” (P21A). Ethical considerations like bias,
interpretability, and fairness were also often prioritized, unlike sus-
tainability. This, however, differed among domains as for instance,
participants working in healthcare referenced the sensitivity and
high-stakes nature of their field: "I would prefer to have a slightly
less accurate model, but that, that is not biased against a certain
patient subgroup or demographics” (P19I).

This also emphasized that there are limited internal account-
ability practices in place. P19I described for instance how there
is no need for energy justification in their workplace: “As long as
I'm able to justify (you know) the use of those resources. Then it’s
generally OK [as long as I do not forget] to shut down the cluster
during the weekend.” (P19I).
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Similar to the lack of internal sustainability accountability prac-
tices, there was also a documented lack of external drivers. Partic-
ipants repeatedly acknowledged that neither the customers they
work with nor the industry partners are in demand of sustainability
considerations associated with the ML process, but are rather stress-
ing performance. One of them with a background in the mining
industry compared: “In production mine site, it’s very common. It’s
needed. it’s the must. But in machine learning they don’t. They
don’t have awareness about how resources are used.” (P14A). Simi-
larly, P16IA, who is based in both academia and industry, brought
up the lack of consideration from their country’s major funding
bodies: "[environmental sustainability] is not part of any require-
ment as part of [Name] Research funding." (P16IA). And P1A, an
Assistant Professor in Computer Vision, also discussed how the con-
ferences were not adopting sustainability accountability practices
mentioning how “.this is not in the agenda, it’s not like a priority.
And therefore, even if you do hear about these issues, [they are]
not part of your responsibility as a researcher” (P1A).

4.2.3  ML’s value and benefit. Participants described that another
reason for inaction is the perceived value and benefit of ML. Some
of the participants touched on the notion of ‘doing the best they
can’ while acknowledging the revolutionary benefits of ML (P20A)
and striving to find a balance between benefiting from ML and
minimizing the harm (P51, P15I). “You want heavily performance
model or you want highly sustainable model? So I think, for me, I
have to find a sweet spot, a balance between these two" (P15). As
participants came from a variety of backgrounds and domains using
ML for various purposes, their perception of the societal value of
their work differed. For instance, participants working in healthcare
communicated that healthcare helped ‘save lives’ and thus differed
from some other fields (P18A, P19, P21A). “Generally, in my area,
people care about accuracy, not energy consumption. Yeah, actually,
they are not wrong because in medical cases, if your accuracy is less
because of your energy consumption (meaning reduction), people
will judge you basically." (P21A). This was contrasted with other
more theoretical disciplines: “if I'm a mathematician doing some
pure math analysis where I'm dealing with these crazy numbers,
I would expect people like that [to] have an obligation to be a
bit more energy efficient. [..] Whereas if, if you know, a doctor is
developing an algorithm that’s gonna save more lives, I am a bit
more willing for them to use up a bit more energy." (P18A).

4.24  Uncertainty of calculation and measurement. A practical lim-
itation highlighted by participants (P11IA, P18A, P191, P20A, P21A,
P23A) was the exploratory and iterative nature of ML work, which
makes it challenging to calculate or estimate the environmental
impact until the final product is achieved. Multiple participants
reflected on their ‘simpler-to-complex’, iterative development pro-
cess, explaining how most often they start working with simpler
or smaller models and work their way up. P11IA flagged this chal-
lenge, explaining: “It really consumes a lot of energy, and most
of the time it’s just trying to make a good work. It doesn’t even
make a perfect solution. It’s not even a perfect solution, it’s just a
try. If it’s working or not... If it’s a good model or not, then we are
trying again to improve our model" (P11IA). Another participant
quoted, “When you create your ML model in the beginning, your
initial ML model, you are creating it randomly", and then continued
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further detailing the uncertainties during the process; “So you don’t
know its efficiency, accuracy and energy consumption.. Then you
start to optimize it. Sometimes when it is smaller it’s accuracy be-
come higher, so it becomes more efficiency and more accuracy. And
sometimes when it is higher, it becomes high accuracy.” (P21A).

Participants also expressed that most of the time, they cannot
foresee or track the computational load of their operations, ex-
pressing a need for feedback —through tools or procedures—to bet-
ter understand their energy consumption (P9A, P13A, P14A, P15],
P18A, P21A). However, others were skeptical about such feedback,
challenging its uncertainty and inaccuracy due to the difficulty of
measurement (P161A, P191, P20A). P16IA discussed: “It’s [a] stab
in the dark of guessing of actually the impact, because unless you
know the architecture for which your cloud functions are running
on at that time, it’s very difficult to attribute energy output."(P16IA).
P20A further pointed out the uncertainty of the energy sources in
the grid, as a reason for uncertainty; "Ideally would like to be using
as much as renewable as possible in order to reduce CO; emissions.
But the issue that arises at renewable energy is uncertain, you don’t
know how much wind you will have tomorrow in California, for
example!" (P20A).

Another challenge of uncertainty is related to the fact that it is
not easy to predict the inference load of user-facing products. P15I
discussed: “I would say, you can easily calculate or compute the
emissions for data engineering, and then the model development
or model training, but you never know like how customers will use
it, right? [..] I know how much energy to develop it, but I'm not
sure how many users will use it in a year or two. [..] So that’s the
problem here" (P15I).

4.2.5 The abstract nature of energy. While not expressed directly,
the abstract nature of energy and the difficulty of experiencing it
was also a recurring challenge among participants. This abstraction
was evidenced by how participants used proxies to describe their
energy usage. The most commonly used proxies were computa-
tional time and server costs with speed differences across different
programming languages being commonly referred to (P11IA, P12I,
P15I, P21A): “I know that Python is really slow and slow in this type
means it needs more sources to run. And that’s why I think Python
is a little more environmentally unfriendly” (P11IA). Interestingly,
participants also used physical indicators as proxies to understand
the energy consumption of their local hardware (P3A, P9A, P11IA,
P21A). For instance, P9A mentioned the fan noise and spikes in
electricity bills: "So, when I was trying to run something on my
local computer, Oh my gosh, it’s really crazy with all these fans
running, how my electrical bills go [up], it was like crazy. So I [am]
definitely understanding all that" (P9A). P21A similarly referred to
the heat generated by the device: "[..] and my laptop was burning,
really burning, and it was not good" (P21A). When describing such
physical experiences, the participants generally used more emo-
tional and emphatic language, demonstrating to us the potential
for more direct and visceral understanding of energy consumption.

4.3 Paths to Initiate Change

During the interviews, several ways forward or potential ‘solutions’
were brought up or speculated even when discussing challenges or
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instances of inaction. We present these and their related discussions
organized from technical solutions to culture-wide shifts.

4.3.1 Technical solutions. “I'm aware of all that, but I don’t know
how to actually reduce all that, to be honest" (P9A). This sense of
helplessness was shared overall. Still, some participants were also
able to point out simple technical solutions to reduce their environ-
mental footprint. Such solutions included: reusing existing models
or data (P6A, P12], P14A, P15, P18A), adopting smaller models (P5I,
P10A, P151, P191, P21A), using compiled programming languages
(P11IA, P12I, P15I, P21A), infrastructural or hardware improve-
ments for better performance (P6A, P9A, P12, P13A, P151, P17I),
continuous efficiency monitoring (P12I), moving to cloud solutions
for resource distribution (P12I, P14A, P16IA, P23A), ensuring clarity
of the code (P3A, P5I, P171).

Furthermore, some participants also naturally suggested existing
eco-feedback tools as potential solutions even before they were
asked by us about them. In particular, they listed several ways
that eco-feedback tools could be transformative, from raising self-
awareness to informing behavior change, and even further encour-
aging colleagues or leading to social responsibility. Some expressed
that eco-feedback tools could make them more conscious (P19I)
or “increase awareness of the consequences of [your] code" (P3A).
Eco-feedback tools might also help inform others: "[..] I could show
my friends that this is not a very sustainable way to do it" (P11IA).
Yet, the relation between awareness and changing practices was
somewhat divided among participants. P9A, a PhD student work-
ing on NLP, expressed that they could possibly change behavior
if they received such feedback mentioned that they would “really
love to change how I actually work after I see all these results from
these carbon trackers." (P9A). Whereas, others further mentioned
that tools can only raise awareness and are unlikely to cause any
behavior change among ML practitioners. "I mean it’s... I think it’s
just gonna make me very conscious of all my work, whereas I mean,
I don’t know how much I'd actually use it to improve my efficiency.
But yeah, it’s just gonna get me more conscious in general" (P171).

4.3.2 Individual action. Raising awareness among ML profession-
als was perceived as the key across most interviews (P3A, P4A,
P8I, P9A, P121, P13A, P14A, P151, P18A, P21A, P22I). As P22I ex-
plained: "Carbon emissions, like I've read some articles but [..] to
be honest, I have no idea what is the impact of our work in the
planet. So awareness is one of the key problems I think!" (P22I). P121,
an Al strategy lead whose duties include promoting sustainable
ML practices within the company, also emphasized the importance
of “informally sharing and socializing" sustainable awareness and
practices, since “most of the things do not come from any books or
anything", and they just “implement something, learn it, and then
socialize it" (P12I).

Participants also highlighted a lack of awareness about metrics
for assessing sustainability, particularly in measuring the energy
consumption of ML. P22I, who recently began working as a Respon-
sible Al lead, expressed a strong desire to address sustainability in
their new role but admitted uncertainty about how to measure it:
"Because we're now debating whether sustainability should be one
of the [responsible Al measures], it should be [..]. But we don’t know
how to measure that." (P22I). The need for widely-used metrics was
further articulated by others. P15, an Al solutions architect, pointed
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out that ML practitioners “don’t understand how the things that
they develop can be translated to energy”, and a metric is therefore
necessary. P4A, a PhD student in Al also mentioned that the main
issue is that there is no metric to evaluate.

Participants further exemplified how such metric and knowl-
edge could inform the model selection process while adopting or
incorporating available models (P18A, P12I).

4.3.3  Work environment and local policy. Participants repeatedly
suggested the need for local workplace policies, discussing the
power of administrative requirements for rationalizing energy use
(P71, P9A, P10A, P121, P171, P23A). Although this stance was shared
across academia and industry, participants from academia further
discussed potential practical application areas. For instance, P10A,
who was finishing their PhD at the time of the interview, discussed
the need for more reporting mechanisms to be applied from the
research design stage. “When you’re doing your research and plan-
ning your research projects, [..] from early PhD stages, could be
really useful. [..] considering [it] from the design point and not
just the endpoint..." (P10A). P14A further suggested concrete exam-
ples like enforcing the use of carbon tracking tools by publication
venues.

The effect of the senior managerial and administrative staff on
sustainability practices in ML processes (P51, P111A, P12I, P21A) was
also repeatedly raised. P21A remarked that: “You need to definitely
increase knowledge of the research team leader. This [is] the most
important part because if my team leader gives me information, [..]
I will reconsider about this." (P21A).

4.3.4 Regulatory approaches. Many participants asserted the need
for regulation to address the environmental footprint of ML opera-
tions (P1A, P51, P8I, P10A, P11IA, P20A) at different scales (P1A),
even if they perceived that defining the practicalities of this regula-
tion was beyond their expertise (P51, P10A). Participants debated a
variety of approaches to policy ranging from carbon taxing (P6A,
P10A, P13A, P22I), to carbon reporting (P51, P10A, P14A), limits to
data retention (P191, P23A), monetary incentives (P3A, P51, P13A,
P14A, P23A), penalty structures (P51, P14A, P23A), limits to data
center sizes and facilities (P13A, P23A), ‘forcing for more sustain-
able sources of energy’ (P3A), licensing/external auditing (P6A) or
limits/quota to computation or model size (P3A, P51, P9A, P11IA,
P18A, P20A). Diversity of these approaches highlights that reduc-
ing ML’s environmental impact requires interventions at multiple
levels of the technological pipeline.

Furthermore, the talk of regulatory solutions also resonates with
the perception that the challenges are discipline-based and not
(only) individual (Section 4.2). For instance, P5I explained how the
cap on energy usage should be domain-specific and even technology-
specific (P16IA) as they have different needs.

Others also discussed the governmental, institutional but also
intergovernmental actors in policy-making that could lead such
a process —‘Maybe European Union or the UNDP, or maybe the
nation: can make an announcement [..] If you research or if you
support these parameters in your research group, we will also
give you these foundations." (P14A), or mentioned how regulation
will need to ‘catch-up’ (P3A) with the speed of ML innovation,
suggesting a dynamic and adaptive policy approach rather than
static regulations. Sustainability policies from other industries like
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motor vehicles (P6A, P23A), household energy consumption (P6A)
or plastic bottle recycling (P23A) were also brought up by the
participants to support their ideas for domain-regulation. While
these references were mostly to provide instances of how incentives
or taxes worked for sustainability goals, they were also referenced
to communicate that there will always be workarounds for such
policies. P6A drew parallels with an infamous case of an EU car
company. "[..] their car failed to pass to tests, but they put some
code piece to the car so that car can understand if it’s on the test.
(P6A).

Furthermore, there was a widespread belief across participants
that such regulations would be hard to be imposed successfully
(P16IA, P51, P21A). Participants expressed similar views, stating:
that ’it’s really hard for these to happen’ (P5I), that ‘nothing can be
regulated about this’ (P21A), or even that they ‘will be amazed if T
ever see any regulation directly related to Al and environmental
impact’ (P16IA). This shared skepticism among participants indi-
cates the tension between the recognized need for systemic change
and doubts about its feasibility within the current socio-political
climate.

While discussing the reasons for this disbelief, some referred to
companies’ lobbying activities (P10A), while others spoke about
inter-governmental competition (P20A), or even that ML is an um-
brella field not to be treated as a single entity with clear boundaries
(P21A). The difficulty of the various actors using ML from large
corporations to individuals was also viewed as a difficulty for regu-
latory practice (P6A, P14A, P16IA, P18A, P23A): "[They would need
to] track companies rather than people or the individual” (P14A).
These insights together portray a regulatory landscape that has
technical, political, and structural challenges.

4.3.5 Culture shift. Bigger scale or systemic issues and solutions
were also raised to point out to need for a culture shift. A com-
mon observation among participants (P13A, P14A, P15I, P18A,
P19I, P23A) included the over-use/over-reliance on ML, calling
it ‘a sledgehammer to crack a nut’ (P23A). Avoiding this ‘misplaced
hype’ (P19I) on LLMs or ML in general was discussed as part of
the solution. “Whenever customers come to me and ask for the
solution, I say, if your problem doesn’t need Al, then don’t go for
Al I always advise if your problem can be solved with a simple
Excel bot or like a macro, then why are you going for like a LLM
agent? You don’t have to build just because you have LLM, and
have access to them, that doesn’t mean like you can build an agent
for all the problems." (P15I). This discussion highlights a call for
more appropriate, context-sensitive use of ML and resisting the
urge to over-engineer simple solutions. Participants also discussed
the need for slowing down (P51, P11IA, P12I). Some saw regulation
and external constraints not as obstacles but as opportunities for
fostering more thoughtful and sustainable innovation. P11IA for
instance, explicitly mentioned “laws are slowing this [Al growth]
down [..]. But this also does mean that you can make it sustainable
on the way. [..] it could also be an opportunity for some institutions
to create more sustainable solutions just as well because it slows
down.” (P11IA).

In addition, Some participants spoke about the need for public
pressure to drive change (P71, P10A, P13A, P20A). P13A for instance
stated that the public recognition of the problem would be "a big
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contributor" for people [practitioners] to realize the harm of their
work on the environment. P7I also argued that the issue has more to
do with society rather than individual companies, since sharehold-
ers are primarily driven by ‘need to make money’ while making
decisions. "If you want the shareholders to care about this, you first
need to make [the] public care about this” they discussed (P71).

While this standpoint may sound like shifting the responsibil-
ity onto others, it is undeniable that societal engagement is also a
crucial part of promoting more sustainable practices in Al devel-
opment. A more in-depth discussion on the issue of responsibility
will be elaborated in Section 5.1.

5 Discussion and Future Directions

Addressing the lack of research regarding ML practitioners’ under-
standings and perceptions on environmental sustainability of ML,
we conducted 23 interviews with practitioners from a wide range
of roles and domains. From the rich data we collected we identified
that despite the growing interest and knowledge about sustainabil-
ity of ML among practitioners, sustainability was hard to move
up the ladder of priorities in the fast-paced, competitive and ex-
ploratory field of ML development and also that individual change
is difficult. Summarizing our findings, we discuss two overarching
questions that ran through our interviews: (a) whose responsibility
environmental sustainability is, (b) who has the power and agency
for action and accordingly, how we can move forward from here.

5.1 Who holds responsibility for environmental
sustainability?

Participants often perceived sustainability as the responsibility of
others, referring to big tech companies, decision-makers, managers
at work, other domains or colleagues working on different phases
of the pipeline. These participants typically viewed their own work
as less environmentally harmful than others, either due to its scale
(e.g., using a small model, a small lab environment etc.), the nature of
their work/phase (e.g., not doing training but only data processing)
or its perceived high value to society (e.g., healthcare applications).

These arguments are consistent with prior work. For instance,
past interviews with researchers working in the field of biobank-
ing found similar value-based judgments of giving healthcare a
‘free pass’ regarding its environmental impact solely because of
the domain just as the healthcare ML researchers claimed in our
interviews [93]. Previous research also hypothesized that training is
over-emphasized as having the main impact [71]. This was clearly
visible in our data given how few discussed embodied emissions
even when we know that inference together with embodied emis-
sions are equally as impactful [71, 85, 109], especially depending
on the task at hand [70]. Such siloed thinking in domains and in
stages exclusively also has parallels to the individuality found in
early environmental discourse [26, 41].

We thus argue that ML practitioners should be empowered to
acknowledge that they (as individuals) also have responsibility re-
garding their choices. While indeed some large entities may have
the majority of emissions, climate change is a collective issue to
which we all contribute to and are affected by (even if disproportion-
ately [101]) so that both individual and collective responsibility and
action are required [10, 43, 54]. One way to achieve this awareness
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is through dedicated data and frameworks that help individuals
contextualize their impact. Sustainable HCI research [32] through
persuasive technology assumes that some sort of ‘trigger’ [38] or
feedback is necessary to raise awareness or even behavior change.
Equally in our interviews, participants regularly expressed their
need for ‘feedback’, pointing to data proxies, or clear information
regarding their actions and decisions with their work not only to
change their behaviors individually but also to socialize the infor-
mation within their teams thus highlighting this need.

While early, there are some promising examples towards this
goal. For instance the Green DiSC certification scheme introduced
by the Software Sustainability Institute [64], or the draft Web Sus-
tainability Guidelines prepared by the W3C [28], both help clarify
and then redistribute responsibility within team environments span-
ning various roles whose decisions can not be evaluated in silos or
independent from each other.

Various eco-feedback tools have also been developed to estimate
energy consumption and carbon emissions of computational pro-
cesses [5, 61, 63, 98] (see also Section 2) even if they have been
critiqued for their focus on efficiency [108] and for falling short of
moving beyond individual change [50]. Such solutions, together
with more open-data and transparent sustainability operations
from the ML industry [69] can be a crucial step forward towards
individual and collective responsibility.

Furthermore, as the field grows exponentially, and new practi-
tioners are entering the field through increasingly diverse pathways
the knowledge gap regarding environmental sustainability of ML
work becomes further institutionalized through established conven-
tional training paradigms and norms. While CS and ML education is
training practitioners to be highly skilled at optimizing for accuracy
they often still lack the integration of awareness, knowledge and
tools to properly evaluate environmental responsibility in ML work.
Echoing the learnings of literature on integration of ethics into CS
education [37], we argue that ethics within ML and/or CS education
frameworks [92] should also bring an emphasis on integration of
environmental sustainable thinking into the CS and ML training
process.

5.2 Who has the power and agency to act?

Participants discussed a range of perceived limitations to take ac-
tion, often pointing to the work culture of the industry and domain,
emphasizing the pressure for speed and competitiveness but also
hierarchies and multi-level decision-making structures at work.
Research on resistance and organizational communication within
organizations [77, 97] has shown that even within these type of
constrained contexts certain types of action can still drive change,
even though these actions should be critically examined within the
limits of employee agency who navigate precarity within larger
capitalist systems.

Our participants spoke about the need to do their task no mat-
ter what, referring to the limits of their decision-making ability
regarding what factors needed to be prioritized at work. Previous
literature on pro-environmental behavior studies suggested that
the perception of agency for sustainable behavior at workplace
majorly differs from households [11, 81]. In workplaces, ‘break-
ing out of old roles’ and adopting new behaviors appears to be
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harder due to dependency on the company deep-grounded norms,
values, roles and routines beyond the employees’ personal norms
and values [11, 81]. Moreover, while personal opinions can support
sustainable behavior change in the household, within workplace
settings such change in actions require factual data for justifica-
tion [81]. This parallels other areas of ethical decision-making at
work as well, where the lack of ethical considerations often is a
result of bureaucratic structures or workplace culture [11, 19, 56].

Previous research on responsible Al displays similar findings,
highlighting the lack of organizational support [3, 53, 89] and mis-
aligned interests among the industry (e.g., towards software product
launches [3]) as reasons for the lack of adoption. This echoes our
findings on the limitations of ML practitioners’ decision-making
autonomy, workplace hierarchy and the ‘fast’ and ‘competitive’
nature of ML work as a significant factor contributing to inaction
on environmental sustainability. While considerations like speed,
market competition, or time management are assigned a higher
priority, environmental sustainability is still seen as ‘nice-to-have’
as expressed by our participants. Liu et al. [67] examining impact
statements from NeurIPS conference similarly documented a lack
of agency and responsibility in the statements’ tone of writing.
Similarly, Widder and Nafus [106] describe how responsible artifi-
cial intelligence interventions,like ethics checklists and guidelines,
assume panoptic knowledge and control over systems whereas in
their daily reality, developers did not find that these are within their
agency, or responsibility to address due to the inherent modularity
of Al development.

Our participants often referred to regulation as a driver or moti-
vator for action. The environmental impact of ML has been recently
catching the attention of regulatory bodies and intergovernmental
organizations, some of which started to consider environmental
sustainability as part of the fair and responsible Al efforts amid
the accelerating climate emergency [36, 74, 104]. While generally
in favor, our participants expressed skepticism around regulation
pointing to the difficulties of operationalization, tech companies’
lobbying activities as well as the uncertainty and difficulty of mea-
suring ML’s environmental impact. They also mention a need for
more interdisciplinarity and dialogue among policy-makers, civil
society as well as technical and non-technical ML professionals
to ensure better policy implementation. We add that additionally
including environmental psychologists and HCI experts in this dis-
course will also help design for the human (and non-human) actors
of this issue and not just focus on its technical dimensions.

Finally, we believe the types of data we argued for in the previous
section can also act as a stepping stone to enable a more collective
understanding of the issue and ultimately support local policy and
collective action. Previous work has shown for instance how pub-
lic displays of temperature within workplaces has brought about
critique and change of local policy [22]. Data have also brought com-
munities together to rally across common issues [30, 31, 107] like
food security and housing. We argue that similar socio-technical
initiatives are necessary within ML settings to examine the bound-
aries of perceived and actual agency and can help build local policy
even before more generalized one. There are early examples of
such initiatives. For instance, conferences [79], repositories like
HuggingFace [72], and even funding schemes [39, 62, 78] are now
encouraging applicants to estimate their environmental impact at
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the time of submission. Nevertheless, there is still a lack of broad
adoption of these efforts to date —as also evidenced in our inter-
views and by the lack of environmental impact information in
model cards [66], highlighting the need for further efforts.

While our findings align with the earlier responsible Al litera-
ture on challenges and perceptions of practitioners, our interviews
indicate, that practitioners’ perceptions of environmental sustain-
ability and subsequent feelings of agency and responsibility are
qualitatively different in two ways. First, responsible Al is a well-
established field that has been extensively studied through a range
of frameworks, from both technical and social perspectives. In con-
trast, sustainable ML is a relatively new and emerging area that only
recently started gaining traction. While sustainability metrics and
frameworks are being increasingly developed and are becoming
more common, they are not yet widely adopted or even well-known
among practitioners, resulting in a knowledge gap in the industry.
Comparing to Widder and Nafus [106], for instance, we see it is not
so much the development process modularity as much as a lack of
awareness of what the responsibility is — perhaps because the dis-
course has been centered around the training of large foundational
models overlooking many other actions in the process.

Another fundamental distinction lies in the nature of environ-
mental impact more broadly. Responsible Al frameworks address
who Al is responsible for, who it may put at risk, and who it has
the potential to harm [67], making its ethical concerns more im-
mediate and directly addressing a community. In contrast, the en-
vironmental impact of Al has a more diffused and localized effect
on individuals (for instance due to communities living near data
centers [68]. Unlike fairness, where harm is often visible and its
impact is on clearly identifiable (even if marginalized) groups, the
consequences of environmental degradation unfold gradually over
time, making them harder to grasp and internalize. This distinction
is significant because it influences how these responsible Al topics
are prioritized.

5.3 Limitations

As all research, this work also has limitations. First, the participants
for the most part discussed energy consumption over other environ-
mental impacts such as water use and biodiversity. While we believe
that this is shaped by the current state of the discussion in the me-
dia and research more broadly, this was also possibly intensified
by our questions around eco-feedback energy tools. Accordingly,
we encourage future studies to explicitly explore environmental
impact beyond energy consumption, such as water use and bio-
diversity, possibly by broadening the scope of questions or tools
used. Second, our participants were self-selected so that there was
a clear bias towards individuals who had sustainability sensitivities.
While this is a limitation of the work, given the findings and the
overall ‘disappointment’ and lack of awareness even among this
population, we believe that there is transferability of our findings.
Our participant sample is also not geographically well-distributed,
therefore we acknowledge that more work is needed to claim gen-
eralisability and global representability of these findings. While we
provide our findings and discussion as deep insights into relatively
few participants, we expect that given the distributed nature of ML
work that many of these ideas would be transferrable. It is crucial
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to note that the focus field is fast changing so that it is unclear what
the state of events will be in a few years in terms of technology and
sustainability perceptions around it. We thus encourage periodic
studies to capture how perceptions and practices change over time.
Finally, future research can leverage this study’s insights as a start-
ing point to design more inclusive and scalable methodologies or
develop tools that address the identified gaps.

6 Conclusion

Despite the growing body of research on technical solutions in the
field, practitioners’ perceptions and experiences with environmen-
tal sustainability of ML work in particular remains largely undocu-
mented. We thus conducted 23 interviews with ML practitioners,
revealing that despite the growing interest on the topic, sustain-
ability hasn’t yet been prioritized in the fast-paced ML settings and
that practitioners perceive individual change to be difficult and in-
effective to be realized. We discussed our findings through two core
questions on whose responsibility environmental sustainability is
and who has the power and agency for action and argued for fu-
ture steps to be taken across various stakeholders. Providing a rich
overview of perceptions, practical challenges and future needs of
ML practitioners to prioritize sustainability in their workflows, we
argue that this work presents a much needed nuanced understand-
ing of user interaction for the design and development of future
ML feedback tools and beyond.

Researchers’ positionality

As authors, we acknowledge that our professional and personal
backgrounds inevitably shaped not only how this qualitative re-
search was designed, but also how it was conducted and analyzed.
As researchers grounded in the fields of sustainable HCI and envi-
ronmental justice, this research was driven by our shared interest
and commitment in addressing the climate change and the role of
ICT sector and specifically ML work in it. While none of us have a
background in ML (second and last authors have a background in
CS), our interview design allowed us to comprehend practitioners’
experiences and views without filtering them through our own
practical experience or technical expertise. Still, we remained vigi-
lant not to impose our assumptions regarding both the scale and
scope of the problem but also varying understandings, perceptions
and levels of engagement of practitioners with the topic.

Lastly, we also acknowledge that the demographic distribution
of the interviewees was partially affected by the authors’ personal
backgrounds. Considering that all four authors are based in the UK,
the majority of our participants were also based in the UK. Further-
more, the first and second authors being from Turkey and China
respectively also contributed to the visibility of our participation
call among ML communities within those two countries.
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