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Abstract
Generative artificial intelligence (GenAI) is widely used in the gig economy and electronic markets. However, its progress
incurs substantial environmental costs due to its high and constantly increasing energy consumption.As inference—the process
by which GenAI generates output—accounts for a large part of this demand, individual usage patterns are becoming a key
factor in understanding the overall energy footprint and a crucial prerequisite for developing effective educational strategies
and policies. Drawing from the construal-level theory of psychological distance, this study explores individuals’ perceptions
related to GenAI energy consumption. Based on a nationally representative sample of 1080 participants from the USA, we
provide evidence that individuals are aware of GenAI-related energy consumption. Moreover, we show that, compared to
household appliances, there is a diffusion of responsibility for GenAI’s energy consumption, with more emphasis placed
on policy-makers and developers than on users. We also explore how individuals intend to implement pro-environmental
strategies and shed light on different avenues suggested by individuals to lower energy consumption when using GenAI. We
conclude with implications for theory, practice, and policymaking.

Keywords (Generative) Artificial intelligence · Energy consumption · Green AI · Public perception · Psychological distance
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Introduction

Generative artificial intelligence (GenAI), particularly mul-
timodal systems like ChatGPT, is widely used in the gig
economy and is rapidly proliferating across diverse sectors
(Shin et al., 2023; Humlum & Vestergaard, 2025), offering
remarkable performance that can enhance human productiv-
ity (Noy & Zhang, 2023; Brynjolfsson et al., 2025) and even
surpass human capabilities in specific domains (Bran et al.,
2024; Trinh et al., 2024). However, this advancement incurs
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substantial environmental costs, primarily through increased
energy consumption and associated anthropogenic CO2

emissions1 (International Energy Agency, 2024; Bourzac,
2024; Ananthaswamy, 2023). For instance, training a large
language model such as BLOOM (176-billion parameters)
is estimated to generate up to 50.5 tonnes of CO2 (Luc-
cioni et al., 2023). Although training is energy-intensive,
the inference stage, when the model is deployed for real-
world applications, requires as much energy, if not more.
The Electric Power Research Institute estimates that infer-
ence accounts for approximately 60% of AI’s total energy
consumption (Aljbour et al., 2024, p. 15). Even simple tasks
like question-answer queries consume measurable energy
(e.g., 0.001 Wh), with more complex operations like video
generation requiring substantially more (0.477 Wh) (Luc-
cioni et al., 2024a).

1 Carbon emissions are a function of total energy demand and the
carbon intensity of the underlying energy infrastructure (Luccioni &
Hernandez-Garcia, 2023; Strubell et al., 2020). For the general public,
electricity consumption provides a more tangible and actionable met-
ric than carbon emissions, which is why this study focuses on energy
consumption.
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Large language models (LLMs), primarily built on the
transformer architecture (Vaswani et al., 2017), have his-
torically been advanced by scaling training compute, model
parameters, and dataset sizes (training-time scaling) (Hoff-
mann et al., 2022). With trends towards diminishing returns
and escalating resource demands indicating a saturation point
for purely training-focused scaling, the research landscape
is increasingly shifting towards optimizing inference-time
performance. Techniques such as Chain-of-Thought prompt-
ing (Wei et al., 2022), for example, aim to improve how
LLMs handle complex requests by generating explicit rea-
soning steps (inference-time scaling).While such approaches
can further enhance output quality, they cause a substan-
tial increase in computational costs for the inference stage
(Brown et al., 2025).

The resource consumption of GenAI,2 presents a chal-
lenge that can be approached from technical and socio-
behavioral perspectives. From a technical perspective, the
focus is on achieving efficiency gains designed to stagnate
or even shrink AI’s environmental footprint (Patterson et al.,
2022). This implies an emphasis on hardware and data center
optimization (Mankoff et al., 2007). However, the sufficiency
of purely technical solutions in ensuring AI sustainability is
debated. Increased efficiency can lead to rebound effects,
where cost reduction or ease of use results in greater overall
consumption and a net increase in resource demands (Luc-
cioni et al., 2025; Varoquaux et al., 2025). Consequently,
socio-technical research can serve as a valuable complemen-
tary strand to existing research in technical domains, thereby
reducing GenAI’s energy consumption on a large scale, par-
ticularly in light of the global adoption ofGenAI by end users
(Bick et al., 2026).

As inference increasingly drives AI’s energy consump-
tion, individual usage patternswill collectively exert a greater
influence on global energy demand. User decisions, such as
how often, how extensively, and for what tasks they employ
GenAI (e.g., prompt complexity, duration, model choice),
significantly impact global energy demand. For instance,
using an LLM for an Internet search can consume consider-
ablymore energy than a conventionalGoogle search (Aljbour
et al., 2024). Similarly, selecting task-specific models over
large, general-purpose ones can yield substantial energy sav-
ings (Luccioni et al., 2024b; Klesel & Messer, 2026). Every
token processed and generated consumes energy (Jegham et
al., 2025). This includes common politeness phrases, such

2 Note that GenAI is a subclass of artificial intelligence (see e.g., Banh
& Strobel, 2023). Although other AI categories, such as machine learn-
ing (e.g., decision trees) and deep learning (e.g., neural networks), also
consume energy, this study focuses on GenAI due to its widespread
adoption by end users. Thus, when referring to AI, we primarily con-
sider generative AI.

as “thank you” and “please,” which incur a measurable and
cumulatively substantial energy cost.

Although extensive research has explored the nexus
between individual attitudes, behaviors, and energy con-
sumption in domains such as household appliances and
transportation (Attari et al., 2010; Attari, 2014; Dietz, 2014;
Andor et al., 2020; Allcott, 2011; Larrick&Soll, 2008), there
is a lack of understanding of the role of the user in AI-related
energy consumption. Despite a consensus in academia and
industry on the pressing need to reduce AI’s CO2 emissions
(Chen et al., 2025; Luccioni et al., 2024a), public percep-
tion of this issue remains largely unexamined. Key questions
regarding public awareness, responsibility attribution, and
knowledge of mitigation strategies lack empirical answers,
hindering the efficacy of policy interventions aimed at fos-
tering green AI (Schwartz et al., 2020).

This study makes the case that understanding public per-
ception is essential to reveal knowledge gaps and ultimately
to target those gaps from an end-user perspective and is
guided by the following research question (RQ):

RQ: To what extent (a) is the public aware about
GenAI’s energy consumption, (b) does the public feel
responsible for GenAI’s energy consumption, and (c)
does the public come up with strategies to reduce
GenAI’s energy consumption?

To theorize on the perceptions of GenAI-related energy
demands, we use construal-level theory, the concept of psy-
chological distance, and diffusion of responsibility (Bandura
et al., 1996; Latane &Darley, 1968; Trope et al., 2007; Trope
& Liberman, 2010) as a theoretical perspective that guides
our conceptual model and which are used to interpret our
results. Using data from a nationally representative sample of
the US population (N = 1080), we provide empirical insights
and discuss their implications for advancing both academic
understanding and practical solutions.

This study makes several contributions. First, we con-
tribute to an emerging discourse on the intersection of GenAI
and sustainability research. Specifically, we emphasize the
importance of a socio-technical perspective and reveal empir-
ical insights about individuals’ perceptions in this area.Using
construal-level theory and the concept of psychological dis-
tance (Trope et al., 2007; Trope & Liberman, 2010) as a
theoretical lens, we introduce these theories as meaningful
lenses for better understanding differences in public per-
ception of information technology. Second, we provide new
insights into the diffusion of responsibility in the context of
GenAI showing to what extent individuals distribute respon-
sibility and contrast our results with responsibility attribution
in the domestic context. This knowledge adds to current
research on digital responsibility and puts individual percep-
tion into a better context. Third, we add to the behavioral IS
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research that focuses on sustainability by providing insights
into individual perception in the context of energy consump-
tion and GenAI. Due to themassive use of GenAI, our results
inform a broad range of behavioral IS research that goes
beyond perceptions to behavior related with GenAI.

Related work

Energy consumption in IS literature

Digital sustainability is an important field in Information
Systems research, with three distinct outcomes: (1) envi-
ronmental sustainability, (2) social sustainability, and (3)
economic sustainability (Kotlarsky et al., 2023). Here, we
focus on environmental sustainability, which encompasses
two related concepts, namely green IT and green IS. Green
IT is commonly defined as the practice of creating or using
environmentally sustainable technology. In contrast, Green
IS refers to the use of technology to achieve environmental
objectives (for a more comprehensive discussion on green IS
and green IT, see, for instance, Dedrick, 2010; Watson et al.,
2010; vom Brocke et al., 2013). With the rise of Artificial
Intelligence, the current literature also employs the notion of
Green AI (Schwartz et al., 2020).

Within the field of green IS, green IT, and green AI,
the role of energy consumption has been identified as one
grand societal challenge (Ketter et al., 2016). For this rea-
son, there is an increasing number of studies that seek to
identify and evaluate newavenues to reduce energy consump-
tion. Reviewing previous literature on energy consumption
and energy-related use behavior, we find studies focusing on
behavior, technology, or those that take a management per-
spective. With regard to use behavior, several studies have
investigated the use of smart meters (Wendt et al., 2024;
Dalén & Krämer, 2017; Sim et al., 2023) and web portals
(Loock et al., 2013). In termsof technology, studies have been
conducted on high-performance computing systems (Guo et
al., 2023), enterprise systems (Hedwig et al., 2009), data cen-

ters (Fridgen et al., 2021), and carbon management systems
(Zampou et al., 2022). Finally, there are also studies focus-
ing on managerial issues, such as policy making (Watson et
al., 2022) or the optimization of business process manage-
ment (Hermann et al., 2024). Table 1 provides an overview
of example studies on energy consumption.

Existing studies on energy consumption attest to the
importance of this stream in IS research, which contributes
to the overarching stream of sustainable IS. Various studies
have already contributed to a better understanding of individ-
ual behavior, especially with regard to smart meters (Wendt
et al., 2024; Dalén & Krämer, 2017; Sim et al., 2023), and
have shown viable ways to enhance systems, such as high-
performance computing systems (Guo et al., 2023), to reduce
energy consumption. Besides behavioral and technological
research, there are also studies that provide deeper insights
into policymaking (Watson et al., 2022) and the optimization
of business process management (Hermann et al., 2024). At
the same time, this review reveals that energy consumption
related toAI has not been investigated thus far. Consequently,
the IS literature lacks an understanding of the relationship
between AI and energy consumption. Since organizations
are increasingly challenged to reduce energy consumption,
this knowledge gap is critical.

Energy consumption and AI

The impressive advancements of modern AI models come
at a significant environmental and resource cost (Strubell et
al., 2020; Luccioni et al., 2024b; Jegham et al., 2025; Li et
al., 2025; Dauner & Socher, 2025). Initial research into AI’s
environmental footprint focused on the energy required to
train deep learning models for natural language processing.
These studies revealed that the carbon emissions from train-
ing a singlemodel could be comparable to the entire lifecycle
emissions of several cars (Strubell et al., 2020). While this
initial focus on build-time (training) costs has been well-
documented, subsequent work has broadened the scope to

Table 1 Example studies on
energy consumption in IS
literature

Focus Context References

Behavior Smart meters (Wendt et al., 2024;Dalén&Krämer, 2017;
Sim et al., 2023)

Web portals (Loock et al., 2013)

Technology High-performance computing systems (Guo et al., 2023)

Enterprise systems (Hedwig et al., 2009)

Data centers (Fridgen et al., 2021)

Carbon management systems (Zampou et al., 2022)

Management Policy (Watson et al., 2022)

Business processes (Hermann et al., 2024)
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include comprehensive lifecycle assessments of foundation
models, which account for everything from manufacturing
hardware to the energy used in training (Luccioni et al.,
2023). In addition to its energy consumption, research has
shown that AI also has a significant water footprint. This is
primarily due to the freshwater required to cool the data cen-
ters used to train models like GPT-3 (Li et al., 2025; Jegham
et al., 2025).

Historically, the focus of GenAI energy consumption has
been on model training because the infrastructure required
to train a state-of-the-art LLM is significant (Luccioni et al.,
2023). However, current advancements, such as Chain-of-
Thought prompting (Wei et al., 2022), have yielded massive
increases in energy demand in the operating phase (i.e., for
the inference). In fact, current research suggests that every
single query consumes a small amount of energy, which
scales up massively with millions of requests per day. For
this reason, the Electric Power Research Institute estimates
that inference accounts for approximately 60% of AI’s total
energy consumption (Aljbour et al., 2024, p. 15).

While there are growing numbers of studies that provide
insight into the overall energy consumption of AI models
(Luccioni et al., 2024b; Jegham et al., 2025), there is a signif-
icant gap in scientific research that investigates AI use from a
socio-technical perspective. We argue that this gap is critical
for the following two reasons. First, current research shows
that generative AI is being adopted much more quickly than
previous technologies, such as the personal computer (Bick
et al., 2026). Therefore, the investigation of individual use
behavior can have far-reaching implications. Second, there
is a massive amount of energy demand related to AI and
use behavior accounts for approximately 60%. Understand-
ing AI use from a socio-technical perspective can thus be the
foundation for meaningful and appropriate interventions.

This study is designed as a first step toward better
understanding the relationship between AI use and energy
consumption from an individual perspective. This approach
is grounded in previous literature, which has investigated
public perception in sustainability-related domains, includ-
ing public perception of energy consumption (Attari et al.,
2010), water consumption (Attari, 2014), climate change
(Hansen et al., 2012; Mildenberger et al., 2025), environ-
mental concerns (Pearson et al., 2018), and greenhouse gas
emissions from food (Camilleri et al., 2019).

A key insight from these studies is that people have diffi-
culty processing abstract, long-term, and less tangible threats,
of which climate change is one example. This also results
in biased estimates of demand, such as the energy costs of
household devices (Attari et al., 2010). A common finding
in most studies is that people tend to underestimate the rel-
evance and impact of high levels of environmental concern
among minority and low-income communities (Pearson et
al., 2018). Dieckmann et al. (2021) argue that tangibility is a

crucial factor in shaping public perception. Building on this,
we argue that the intangible nature of AI’s energy consump-
tion also leads to misaligned perceptions of its true scale and
impact.

Theoretical foundation and hypotheses

Construal level theory and psychological distance

Weconceptualize this study based on psychological distance,
which is part of Construal-Level Theory (CLT; Trope et al.,
2007; Trope & Liberman, 2010; Liberman & Trope, 2014,
2008). It provides a theoretical stance to explain the sustain-
able behavior of individuals (for an overview, we refer to
Keller et al., 2022, and the references therein) and posits that
the farther away an object, event, or person is from direct
experience, the more abstractly and broadly we think about
it. In contrast, the closer an object is, the more concrete and
detailed our thoughts become (Trope et al., 2007; Trope &
Liberman, 2010; Liberman & Trope, 2014). Psychological
distance is defined as “the extent of divergence from direct
experience of me, here and now along the dimensions of time,
space, social perspective, or hypotheticality” (Liberman &
Trope, 2014, p. 365). Temporal distance occurs when there
is a time lag between events. For example, psychological
distance will be greater if an event (e.g., the introduction
of a new sustainability policy) occurred in the past (e.g., a
decade ago) or will occur in the future than if it is happen-
ing now. Spatial distance relates to geographical locations.
For example, a data center based in the United States feels
psychologically more distant to a perceiver in the European
Union (EU) than one situated within the EU itself. Social dis-
tance relates to differences between individuals. For example,
psychological distance tends to be greater between individ-
uals from different groups (e.g., managers and employees)
than between those within the same group. Finally, there is
the concept of hypotheticalness, which refers to the likeli-
hood that an event will happen. For example, an event that is
very unlikely, such as winning a lottery, comes with a greater
psychological distance. The four distances converge into a
subjective psychological distance. Psychological distance is
not an aggregate of these four forces but rather a property
triggered by information on all four correlated forces (Fiedler
et al., 2012). Overall, psychological distance influences the
way peoplementally represent the world around them (Trope
et al., 2007; Trope & Liberman, 2010; Liberman & Trope,
2014), which has implications for perception and behavior.

Psychological distance of GenAI’s energy
consumption

We posit that the energy consumption associated with GenAI
is characterized by a high level of psychological distance.
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This distance primarily arises from the structural prop-
erties of GenAI service provision, especially the inherent
spatial separation between the point of GenAI application
(e.g., a user’s local device) and the physical location of
its computational infrastructure (i.e., remote data centers)
(Kim et al., 2025). The industry’s nomenclature, such as
“cloud service,” reinforces the perception of remoteness,
distinguishing GenAI from technologies where energy con-
sumption and operation are co-located. For example, inter-
acting with ChatGPT involves using a local user interface,
while the actual computing is performed on geographi-
cally distributed servers, which may be located outside
the user’s country of residence (Tang, 2025; Kim et al.,
2025). In contrast to other cloud-based services (e.g., Office
software running in the cloud), many services targeting end-
user were previously located on the users’ devices. GenAI
tools, including ChatGPT, have primarily been introduced
as cloud-based services. This is in sharp contrast to other
energy-consuming devices within users’ perception, such as
conventional household appliances like dishwashers or com-
puters, which consume energy at their point of use, creating
a direct perceptual link for users. This makes it seem as
though the energy consumption of these appliances takes
place “in a near place,” while the energy use of GenAI takes
place “in a distant place” (Fiedler et al., 2015). The spatial
distance in GenAI systems is compounded by a perceptual
distance stemming from a lack of transparency. Not only are
the energy demands of cloud-based services hard to estimate
because the reporting of such services is aggregated glob-
ally (Mytton, 2020), but the true energy demands of training
and operating GenAI models are especially opaque to the
end-user (Luccioni et al., 2024a). Combining these argu-
ments, we conclude that psychological distance is a pivotal
lens for examining perceptions of energy consumption when
contrasting household devices with generative AI applica-
tions. However, we acknowledge that the structural realities
of GenAI service provision, particularly cloud-based opera-
tion, operational opacity, and missing feedback (as noted by
Luccioni et al., 2024a), can directly act upon outcomes such
as awareness. Therefore, these factors are able to contribute to
psychological distance and also act as obstacles, preventing
users from understanding the energy consumption of GenAI.

Figure 1 illustrates our proposed research model. Aware-
ness of energy consumption involves understanding which
interactions with AI are more energy-intensive than others
(Attari et al., 2010). Responsibility in the context of infor-
mation systems involves taking ownership of the harmful
and beneficial consequences that arise from technological
interactions (Recker et al., 2025), such as energy consump-
tion. In this research, we define responsibility attribution as
the subjective assignment of responsibility for AI’s energy
consumption among the involved parties (Bleher & Braun,
2022; Latane & Darley, 1968). Pro-environmental behavior
is broadly defined as "behavior that harms the environment
as little as possible, or even benefits the environment" (Steg&
Vlek, 2009, p. 309). Based on this definition, we define pro-
environmental strategies as behavior that intends to reduce
the energy footprint when using AI and AI-empowered tools
(Attari et al., 2010). Note that this definition does not validate
the objective impact of user-proposed strategies on energy
reduction.

Awareness of GenAI’s energy demand

According to CLT, psychological distance systematically
alters how individuals mentally represent objects and events
(Soderberg et al., 2015). Greater distance fosters higher-
level construals, which are abstract mental representations
that emphasize central, goal-relevant features. Conversely,
shorter distances promote lower-level construals, which
are more concrete and include specific, secondary details.
As geographic distance increases, so does the level of
abstraction, with remote events described in increasingly
generalized terms rather than concrete details (Snefjella
& Kuperman, 2015). This shift in mental representation
directly impacts judgment and behavior (Kogut et al., 2018).
As argued above, the use of GenAI could come with a
high degree of psychological distance. Following CLT, this
distance should induce a high-level, abstract construal of
GenAI’s energy consumption. Consequently, users are pre-
dicted to focus on the primary, goal-relevant aspects of their
interaction (e.g., “Can ChatGPT complete this task for me?”)
while peripheral, concrete, secondary details (e.g., the energy
required to power the computation) become less salient.

Fig. 1 Research model
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Because of the diminished focus on secondary attributes, we
propose that users will be less aware of the energy consump-
tion of GenAI. This has been shown for other cloud-based
services, where users have low levels of awareness of the car-
bon emissions associated with cloud storage (Gujral et al.,
2025) and often assume such services carry no environmen-
tal cost (Siy et al., 2025). We propose household devices as a
baseline of low psychological distance. Unlike AI services,
which are distal, cloud-based, and opaque, household devices
are physically proximal and tangible, and their energy use is
often associated with immediate feedback. Thus, we posit
the following:

H1 : Individuals are less aware of AI-related energy con-
sumption compared to the energy consumption of household
devices.

Responsibility diffusion

Psychological distance can influence perceived responsibil-
ity in an IS context (Tong et al., 2025). According to CLT,
events that are psychologically distant are construed in more
abstract terms, which can diminish an individual’s sense of
responsibility and urgency. We extend this principle and
apply it in the context of AI’s energy consumption. The
abstract construal of AI energy use not onlymakes the impact
feel more remote, but also facilitates the diffusion of respon-
sibility by making the individual’s role in the network of AI
infrastructure less concrete. When responsibility is unclear
or shared with (too) many others, this can lead to the feeling
that no one is responsible (Bandura et al., 1996). This diffu-
sion of responsibility is a key explanation for the bystander
effect, where the presence of others hinders action because
the focal person’s sense of responsibility is lessened (Latane
& Darley, 1968; Fischer et al., 2011). Similarly, in the con-
text of GenAI, responsibility diffusion has been documented
with AI-based clinical decision support systems due to the
expanding number of possible moral agents involved (Bleher
& Braun, 2022). The environmental impact of GenAI use
is clearly a many-hands problem, and the impact of a sin-
gle user’s actions is not straightforward to quantify, yet the
cumulative actions of all users have a huge effect (Luccioni
et al., 2024b, 2025). Thus, we argue that responsibility is dif-
fused across a vast network of actors, including developers,
users, and policy-makers. This contrasts with typical house-
hold devices, where responsibility for energy consumption
is more clearly assigned to the person operating the device.
Consequently, there is a lower attribution of responsibility
to the user for AI’s energy footprint than there is for typi-
cal household devices. This leads us to propose our second
hypothesis:

H2 : Individuals perceive less responsibility forAI-related
energy consumption compared to the energy consumption of
household devices.

Pro-environmental strategies

Besides the impact on responsibility, psychological distance
also affects how we evaluate actions and alternatives. When
psychological distance increases, desirability (the “why”
aspect) of an action becomes more important than feasibil-
ity (the “how” aspect; Todorov et al., 2007). With a higher
distance, people are also able to find more pros (potential
benefits) than cons (potential negative aspects) to an action
(Eyal et al., 2004). Increasingpsychological distance canmit-
igate the feeling of difficulty that is elicited by complex tasks
(Thomas & Tsai, 2011). As argued above, energy consump-
tion related to GenAI can be psychologically more distant,
which is why we assume that people will have a high-level,
abstract mindset. An abstract mindset makes it harder to
answer “how” questions and lets one instead focus on the
“why.” In the context of GenAI energy consumption, and
in line with our theoretical lens, we expect respondents to
focus on seemingly easy-to-implement solutions that lack
feasibility upon closer inspection, such as reducing their use
of GenAI, abstaining from it entirely, or finding alternatives.
Conversely, we expect respondents to be less likely to pro-
pose concrete solutions that emphasize the “how,” such as
prompt optimization, model selection, and modality choice.
In addition to the cognitive mechanisms identified by CLT,
other explanations are possible. In particular, the relative
novelty of GenAI suggests that users’ strategic repertoires
for mitigation are likely still in the early stages of devel-
opment. Consequently, we expect that individuals are more
likely to state simplistic and optimistic solutions (e.g., abstain
or reduce use) to mitigate AI-related energy consumption
compared to concrete solutions such as prompt optimiza-
tion or model selection as they are less knowledgeable and
less informed about GenAI compared to ordinary household
devices. Since this aspect is exploratory in nature, we pursue
to investigate participants’ responses also in an exploratory
manner, guided by our two propositions (P):

P1 : Individuals will be more likely to propose solutions
that focus on limitinguse, such as abstaining fromor reducing
GenAI usage.

P2 : Individuals will be less likely to suggest concrete
solutions that focus on optimizing interactions, such as
prompt optimization, model selection, and modality choice.

Methodology

Mixed-method design

To address the outlined hypotheses and propositions, we
adopt a mixed-methods approach (Venkatesh et al., 2013),
combining quantitative and qualitative data to comprehen-
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sively understand public perceptions of GenAI energy con-
sumption. This study uses an online survey with a simplified,
US Census-based sample where participants completed two
ordinal ranking tasks—one for AI tasks and one for house-
hold devices—to capture awareness of energy consumption,
as well as a modified dollar metric scale to elicit respon-
sibility attributions for the energy consumption across five
actors. For the qualitative analysis, participants were asked
to provide open-ended responses about their personal energy-
reduction strategies. These responses were coded using a
theory-derived conceptual framework and an LLM ensem-
ble approach to code the responses (see Appendix A).

Data collection

Datawas collected using an online survey through theProlific
online platform, utilizing simplified USCensus selection cri-
teria that consider sex, age, and ethnicity. Because this study
aims to investigate generic attitudes across a broad socioe-
conomic spectrum, rather than shared experiences within a
specific organizational context, we chose a crowdsourcing
panel for data collection (see Jia et al., 2017). We obtained
answers from 1098 individuals and paid £1.24 for a median
participation time of nine minutes. At the end of the survey,
we asked participants if they had answered seriously and
were not distracted. We dropped 18 observations from par-
ticipants who indicated that they had not answered seriously
or had been distracted. All the data used here, along with the
corresponding analysis scripts, will be deposited in the Open
Science Framework.3

Demographics

The final sample comprised 1080 participants (Meanage =
45.94, Medianage = 46, SD = 16.13), whose ages ranged
from 18 to 89 years. The gender breakdown was as fol-
lows: 550 (50.9%) identified as female, 513 (47.5%) as male,
12 (1.10%) as other, and 5 (0.50%) preferred not to dis-
close their gender. Regarding income, 0.6% of participants
reported having no income.Among those reporting an annual
income, 24.9% earned between $20,000 and $49,999, 23.0%
between $50,000 and $79,999, 13.7% between $80,000 and
$109,999, 11.5% between $110,000 and $139,999, 10.2%
between $140,000 and $169,999, and 7.6% reported incomes
above $170,000. Participants also provided their political ori-
entation: 10.6% identified as very liberal, 18.6% as liberal,
9.7%as slightly liberal, 22.3%asmoderate, 10.6%as slightly
conservative, 18.7% as conservative, and 9.5% as very con-
servative. The sample exhibited a broad range of educational
backgrounds. Specifically, 1.0% reported having received
only some schooling without earning a diploma or degree,

3 https://osf.io/8z4qj

11.3% possessed a high school diploma or GED, 20.1%
had attended some college, and 37.5% had earned a college
degree. Furthermore, 3.6% had undertaken some graduate
studies, and 26.5% had completed a graduate degree. An
overview is provided in Table 2.

Tasks

Accurately estimating energy consumption can be difficult
for respondents, as they often misjudge absolute units such
as watts or kilowatts (Andor et al., 2020; Attari et al., 2010).
While reference points or the specific choice of unit (e.g.,
watt versus kilowatt) can anchor judgments (Frederick et
al., 2011), the absence of any reference can make judging
energy use more difficult (Attari et al., 2011). We therefore

Table 2 Sample description

n Percentage

Gender

Female 550 50.90%

Male 513 47.50%

Other 12 1.10%

Prefer not to answer 5 0.50%

Age

18–24 122 11.30%

25–34 195 18.10%

35–44 193 17.90%

45–54 167 15.50%

55–64 257 23.80%

65–74 114 10.60%

Over 75 32 3.00%

Income

Did not have an income 7 0.60%

< $20,000 92 8.50%

$20,000–$49,999 269 24.90%

$50,000–$79,999 248 23.00%

$80,000–$109,999 148 13.70%

$110,000–$139,999 124 11.50%

$140,000–$169,999 110 10.20%

> $170,000 82 7.60%

Political orientation

Very liberal 114 10.60%

Liberal 201 18.60%

Slightly liberal 105 9.70%

Moderate 241 22.30%

Slightly conservative 114 10.60%

Conservative 202 18.70%

Very conservative 103 9.50%
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rely on an ordinal task-ranking approach (Attari, 2014). Par-
ticipants performed two ranking exercises. First, they ordered
five common AI tasks (e.g., image generation and question
answering), inspired by previous literature (Luccioni et al.,
2024a). Participants were invited to sort these tasks based on
their energy demand. Second, the participants were asked to
rank five common household tasks (e.g., room heating and
computer use) from the most to the least energy-intensive in
order to enable a systematic comparison. The sorting tasks
measure respondents’ ability to rank tasks within domains.
To do so correctly, they need to understandwhich task ismore
energy-intensive than another (Attari et al., 2010), which
reflects a form of relative energy awareness. Since users
typically compare options rather than absolute consumption
figures (e.g., 2 Wh), this operationalization aligns with how
energy-related awareness manifests in practice. The order of
the tasks was randomized in both domains, and there was no
default order. Subjects had to drag and drop the tasks into a
blank field. To simplify the comparison, all tasks were set to
8h.Weusefive differentAI tasks: image generation (“Using
AI (e.g., DALL-E 3) to generate images for 8h”), image cap-
tioning (“Using AI for image captioning (e.g., Claude) for
8h (≈ 80 prompts). Example: Take an image and generate
an appropriate caption describing the image.”), automatic
speech recognition (“Using AI (e.g., Whisper) to run auto-
matic speech recognition for 8h (≈ 3h speech). Example:
Transcribe a voice message to text.”), question answering
(“Using an AI (e.g., ChatGPT) to answer questions for 8h (≈
80 prompts). Example: Ask ChatGPT for a healthy recipe.”),
and text classification (“UsingAI (e.g., ChatGPT) to classify
text for 8h (≈ 80 prompts). Example: Identify a document
as an invoice.”). Based on the estimated energy consumption
reported in Luccioni et al. (2024a), we consider the following

vector as the true order (solution vector): Image generation
⇒ Image captioning ⇒ Automatic speech recognition ⇒
Question answering ⇒ Text classification. An overview is
provided in Table 3.

Similar to the first task, we asked participants to sort five
tasks related to domestic energy consumption. These include
Heating a small room (16 ft × 10 ft × 6.5 ft) with a space
heater for 8h, Streaming Netflix movies on a large televi-
sion for 8h, Using a slow cooker to prepare a meal for 8h,
UsingOffice applications on a desktop computer for 8h, and
Using a cable modem for 8h. Based on the average energy
consumption values from the US Department of Energy, we
consider the following vector as the true order (solution vec-
tor): Space heater⇒Television⇒Slowcooker⇒Computer
- desktop PC ⇒ Router/DSL/cable modem. An overview is
provided in Table 4.

Measurements

To measure responsibility, we asked participants to identify
which actors should be responsible for energy consump-
tion with regard to AI and, to contrast our findings, also
with regard to household devices (hereafter: ’Home’). The
question to assess responsibility for AI was: Who should be
taking care of the energy consumption of generative AI? and
the question to measure responsibility for household devices
was: Who should be taking care of the energy consumption
of household appliances?. We used a modified version of the
dollar metric scale (Louviere & Islam, 2008), in which par-
ticipants were given 100 points to allocate across five actors:
(1) Policy-makers, (2) Producers, (3) Users, (4) Engineers,
and (5) No one to indicate how much responsibility they
believed each actor should take for the energy consumption of

Table 3 Energy consumption task with AI

Task Text Actual energy consumption1

Image generation Using AI (e.g., DALL-E 3) to generate images for 8h
(≈ 80 prompts).
Example: Generate a picture of a dog.

Average energy consumption = 477 Wh ≈ 3.8 kWh
for the given scenario

Image captioning Using AI for image captioning (e.g., Claude) for 8h
(≈ 80 prompts).
Example: Take an image and generate an appropriate
caption describing the image.

Average energy consumption = 109 Wh ≈ 0.8 kWh
for the given scenario

Automatic speech recognition Using AI (e.g., Whisper) to run automatic speech
recognition for 8h (≈ 3h speech).
Example: Transcribe a voice message to text.

Average energy consumption = 25Wh≈ 0.2 kWh for
the given scenario

Question answering Using an AI (e.g., ChatGPT) to answer questions for
8h (≈ 80 prompts).
Example: Ask ChatGPT for a healthy recipe.

Average energy consumption = 1Wh≈ 0.08 kWh for
the given scenario

Text classification Using AI (e.g., ChatGPT) to classify text for 8h (≈
80 prompts).
Example: Identify a document as an invoice.

Average energy consumption = 0.5 Wh ≈ 0.04 kWh
for the given scenario

Source: The average energy consumption values are based on Luccioni et al. (2024a)
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Table 4 Energy consumption task with household devices

Task Text Actual energy consumption1

Space heater Heating a small room (16 ft × 10 ft × 6.5 ft) with a
space heater for 8h

Wattage: 1320, utility rate: US average, hours used
per day: 8, days used per year: 1. This results in 10.6
kWh

Television, SD/HD TV, > 40” Streaming Netflix movies on a large television for 8h Wattage: 234, utility rate: US average, hours used per
day: 8, days used per year: 1. This results in 1.9 kWh

Slow cooker Using a slow cooker to prepare a meal for 8h Wattage: 200, utility rate: US average, hours used per
day: 8, days used per year: 1. This results in 1.6 kWh

Computer - desktop PC Using office applications on a desktop computer for
8h

Wattage: 75, utility rate: US average, hours used per
day: 8, days used per year: 1. This results in 0.6 kWh

Router/DSL/cable modem Using a cable modem for 8h Wattage: 6, utility rate: US average, hours used per
day: 8, days used per year: 1. This results in 0.048
kWh

Source: The actual energy consumption for home devices was estimated using the energy calculator provided by the US Department of Energy
https://www.energy.gov/energysaver/estimating-appliance-and-home-electronic-energy-use, accessed October 24, 2025

either AI or common household devices. We provided exam-
ples of each entity for participants, i.e., policy-makers (e.g.,
the government), vendors of systems (e.g., OpenAI/General
Electric), users (e.g., citizens), and developers (e.g., OpenAI
employees/General Electric employees).

To identify promising strategies to reduce the energy con-
sumption ofAI during use,we relied on a qualitative response
using an open-ended text field. We asked respondents:What
do you think is the most effective thing you could person-
ally do to save energy when using generative AI? which we
adapted from Attari et al. (2010).

Fig. 2 A conceptual framework
illustrating individual strategies
to reduce AI energy
consumption
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Table 5 Strategies for energy reduction when using AI

Strategy Example (quote) Rationale References

(1) Select provider Select a provider that ismore energy
efficient than alternatives. (I make
use of AI from companies that sup-
port renewable energy [...]., partic-
ipant #634)

Data centers comprise servers, stor-
age, cooling, and power that vary in
energy consumption

(Lacoste et al., 2019; Hug-
ging Face, 2024)

(2) Select model Use a smaller, tailored model
instead of general-purpose models
and/or smaller models instead of
larger models. For example, choose
the “mini” model (e.g., GPT-4o
mini) rather than the “reasoning”
model (e.g., GPT-o3). (Utilizing
task-specific AI models [...]., partic-
ipant #978)

Large models (e.g., multi-purpose
modelwith a high number of param-
eters) are more energy-intensive
than small models (e.g., fewer
parameters and fine-tuned)

(Luccioni et al., 2024b;
Maliakel et al., 2025)

(3) Select modality Prefer text whenever possible and
avoid generation of visual content.
For example, avoid illustration and
ask for a textual description instead.
(Use it more for text rather than
images., participant #669)

Multimedia data, such as images,
require significantly more energy
compared to text (e.g., text classi-
fication or text captioning)

(Luccioni et al., 2024b, a)

(4) Optimize prompt Use specific and concise prompts,
limit requests for lengthy explana-
tions. (Carefully select prompts to
reduce revisions., participant #908)

Response length triggered by
ambiguous prompts, long prompts,
or commands to explain or justify
increases energy demands

(Adamska et al., 2025)

(5) Reduce usage Limit the amount and/or intensity of
use. (Limit my use of generative AI
in general., participant #662)

Fewer interactions reduce cumula-
tive energy consumption

(Chen et al., 2025)

(6) Use alternatives Use alternatives to AI when suit-
able. For example use Google
search instead of asking ChatGPT.
(To stop using it as often and just
google it instead., participant #946)

Traditional technologies are known
to consume significantly less energy
compared to the energy needs of
LLMs

(Aljbour et al., 2024)

(7) Abstain AI Do not use AI at all. (Just don’t use
it., participant #224)

–

Finally, we asked participants the following question: Do
you feel that you paid attention, avoided distractions, and
took the survey seriously? Please answer honestly. Your
answer will not affect your compensation. This question has
been previously used as a measure to identify low-quality
responses (Stanley et al., 2020).

Coding of strategies

Previous literature has conceptualized the use of information
technology, acknowledging the information system, the user,
and the task (Burton-Jones & Straub, 2006). We build upon
this stream of literature and use a conceptual framework to
identify individual strategies that can be used to reduce AI
energy consumption (see Fig. 2). We consider the user as
a self-determined actor who can make decisions, including
choosing between the use of AI or a non-AI alternative (e.g.,
using the World Wide Web or abstaining from technology)
and the amount of use. If choosing in favor of AI, a user

can select a specific provider and a specific LLM. Moreover,
when interactingwith anLLM—anddepending on the task—
themodality can be chosen (e.g., text, audio, or video) and the
prompt can be varied. Based on this conceptualization, we
deduce seven strategies: (1) select provider, (2) select model,
(3) select modality, (4) optimize prompt, (5) reduce usage,
(6) use alternatives, and (7) abstain from AI.

Each strategy corresponds with rationales that justify
energy reduction. For example, selecting a provider is
relevant since different data centers vary in their energy con-
sumption and are commonly evaluated using metrics such
as Gigaflops/Watt,4 which can be linked to existing litera-
ture (Lacoste et al., 2019; Hugging Face, 2024). Therefore,
choosing a more efficient model can be considered an appro-
priate strategy for energy reduction when using AI. Table 5
provides an overview of each strategy, including an exam-

4 See, for instance, the Green 500 list of High Performing Clusters
https://www.top500.org/lists/green500/
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ple quote from the data, the rationale in terms of how this
strategy can foster energy reduction, and links to literature
related to the strategy.

Those seven strategies are used as a foundation for our
coding procedure, which is further detailed in Appendix A.
Besides those strategies, individual responses also include
answers that are in someway relevant to reducing energy con-
sumption but do not fit into either one of the seven strategies.
These are coded as “other.” Moreover, answers indicating
that the respondent is not aware of any strategy are coded as
“not sure/don’t know.” Finally, we also coded answers that
are irrelevant to this research and coded them as “irrelevant.”

Results

Awareness of task-specific energy consumption

Most of the participants were able to solve the sorting tasks
with only a few errors, and a positive correlation between
the empirical data and the actual solution vector was found
in both domains (i.e, ρAI = 0.37, ρHome = 0.46). Figure3
shows the distribution of the number of swaps (right-skewed)
needed to bring the solution vectors into the correct vec-
tor order. On average, there were 3.06 swaps needed for
household tasks, and 3.46 swaps for the AI tasks, respec-
tively. A t-test on the Fisher-transformed correlations (z =
1
2 [ln(1+r)−ln(1−r)]) between the solution vectors and the
observed vectors revealed a significant difference of −0.391
(t(2158) = −2.09, p = .037).

These results suggest that participants can rank tasks
according to their energy intensity relatively accurately.
While theyweremarginallymore accurate at ordering house-
hold tasks than AI tasks, they were generally aware that

Fig. 3 Comparison of the sorting-task performance of N=1080 partic-
ipants with 5 sorting items. (A) Bar plot showing the number of swaps
required to transform the response to the correct vector, ranging from
0 (perfect order) to 10 (maximum swaps). The maximum number of
swaps is calculated as n(n−1)

2 , where n = 5 items, resulting in 10 max-
imum swaps. (B) Inset showing the results of an additional inference
test using a Fisher-transformed t-test

specific generative AI tasks (e.g., image generation) were
more energy-intensive than other AI tasks (e.g., question
answering). This indicates a basic awareness of energy con-
sumption in relation to different tasks.

Perceived responsibility for AI energy consumption

“Policy Makers” received significantly more responsibility
for AI (M = 18.92, SD = 16.89) than Home (M = 13.34,
SD = 14.77; t(2158) = 8.17, p < .001). The effect size, as
measured by Cohen’s d, was d = 0.35, indicating a small
effect. No significant difference was observed for “Vendors”
between AI (M = 25.76, SD = 20.04) and Home (M = 27.15,
SD = 19.90; t(2158) = −1.62, p = .106). The effect size, as
measured by Cohen’s d, was d = −0.07, indicating a very
small effect. In the Home category (M = 38.82, SD = 29.52),
“users” received significantly more responsibility than in the
AI category (M = 22.18, SD = 21.04; t(2158) = −15.09, p
< .001). The effect size, as measured by Cohen’s d, was d
= −0.65, indicating a small effect. “Developers” received
significantly more responsibility in the AI category (M =
28.69, SD = 20.00) compared to the Home category (M =
17.72, SD=15.50; t(2158) = 14.24, p< .001). The effect size,
asmeasured byCohen’s d, was d =0.61, indicating amedium
effect. “No One” received slightly, but significantly more
responsibility in AI (M = 4.37, SD = 14.80) than in Home
(M = 2.69, SD = 10.10; t(2158) = 3.07, p = .002). The effect
size, as measured by Cohen’s d, was d = 0.13, indicating
a very small effect. All reported p-values remain significant
after Bonferroni correction for multiple comparisons.

These results show that the perceived responsibility of
users, developers, and policy-makers differs significantly
between the two domains. For AI, responsibility is more dif-
fused and users are seen as less responsible, while developers
and policy-makers are seen asmore responsible. For “Home,”
responsibility gravitates more towards the user. An overview
is provided in Fig. 4.

Strategies related to reducing AI energy
consumption

Figure5 illustrates the range of strategies proposed by par-
ticipants. A majority of the suggestions focus on limiting
engagement: 33.5% recommend reducing AI usage, 8.2%
suggest total abstinence, and 3.2% propose using non-AI
alternatives. Collectively, these restrictive measures account
for 44.9% of all responses. In contrast, only a small minority
(5.7%) suggests optimizing usage through more conscious
selections of providers (1.3%), models (2.1%), or modali-
ties (2.3%). 34.5% of responses were either not sure (9.9%),
suggested something else (21.0%), or suggested something
irrelevant to the topic at hand (3.6%).
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Fig. 4 Boxplots showing group-wise differences betweenAI andHome
conditions across five stakeholder categories: Policy Makers, Vendors,
Users, Developers, and No One. “ns” indicates 0.050 < p ≤ 1.000; “*”

indicates 0.010 < p ≤ .050; “**” indicates 0.001 < p ≤ .010; “***”
indicates 0.000 < p ≤ .001; “****” indicates p ≤ .000. Bonferroni
correction was applied to all p-values

To further investigate boundary conditions of the men-
tioned strategies, we ran logistic regressions using self-
reported measures of GenAI use, GenAI proficiency, gender,
age, and education as predicting variables. The results are
shown in Table 6. For the strategies of provider choice,
alternatives, and irrelevant responses, the predictors did not
significantly explain the likelihood of a participant propos-
ing them. In contrast, the choice of model was significantly
predicted by proficiency and age: individuals with higher
self-reported proficiency (B = 0.43, p = .030) and younger
participants (B = −0.04, p = .009) were more likely to sug-
gest this strategy. Modality was significantly predicted by

gender, with men being more likely to propose this strategy
(B = 0.79, p = .042). Prompt optimization was significantly
influenced by proficiency (B = 0.26, p < .001). Reduction of
use was influenced by the amount of GenAI use, with more
frequent users being more likely to propose this strategy (B
= 0.17, p < .041). Three variables predicted the suggestion
to abstain from AI use: usage (B = −0.85, p < .001), profi-
ciency (B =−0.25, p = .014), and age (B =−0.02, p = .001).
Older participants were more likely to suggest the “Not sure”
category (B = 0.02, p < .001). Finally, the results indicate
that the “Other” category was significantly associated with
proficiency (B = 0.18, p = .006). One noteworthy pattern

Fig. 5 Distribution of pro-environmental strategies derived frommajority voting of open-text responses (N = 1080 participants; 1345 total codings).
Multiple strategies per participant permitted
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Table 6 Logistic regression
results for pro-environmental
strategies. Coefficients are
shown with p-values in
parentheses

Strategy Provider Model Modality Prompt Reduce

Intercept −5.94(0.000) −4.87(0.000) −4.20(0.000) −2.78(0.000) −0.36(0.226)

Male 0.62 (0.227) 0.59 (0.144) 0.79 (0.042) 0.01 (0.933) 0.10 (0.405)

GenAI usage 0.40 (0.233) 0.11 (0.669) 0.31 (0.209) 0.09 (0.375) 0.17 (0.041)

Proficiency 0.14 (0.565) 0.43 (0.030) 0.02 (0.888) 0.26 (0.000) −0.09 (0.124)

Age −0.01 (0.390) −0.04(0.009) −0.02 (0.080) −0.00 (0.541) −0.00 (0.297)

Pseudo R2 0.059 0.120 0.053 0.044 0.004

Strategy Alternative Abstain Not sure Other Irrelevant

Intercept −2.52(0.001) 1.96 (0.000) −2.51(0.000) −2.67(0.000) −4.14(0.000)

Male −0.32 (0.322) 0.13 (0.543) −0.36 (0.058) −0.07 (0.609) −0.08 (0.781)

GenAI usage −0.03 (0.887) −0.85(0.000) −0.04 (0.768) 0.13 (0.145) 0.12 (0.532)

Proficiency −0.08 (0.566) −0.25(0.014) −0.04 (0.639) 0.19 (0.003) 0.03 (0.809)

Age −0.00 (0.806) −0.02(0.001) 0.02 (0.001) 0.01 (0.040) 0.01 (0.197)

Pseudo R2 0.006 0.191 0.025 0.030 0.007

Note.McFadden’s pseudo-R2 is reported
Significant values (p < .05) in bold

was that optimizing usage (e.g., model selection and prompt
refinement) was more frequently mentioned with higher pro-
ficiency levels. Using AI more often was associated with a
greater likelihood of recommending a reduction in its use but
not for abstaining from it entirely.

Discussion

Discussion of results

The global deployment and utilization of GenAI, particularly
the trend towards more computationally intensive inference-

time scaling techniques (Brown et al., 2025), are projected
to substantially increase energy consumption and associated
carbon emissions. Although organizations control the pro-
duction and deployment of AI, individual usage patterns can
substantially impact overall energy consumption. This study
takes this development into perspective and seeks to advance
the understanding of public perceptions of energy consump-
tion related to GenAI. This study thus ties into the existing
discourse on public perception of energy consumption and
the corresponding psychological barriers to energy conser-
vation (Attari et al., 2010; Attari, 2014; Asensio & Delmas,
2015;Dietz, 2014;Gromet et al., 2013), integrates the emerg-
ing literature on AI-related energy demand (Luccioni et al.,

Table 7 Overview of hypotheses

# Proposed hypotheses Main result

H1 Individuals are less aware of GenAI-related energy
consumption compared to the energy consumption of
household devices

(Supported): Based on an energy ranking task, we observe a
slightly poorer performance with GenAI tasks compared to
household tasks (p = .037)

H2 Individuals perceive less responsibility for GenAI-
related energy consumption compared to energy con-
sumption of household devices

(Supported): Respondents perceive users as significantly less
responsible for the energy consumption of GenAI than for the
energy consumption of household appliances (p < .000)

# Propositions Main result

P1 Individuals will be more likely to propose solutions
that focus on limiting use, such as abstaining from or
reducing GenAI usage

The majority of responses indicated a limitation strategy, espe-
cially reducing use (33.5%; this strategy was most likely to come
from respondents who indicated high usage) and abstaining from
GenAI altogether (8.2% of responses)

P2 Individualswill be less likely to suggest concrete solu-
tions that focus on optimizing interactions, such as
prompt optimization, model selection, and modality
choice

The least likely provided responses were prompt optimization,
model selection, and modality choice, accounting for a cumula-
tive 5.7% of all responses
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2024a, b), and provides empirical data on public perception
of energy consumption in AI. Table 7 provides an overview
of our proposed hypotheses and our main results.

With regard to H1 (Individuals are less aware of GenAI-
related energy consumption compared to the energy con-
sumption of household devices), we show that, despite the
relative novelty of AI, the public is moderately aware of
the energy consumption associated with AI. Specifically, we
show that individuals are nearly as good at estimating the
relative energy consumption of AI tasks as they are in terms
of household tasks. One possible explanation for this aware-
ness is the considerable media attention, which has likely
sensitized the public to the technology’s energy demands
and informed individuals about energy-related aspects, such
as increased demand in general (Chen, 2025) and the energy
costs associated with the generation of different modalities
(Luccioni et al., 2024a). Given the growing body of research
highlighting AI’s energy demands (Luccioni et al., 2024a, b),
this awareness is likely to increase in the future. Conse-
quently, we assume that the difference between conventional
products and GenAI will further diminish in the near future.

Regarding H2 (Individuals perceive less responsibility for
AI-related energy consumption compared to energy con-
sumption of household devices), we observe a diffusion of
responsibility and a shift in perceived responsibility com-
pared to traditional technology, away from users and towards
developers and policy-makers. Despite being aware of AI’s
energy demands, the public exhibits relatively low levels
of perceived responsibility. A large share of responsibility
for AI’s energy consumption is instead attributed to other
actors, such as developers and policy-makers. This may be
in part because cloud-based AI is not on site. Consistent with
CLT, this could create a psychological distance that obscures
responsibility.

In our exploratory investigation of user-proposed strate-
gies for mitigating the environmental impact of GenAI, we
found that 33.5% of all responses were related to reducing or
limiting use. Even though this is well-intentioned, reducing
use will be increasingly challenging since most digital tools
incorporate some form of GenAI. There was also a consider-
able number of individuals (15.1%) who suggested prompt
optimization. We consider this option valuable because it
will encourage conscious use of AI. This also applies to
provider and model selection and modality choice, which,
unfortunately, only a small percentage of individuals con-
sider (5.7%). Our analysis revealed that individuals with
higherGenAI proficiencyweremore likely tomention strate-
gies that optimize interaction, such as prompt refinement.
Since GenAI is relatively novel, it makes sense that those
with higher proficiency can think of more specific, effective
ways to regulate energy demand during GenAI interactions.
Our data also show that there are too many individuals who
are unsure about how to reduce energy consumption (9.9%)

or provided irrelevant answers (3.6%). We interpret these
results as indicating a pressing need for more education on
AI in general, as well as on the relationship between AI and
energy consumption. There is also a need for suitable strate-
gies to reduce energy consumption when interacting with
GenAI. Additional robustness tests suggest that proficiency,
amount of use, and age can explain a small but significant por-
tion of individual responses. We conclude that more efforts
are required to inform individuals about GenAI-specific top-
ics, such as downstream consequences of GenAI use.

Implications for theory

Our study expands the growing body of research on Green
IS and Green AI (Schwartz et al., 2020; Dedrick, 2010; Wat-
son et al., 2010; vom Brocke et al., 2013) by developing a
user-centric, socio-technical perspective on AI’s energy con-
sumption. While the environmental footprint of AI is a topic
of increasing concern (Luccioni et al., 2024a; Chen, 2025;
Strubell et al., 2020), the user’s role in this ecosystem has
been largely overlooked. We offer three primary contribu-
tions to theory.

First, weargue that the technological shift towards inference-
time computing necessitates a parallel theoretical shift to-
wards the individual user. As AI computations increasingly
occur in response to direct user interactions, the user’s agency
in shaping AI’s energy footprint grows, creating new eco-
nomic and environmental dynamics. Our work extends the
behavioral lens from established domains, such as smart
metering (Wendt et al., 2024; Dalén & Krämer, 2017; Sim et
al., 2023), to the novel context of AI. By doing so, we pro-
vide a theoretical rationale for why user-facing interventions,
such as standardized energy labels (Luccioni et al., 2024a;
Hugging Face, 2024) or direct feedback mechanisms (Kar-
lin et al., 2015), are not just practical tools but also essential
components of a socio-technical understanding of Green AI.
A current review on Green AI argues that much research
is focusing on the state of the art of Green AI instead of
focusing on actual practices (Verdecchia et al., 2023). Using
a socio-technical perspective, we offer initial insights into
how individuals actually intend to use AI in a sustainable
way.

Second, we draw from the concept of psychological dis-
tance (Trope&Liberman, 2010; Trope et al., 2007) as a novel
theoretical lens for shedding light on user perceptions of AI
energy use. Our results are consistent with the idea that the
abstract and remote nature of cloud-based AI corresponds
with high psychological distance, which is associated with
lower awareness and diminished responsibility. This con-
tribution is significant because it offers a theoretical stance
that may help theorize about patterns such as those observed
here. The concept of construal level (Soderberg et al., 2015)
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provides IS researcherswith an established framework to the-
orize about howmental representations shape the subsequent
behavior of end users.

Third, our findings contribute to the nascent stream of
research on digital responsibility (Recker et al., 2025). We
provide strong empirical evidence that perceptions of respon-
sibility are not monolithic but are highly context-dependent
and distributed. By contrasting AI with household devices,
we demonstrate that responsibility is diffused among various
actors (e.g., vendors, developers, policy-makers) in the AI
ecosystem. This finding challenges scholars to move beyond
domain-general theories of responsibility. Instead, we show
that to build a comprehensive theory of digital responsibil-
ity, researchers must account for how specific technological
contexts and actor constellations fundamentally alter how
responsibility is perceived and assigned.

Implications for practice

Since the operation of generative AI incurs significant
costs, all measures for greater sustainability contribute to
a reduction of CO2 emissions. For organizations, greater
sustainability usually means lower costs. Our study informs
organizations in several ways:

First, we have conceptualized how individual strategies
can be implemented to reduce AI energy consumption
(see Fig. 5). Organizations can further support individu-
als by offering different models, particularly small models,
using sustainable vendors, and implementing strategies to
technically implement model routing as a complementary
mechanism (Jitkrittum et al., 2025).

Second, our study informs organizations on how to edu-
cate employees in this regard. This contributes to the IS
literature on AI literacy (see, for instance, Pinski et al., 2024;
Pinski & Benlian, 2024) and provides a new dimension—
namely, knowledge of the sustainable impact of GenAI—to
individual literacy with AI. Moreover, organizations can use
our results to explain and discuss different strategies (see
Table 5) for empowering employees to make informed deci-
sions about using GenAI at work.

Finally, we contribute to a broader discourse in electronic
markets, enhancing digital ecosystems and digital platforms.
Designers can leverage these insights to identify strategies
and options to reduce energy consumption. They can then
translate existing knowledge into actual impact in the daily
use of these ecosystems. One practical way is to educate
freelancers on online platforms about effective strategies for
conserving resources during AI interactions. This is signif-
icant, given the size of the labor market, which is in the
millions (Kässi et al., 2021). Additionally, cloud providers

of chatbots might use education to reduce costs in free seg-
ments, in addition to intelligent model routing.

Implications for policy

Pro-environmental action requires actors to recognize the
behavioral consequences and take responsibility for engag-
ing in mitigation (De Groot & Steg, 2009). However, despite
being aware of AI’s high energy demands, responsibility is
diffused, which disrupts this chain of action. This may be
partly due to the psychological distance of AI’s environmen-
tal impact, which makes it easier to diffuse responsibility. To
bridge this gap, we propose proximizing as a strategy that
shifts remote consequences into the immediate context of
the user (Brügger et al., 2016; Loy & Spence, 2020). Policy-
makers can achieve this by mandating real-time feedback
on the energy consumption of AI interactions and invest-
ing in educational interventions that translate abstract data
into concrete environmental impacts (Bergquist et al., 2023).
Regulatory bodies have recognized the ecological footprint
of AI and are increasingly mandating more transparency.
Notably, the EU AI Act codifies transparency requirements
regarding the energy consumption of AImodels over the life-
cycle (European Union, 2024, see Art. 40(2) & Art. 95(2)).
While current directives primarily target institutional report-
ing, expanding these disclosure requirements to the end-user
interface could be an effective intervention.

Awareness of AI’s ecological footprint is insufficient to
drive change. Users must also be able to choose and imple-
ment effective mitigation strategies. Our findings suggest a
knowledge gap: most users suggested reducing or abstaining
from AI altogether, or simply did not know what to do. As
AI will be ubiquitous, abstaining from it will be difficult and
often not practical. To address this deficit, educational inter-
ventions are needed to empower sustainable engagement. A
concrete starting point is teaching users to select task-specific
models rather than defaulting to energy-intensive general-
purposemodels. Inmany cases, these smallermodels provide
sufficient performancewith a significantly lower carbon foot-
print (Varoquaux et al., 2025).

Limitations and avenues for future research

This study’s findings should be considered in light of its lim-
itations, each of which presents a valuable opportunity for
future research.

First, our study was conducted with a representative sam-
ple from the USA using the crowdsourcing provider Prolific,
which is recognized for high data quality (Albert & Smilek,
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2023). Nevertheless, reliance on such providers entails chal-
lenges, such as participant habituation, varying degrees of
language proficiency, attentional lapses, and potential con-
straints on demographic diversity (Peer et al., 2017). Besides
issues related to single-method bias from a single panel, the
generalizability of our findings to other cultural contexts is
an open empirical question. Cultural values, environmental
norms, and regulatory landscapes can significantly shape per-
ceptions of energy consumption and responsibility. Future
cross-cultural research is needed to investigate how these fac-
tors may moderate the relationships we identified, providing
a more globally nuanced understanding of this phenomenon.

Second, our survey-based design establishes strong asso-
ciations but does not permit causal claims. We did not, for
instance, experimentally manipulate psychological distance.
While our findings are consistent with CLT predictions, it is
important to emphasize that we do not empirically demon-
strate that this theoretical lens is the only valid or primary
mechanism. Structural parameters of GenAI, such as opac-
ity, novelty, and limited control, are promising and viable
alternative mechnisms. Thus, an important next step is to
validate causal mechanisms. Future research could employ
experimental designs that systematically manipulate differ-
ent dimensions of psychological distance to directly test
its causal effect on awareness, responsibility, and problem-
solving approaches.

Future research could also utilize established scales
(Fiedler et al., 2012, 2015) to calculate a psychological
distance compound and directly test its correlation with
responsibility ratings. Additionally, researchers could mea-
sure CLT-based predictions, such as mental representation
and construal level (Trope & Liberman, 2010). For instance,
the approach by Snefjella and Kuperman (2015) could be
adopted to analyzewhether users describeAI energy demand
using abstract or concrete language.

Third, in line with established research on public per-
ception (Attari, 2014; Attari et al., 2010; Dieckmann et
al., 2021), our study primarily measured perceptions and
preferred strategies, not actual behavior. A well-known
intention-behavior gap often exists in sustainability contexts.
Therefore, future research should move beyond self-reports
to examine how our findings translate into practice. This
could involve behavioral experiments, the analysis of user
log data, or field studies to identify the specific conditions
under which users adopt more sophisticated, energy-aware
strategies when interacting with AI systems.

Fourth, despite collecting qualitative insights, additional
in-depth research could provide more insight into specific
antecedents related to the perception of energy demand or
personal change processed over time. In this regard, longitu-
dinal research would be beneficial for a process perspective
on this matter.

Fifth, this study uses two sorting tasks, which allows for
the capture of within-category ordering but does not allow
for conclusions about cross-domain variations. More specif-
ically, these results do not show how well individuals are
able to juxtapose the energy demand of using AI (e.g., image
generation) with the energy demand of a washing machine
cycle. Future research could address this limitation by using
an integrated sorting task.

Sixth, although we sometimes refer to user strategies as
effective or ineffective, this classification relies on techni-
cal assumptions, as suggested by the current state of the
literature, rather than on direct empirical measurements. The
effectiveness of strategies depends on the context and techni-
cal implementation. For example, the effectiveness of prompt
optimization depends on the user’s ability to formulate pre-
cise prompts, the model’s sensitivity to prompt length, and
whether the prompt formulation increases the number of
required follow-up interactions or not. In this regard, it is
also worth acknowledging that not everyone is equally able
to implement or leverage all of the strategies considered here.
For example, a sustainable option may come with a premium
price, which is not feasible for everyone.

Conclusion

The deployment of GenAI demands a vast amount of
resources, which increasingly strains energy supplies (see,
e.g., Masanet et al., 2020; Ananthaswamy, 2023). The sus-
tainable long-term use of GenAI requires us to understand
how to manage it today. Our research contributes to the
broader IS conversation on reconciling digitalization with
sustainability (Veit & Thatcher, 2023) by examining these
questions from a socio-behavioral perspective, focusing on
users of GenAI and how they perceive and respond to
GenAI’s energy footprint. We find that public awareness of
GenAI energy consumption is moderate and nearly on par
with awareness of household device energy use.However, the
responsibility for GenAI’s energy consumption is diffused
away from individual users and toward other actors, such
as developers and policy-makers, which might undermine
personal motivation for pro-environmental behavior (Steg
& Vlek, 2009). People often struggle with how to mitigate
GenAI’s energy consumption and often propose avoiding
or cutting back on AI usage, which might be a difficult
strategy to implement as GenAI becomes more prevalent.
Whether GenAI can be aligned with sustainability goals and
whether this technology can be sustained in the long term
will also depend on how individuals understand and engage
with its resource demands. The results of our study empha-
size the importance of the social-behavioral perspective in IS
research and can be a valuable point of departure for future
investigations in this field.
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