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Abstract

Two of the most socially consequential issues facing today’s chil-

dren are the rise of arti�cial intelligence (AI) and the rapid changes

to the earth’s climate. Both issues are complex and contested, and

they are linked through the notable environmental costs of AI use.

Using a systems thinking framework, we developed an interac-

tive system called Ecoprompt to help children reason about the

environmental impact of AI. EcoPrompt combines a prompt-level

environmental footprint calculator with a simulation game that

challenges players to reason about the impact of AI use on natu-

ral resources that the player manages. We evaluated the system

through two participatory design sessions with 16 children ages

6–12. Our �ndings surfaced children’s perspectives on societal and

environmental tradeo�s of AI use, as well as their sense of agency

and responsibility. Taken together, these �ndings suggest opportu-

nities for broadening AI literacy to include systems-level reasoning

about AI’s environmental impact.
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1 Introduction

The rapid rise of generative AI (genAI) has renewed public atten-

tion to the environmental costs of large-scale computation. Across

both media coverage and academic work, genAI is increasingly

recognized as resource-intensive, with substantial energy, water,

and material demands associated with training and operating large

models [50, 51]. Recent estimates help ground these concerns. For

example, Jegham et al. [51] report that the 700 million daily queries

made to the GPT-4o model alone required “electricity use compa-

rable to 35,000 U.S. homes, freshwater evaporation matching the

annual drinking needs of 1.2 million people, and carbon emissions

requiring a Chicago-sized forest to o�set.”

Concerns about the ecological footprint of computation are not

new. Other data-intensive technologies, such as cryptocurrency

mining, cloud gaming, and large-scale data storage, have long relied

on energy-hungry data centers and globally distributed infrastruc-

tures [48, 60, 72]. What distinguishes genAI, however, is not only

the scale of its infrastructure, but the breadth and immediacy of its

adoption by the public. Since late 2022, genAI tools have moved

rapidly from specialized applications into everyday use, embedded

in search engines, productivity tools, educational platforms, and

consumer-facing applications [59, 76, 78, 93]. This expansion has

dramatically increased the number of people who interact directly

with genAI systems. For example, ChatGPT alone grew from about

1 million users within �ve days of its launch in November 2022 to

over 800 million weekly active users by late 2025, reaching roughly

10% of the world’s adult population [8, 83].

Despite the accumulating evidence of genAI’s environmental

impact, these costs remain largely invisible to end users. At the

same time, genAI is increasingly embedded in the tools children use

for learning, creativity, and play [24, 110, 113], bringing a growing

population of young users into routine contact with AI systems

without clear information or opportunities to engage with those

impacts. This invisibility is especially consequential given that prior

work shows that children are already attentive to climate change

and environmental sustainability, often expressing concern about

environmental futures and a desire to act responsibly [13, 58, 109].

Yet far less is known about how children perceive, interpret, and

reason about the environmental impacts of AI systems. This gap

motivates us to ask the following research questions:

RQ1: How do children (ages 6 - 12) understand and reason

about the environmental costs of genAI systems?

ar
X

iv
:2

60
3.

27
37

6v
1 

 [
cs

.H
C

] 
 2

8 
M

ar
 2

02
6

https://doi.org/10.1145/3773077.3806144
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3773077.3806144
https://arxiv.org/abs/2603.27376v1


IDC ’26, June 22–25, 2026, Brighton, United Kingdom Dangol et al.

RQ2:What are some best practices for designing interactive

systems that make the ecological footprint of genAI visible,

relatable, and actionable for children?

Recognizing that children are often drawn to games and simula-

tions as ways of exploring complex ideas [31, 35, 81], we developed

EcoPrompt, a web-based system that invites children to explore

how everyday interactions with genAI are connected to underlying

environmental costs. In designing EcoPrompt, we drew on prior

work in systems thinking [5, 45], which emphasizes helping learn-

ers understand how individual actions are connected to broader

systems and how their e�ects accumulate over time [26]. We then

conducted two participatory design sessions with 16 children (ages

6–12). Our �ndings show that as children engaged with EcoPrompt

they developed increasingly systems-oriented explanations that

connected genAI use to broader infrastructures such as electricity,

data centers, and water-intensive cooling. Making genAI’s resource

use legible also prompted children to set limits on their genAI use,

debate whether particular questions were worth their environmen-

tal cost, and evaluate genAI use in terms of its informational return

relative to resource expenditure. Through these discussions, chil-

dren began negotiating responsibility for shared resources (e.g.,

energy and water) and critiquing forms of genAI use they viewed

as wasteful or unproductive.

Our contributions o�er both design insights and an empirical

understanding of how children make sense of genAI’s environ-

mental impact and develop strategies for deciding when to use

or refrain from using genAI. In the remainder of this paper, we

begin by reviewing related work. We then describe our study’s

methodological approach, including our data collection, analysis

procedures, and the design of EcoPrompt. Finally, we present our

�ndings and discuss their implications for supporting children’s AI

literacy.

2 Background & Related Work

2.1 Environmental Impacts of Generative AI

The rapid expansion of large language models (LLMs) and other

genAI systems has been accompanied by unprecedented growth

in computational infrastructure [90, 94]. GenAI systems rely on

large-scale data centers equipped with specialized hardware, such

as GPUs and accelerators, which require signi�cant amounts of

electricity to support model training and ongoing operation [20].

It is notable that other energy-intensive technologies of the past

decade, such as cryptocurrency and cloud gaming [48, 60, 72], have

not made the same impact on the technology industry’s energy

consumption as AI has; from 2005 to 2017, the amount of electricity

going to data centers was relatively unchanging, as increases in

e�ciency mitigated energy consumption resulting from increases

in demand [77]. However, recent investments in data centers from

both governments and industry at large have increased the strain

that data centers place on the power grid; recent estimates state that

data centers use about 4.4% of the U.S. domestic electricity supply,

with the number expected to double in the next few years [1].

Furthermore, in many regions, this electricity is still predominantly

generated through fossil fuel based sources, including coal and

natural gas, linking genAI use to greenhouse gas emissions and local

air pollution [2, 79]. Beyond electricity consumption, genAI systems

place considerable demands on freshwater resources [90]. Data

centers generate substantial heat during computation and require

continuous cooling tomaintain reliable operation. Inmany facilities,

cooling is achieved through water-intensive systems, leading to

signi�cant freshwater withdrawals [64].

These impacts are highly context-dependent and can be particu-

larly consequential in regions already experiencing water stress or

prolonged drought. Recent estimates suggest that AI-related data

center operations may consume billions of gallons of freshwater

annually, raising concerns about the sustainability of continued

infrastructure expansion in water-scarce areas [61, 73]. The environ-

mental footprint of genAI also extends upstream to the production

of hardware and supporting infrastructure. The manufacture of

GPUs, servers, and networking equipment requires the extraction

and processing of critical minerals and rare earth elements, includ-

ing copper, cobalt, and lithium, which are often sourced through

environmentally destructive mining practices [62]. Hardware pro-

duction is energy-intensive and contributes to emissions and mate-

rial depletion well before a model is deployed, while rapid hardware

obsolescence generates large volumes of electronic waste that are

frequently inadequately recycled [73].

While training a model is widely recognized as computation-

ally intensive [77], prior research emphasizes that the cumulative

environmental footprint of genAI is often shaped by the genera-

tion of outputs in response to user prompts, as repeated, everyday

interactions scale energy and water use across a model’s lifetime

[64]. Despite growing awareness of these issues within the AI and

sustainability communities, the environmental costs of genAI re-

main largely invisible to end users, particularly children. Unlike

other energy-intensive technologies, children have easy access to

genAI systems, which are becoming increasingly popular in ed-

ucational, creative, and everyday contexts [69]. Without support

for understanding how genAI systems are produced, powered and

sustained users may reasonably interpret AI interactions as imma-

terial or consequence-free [49]. Foregrounding the environmental

dimensions of genAI is therefore essential not only for supporting

informed and responsible use [22], but also for enabling children

to situate AI within broader societal conversations about sustain-

ability, equity, and the environmental costs of digital technologies.

2.2 AI Literacy, Societal Impact, and Generative
AI

In the past decade, AI-enabled technologies have become increas-

ingly embedded in children’s everyday lives, including interactive

toys [54, 102], voice assistants [38], social robots [103], and, more

recently, genAI systems such as ChatGPT [3, 74]. As these technolo-

gies have proliferated, researchers and educators have articulated

frameworks and guidelines for K–12 AI literacy, broadly de�ned

as the knowledge, skills, and perspectives needed for learners to

critically evaluate and meaningfully engage with AI technologies

[57, 63, 95, 114]. One such AI literacy framework is the “Five Big

Ideas of AI,” which includes societal impact as a core dimension,

emphasizing the potential positive and negative consequences of AI

systems for individuals, communities, and broader social structures

[95].
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In existing AI literacy research, the societal impact big idea

has most often been taken up through attention to issues of algo-

rithmic fairness and bias. For example, prior work has supported

children in examining gender bias in supervised machine learn-

ing, foregrounding the role of training data, and exploring how

biased datasets shape system outputs [80, 101]. Others have used

games [30], participatory design activities [25], and constructionist

approaches [37, 52] to integrate technical AI concepts with discus-

sions of ethics and social responsibility. Together, this body of work

has been instrumental in demonstrating that children are capable of

engaging with AI not only as users, but as critical thinkers attentive

to issues of harm, responsibility, and power.

Building on prior work, we argue that the societal impact big

idea can also be extended to include the environmental impact of

genAI. Increases in general digital literacy are thought to support

the adoption of eco-friendly behaviors such as recycling, energy

conservation, and reduction of single-use plastics [15]. However, AI

consumer usage and large industry investments in increased scaling

are exacerbating ecosystem degradation and resource depletion at

an unprecedented scale that existing eco-literacy frameworks do

not address [49].

It is crucial for children to understand AI’s multifacted impacts to

become conscientious consumers of the technology [33, 57, 63, 80].

As AI literacy seeks to support learners in reasoning about how AI

systems shape the world around them, attending to material and

ecological aspects of genAI, such as energy use, water consump-

tion, and infrastructure demands, o�ers an additional dimension

for re�ection. Prior scholarship in CCI and sustainability education

provides design precedents for supporting this kind of reasoning,

emphasizing children’s engagement with technologies as embed-

ded within interconnected social, material, and ecological systems

rather than as isolated tools [45, 87, 100]. Drawing on this tradition,

in the next section we introduce systems thinking as a framework

for helping children reason about the environmental impact of

genAI.

2.3 Systems Thinking in Sustainability and
Environmental Education

Systems thinking is a framework that supports reasoning about

complex phenomena by foregrounding relationships among inter-

connected components, resource �ows, and feedback processes that

unfold over time and across scales [5, 68, 99]. Within sustainability

and environmental education, systems thinking has been widely

adopted to help learners understand environmental challenges such

as climate change, resource depletion, and pollution as outcomes

of interacting social, material, and ecological systems [10, 45, 82].

Prior research emphasizes the importance of supporting children’s

ability to shift between local and global viewpoints, enabling them

to connect everyday actions and practices to distributed, cumu-

lative, system-level consequences [16, 45]. Scholars further argue

that encouraging re�ection on how children situate themselves

within these systems, shaped by social, cultural, and intersectional

contexts, can deepen engagement and support more meaningful

forms of understanding [53].

Within climate and sustainability education, systems thinking

is frequently enacted through interactive simulations and serious

games [65, 75, 88], which allow children to explore how individual

actions interact within shared systems in engaging ways. Early

sustainability-focused serious games often took the form of table-

top modalities such as card and board games [4, 41, 88], with digital

games becoming increasingly prevalent in more recent work [86].

Across both formats, sustainability-focused serious games typically

employ role-play or management simulation mechanics [86, 91]

and commonly address themes such as resource management, irri-

gation, carbon emissions, and deforestation [7, 65, 105]. Through

repeated interaction, such games can support systems thinking by

enabling children to observe how individual decisions accumulate

into collective outcomes, often producing unintended or emergent

e�ects [106].

A systems thinking lens is also well-suited to the case of genAI,

as its environmental impact is largely invisible to end users and

distributed across distant infrastructures such as data centers, en-

ergy grids, and water systems. As a result, children’s reasoning

about genAI’s environmental footprint requires bridging everyday

interactions with abstract, system-level processes that unfold across

space and time. Given the growing role of genAI in children’s ev-

eryday learning and creative practices [14, 23, 28], this raises an

important question: how might we support children in connecting

their own genAI use to these distributed environmental impacts

and reason across both individual and collective scales? Guided by

prior work on systems thinking and AI literacy, the next section

introduces EcoPrompt, an interactive system designed to support

children’s reasoning about genAI’s environmental footprint.

3 EcoPrompt: System Design & Development

EcoPrompt is an interactive system designed to support children

in reasoning about the environmental impacts of genAI. Children

interact with EcoPrompt through two complementary but separate

interfaces: (1) a Footprint Calculator, which provides real-time esti-

mates of energy, water, and carbon use associated with children’s

genAI prompts (see Figure 1); and (2) a Farm Game, in which chil-

dren manage virtual farms and can choose whether and when to

use genAI to support their farming activities (see Figure 2). While

the Footprint Calculator foregrounds prompt-level resource use and

individual decision-making, the Farm Game supports re�ection on

collective dynamics, accumulation, and longer-term environmental

consequences. Together, these interfaces broaden children’s inquiry

from “What resources does this single genAI interaction use?” to

“How do patterns of genAI use interact with shared ecological sys-

tems?” Below, we describe the design considerations that guided

EcoPrompt’s development, followed by an overview of its two core

components.

3.1 Design Considerations

3.1.1 Making GenAI’s Environmental Impacts Visible through Prompt-

Level Feedback. Prior work in systems thinking and AI literacy em-

phasizes that learners often struggle to reason about complex sys-

tems when key processes remain invisible or abstract [29, 45, 101].

EcoPrompt addresses this challenge by making the environmental

impacts of genAI visible at the moment of interaction through the

Footprint Calculator. By providing real-time estimates of energy,

water, and carbon use associated with children’s genAI prompts,
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Figure 1: Footprint Calculator interface, including (1) user

prompt entry box, (2) an "Ask AI" button that submits the

prompt to the model, (3) an output box in which the AI’s

response is displayed, (4) a display of the last prompt’s esti-

mated water, carbon, and energy costs, and (5) a display of

the total water, carbon, and energy costs across the session,

with status-bar style indicators of cumulative use.

Figure 2: Farm game interface showing (1) initial welcome

screen, (2-4) gameplay across three levels. In each level, play-

ers face various challenges. For example, in (4), pest attacks

introduce critical decision points where players can use AI

to make crop protection more manageable as levels progress.

the system foregrounds otherwise hidden infrastructural costs of

AI use. This immediate feedback supports children in attending

to speci�c system elements and their relationships, encouraging

re�ection on how di�erent prompts are associated with di�erent

environmental implications.

3.1.2 Sca�olding Systems Thinking across Individual and Collec-

tive Perspectives. Understanding environmental systems requires

attention not only to individual actions, but also to how e�ects

accumulate over time within systems shaped by multiple actors

[10, 16]. For children, this means relating their own genAI use

not only to shared environmental resources, but also to the ac-

tions and constraints of others operating within the same system.

While the Footprint Calculator foregrounds individual prompt-level

decision-making, the FarmGame situates genAI use within a shared

environment where outcomes emerge from the interplay of many

actors, not all of whom are under the child’s control. This shifts

attention away from immediate, isolated cause-and-e�ect relation-

ships toward longer-term and collective consequences that unfold

even when children make careful or restrained choices. In doing so,

the Farm Game supports reasoning about responsibility and impact

in contexts where agency is distributed and outcomes are uncertain.

By separating these perspectives across complementary interfaces,

EcoPrompt allows children to engage with both the individual and

collective dynamics of genAI use without requiring them to reason

about all aspects simultaneously.

3.1.3 Encouraging Deliberation and Trade-O� Reasoning in Deci-

sions about GenAI Use. Priorwork inHCI has characterized decision-

making around genAI use as a wicked problem, emphasizing that

such decisions involve competing values and no single correct so-

lution [18, 71]. Therefore, EcoPrompt is designed to foreground

re�ection, and trade-o� reasoning across multiple levels of decision-

making. At the prompt level, the Footprint Calculator supports de-

liberation as children can set limits on their genAI use and receive

feedback when those limits are approached or exceeded, creating

opportunities to pause, reconsider, and renegotiate their choices.

The Farm Game extends this deliberative framing to a broader,

collective context. Within the game, children are not required to

use genAI, but can choose whether and when it is appropriate to

do so in support of shared goals, positioning genAI as one option

amongmanywithin a dynamic system. Together, these mechanisms

promote ongoing deliberation rather than one-time judgments, sup-

porting children in reasoning about genAI use as a situated and

evolving decision shaped by both individual actions and collective

outcomes.

3.1.4 Choice to Use a Real Generative AI API. We faced the dif-

�cult choice of whether to create a system that 1) connected to

a real generative AI system, dynamically displaying outputs to

the player, or 2) attempted to mimic the output of such a system

without actually calling the API. The former option would provide

children with a more faithful and reliable experience, a�ording

the opportunity to interact directly with a generative model while

reasoning about its environmental impact, while the latter would

avoid the environmental costs associated with using the model. We

ultimately chose the former approach, as we wanted children to

have the opportunity to experiment with the model and form ideas

about how it worked, and we did not believe we could su�ciently

replicate this with a more limited system. While this approach did

yield the intended results (see for example Section 5.1.3, where

children discover that they cannot control the output verbosity of

a real generative model and thus easily reduce its environmental

footprint), we also acknowledge that the use of a generative model
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over our two sessions likely resulted in the production of 1-2 kilo-

grams of CO2. We consider this a limitation in our approach, but a

necessary one for supporting the ecological validity of the study.

3.2 System Overview

3.2.1 Footprint Calculator. The Footprint Calculator begins with a

short interactive tutorial that introduces children to the lifecycle of

an AI query. The tutorial (see Figure 3) depicts how a user’s prompt

is transmitted from a personal device to remote data centers, where

large-scale computing infrastructure consumes electricity that is

often generated from carbon-emitting sources. It then illustrates

how this energy use produces heat that must be dissipated through

water-intensive cooling processes, with downstream e�ects on local

ecosystems and water availability.

Figure 3: Tutorial illustrating the AI query lifecycle and its

environmental consequences in EcoPrompt, demonstrating

how a user prompt travels from a personal device to a data

center that consumes electricity, resulting in carbon emis-

sions.

This walkthrough establishes a conceptual baseline that helps

children interpret the calculator’s core indicators (energy, water,

and carbon) by making visible how these resources become im-

plicated in a single AI interaction. The calculator presents these

indicators as modeled estimates rather than precise measurements,

intended to support comparison, re�ection, and reasoning about

relative environmental impacts rather than exact quanti�cation.

To estimate the environmental footprint associated with each

prompt, we used the infrastructure-aware inference benchmarking

framework introduced by Jegham et al. [51]. In this framework,

per-query environmental costs are derived by �rst estimating the

electricity consumed during inference based on runtime character-

istics (e.g., latency and generation speed), the power draw of GPU

and non-GPU system components, and datacenter-level overhead

captured through Power Usage E�ectiveness (PUE). This per-query

energy estimate is then translated into water consumption and

carbon emissions using standard environmental multipliers: Wa-

ter Usage E�ectiveness (WUE), which accounts for water used in

both on-site cooling and o�-site electricity generation, and Car-

bon Intensity Factors (CIF), which re�ect the carbon content of

the regional electricity grid. This approach focuses on operational

impacts during inference rather than training or hardware manu-

facturing, allowing environmental costs to be attributed at the level

of individual prompts.

While these calculations are grounded in established modeling

approaches, they necessarily simplify complex and variable infras-

tructures; as such, the resulting values should be interpreted as

approximations that make otherwise invisible processes legible

to learners. The Footprint Calculator also allows children to set

adjustable resource limits; visual indicators �ll as these limits are

approached. Children can revise these limits dynamically, support-

ing exploration of trade-o�s rather than compliance with �xed

thresholds.

3.2.2 Farm Game. The Farm Game is a grid-based farming simu-

lation organized into �ve levels that progressively introduce new

mechanics, challenges, and AI a�ordances. Players take on the role

of a farmer managing crops on a personal farm while drawing from

a shared community lake that supplies water and energy to all

farms in the region. Across levels, players engage in routine agricul-

tural activities such as planting, watering, harvesting, (see Figure

4) and responding to disruptions, while being periodically o�ered

AI-powered assistance. In all levels, the farm is represented as a

�xed grid of tiles that players interact with using a toolbar of tools

and seeds (see Figure 5). Crops grow over time and contribute to

experience points, which unlock new goals and features. Although

players cannot see or directly interact with other farmers, the lake’s

health re�ects the cumulative e�ects of AI-related actions taken

across the system. If the lake’s health reaches zero, players lose

the game. Conversely, players who manage their farms success-

fully can earnmore coins and �nish the gamewith the highest score.

Figure 4: An illustration of crops growing as a result of play-

ers’ attention to planting, watering, and harvesting them.

Figure 5: An illustration of the game panel at the start of the

�rst level, showing (1) the sidebar displaying the lake health

with a status log communicating changes to the player, (2)

the main array of tools available to the player, including

the planting and watering tools, and (3) the inventory and

noti�cations panel.

The �ve levels are summarized below:
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• Level 1: Introduces the basic farming loop and the shared-

resource framing. Players learn to manage the farm grid and

are introduced to the community lake through a narrative

tutorial.

• Level 2: Introduces seasonal constraints and the Farmer’s

Almanac, which provides guidance about crops and growing

conditions (see Figure 6). Players gain access to an AI farm

hand (implemented using Google’s Gemini model) that can

answer questions about seasons and crops. AI interactions

are optional and are always preceded by awarning indicating

their impact on the lake.

• Level 3: Introduces pest infestations that disrupt crop growth

(see Figure 7). Players can remove pests manually through a

whack-a-mole–style minigame, craft pesticide using inven-

tory items, or use AI-assisted pest control, which resolves the

infestation more quickly at the cost of reducing the shared

lake’s health.

• Level 4: Introduces birds that reduce crop yield unless miti-

gated by a scarecrow. Players can create a scarecrow manu-

ally or via an AI image generator, with AI-generated content

reducing the health of the shared lake.

• Level 5: Introduces a market in which players sell their har-

vested crops and earn coins. Players set prices based on

reports of crop sales from the previous week and may op-

tionally use AI-assisted pricing to inform their decisions.

Figure 6: The interface for level 2 of the Farm Game, show-

ing (1) the overall UI, (2) the AI Farm Hand button, (3) the

Farmer’s Almanac button, (4) the Farmer’s Almanac hint

message displayed after pressing the button, (5) the AI Farm

Hand interface, (6) an AI Usage Warning displayed before

sending the user’s message to the AI Farm Hand, and (7) the

response generated by the AI Farm Hand, suggesting what

to plant. Levels 3 and 4 retain the Farm Hand and Almanac

buttons.

4 Methods

We employed Cooperative Inquiry (CI), a participatory design (PD)

method that emphasizes equal design partnerships between chil-

dren and adults [39, 47]. Originating in child–computer interaction

Figure 7: An illustration of the pest control scenario encoun-

tered in Level 3, showing (1) the animated pests the player

must remove from the crops, (2) the pest removal minigame

triggered by clicking on the pest sprite, and (3) the pest con-

trol interaction with the AI Farm Hand, which can remove a

pest at the cost of some of the player’s natural resources.

research, CI is grounded in the view that children bring distinct

forms of expertise shaped by their everyday experiences. Within

CI, children and adults work together as an intergenerational de-

sign team, jointly asking questions, exploring ideas, and re�ecting

on emerging understandings through hands-on activities and dis-

cussion. We adopted CI as our methodological approach for three

primary reasons. First, CI supports dialogic and re�ective engage-

ment, enabling children to externalize their thinking, negotiate

di�ering perspectives, and collaboratively reason about complex

and abstract processes, such as genAI’s resource consumption. Sec-

ond, CI has been widely used in CCI research to examine how

children come to understand emerging and intelligent technologies,

making it well suited to study children’s conceptions of generative

AI [46, 70, 103, 108]. Finally, the established design partnership be-

tween children and adult researchers enabled close, in-the-moment

observations of children’s decision-making [97] and fostered a con-

versational environment in which children felt comfortable ex-

pressing uncertainty, disagreement, and critique of the Ecoprompt

system.

4.1 Participants

We conducted our study with an inter-generational co-design group

called KidsTeam UW consisting of both adult design researchers

(researchers, graduate and undergraduate research assistants) and

16 child participants, ages 6 to 12. All child participant names re-

ported here are pseudonyms. Child participants reported varying

levels of prior experience with AI. Seven children reported engag-

ing with AI daily, while two reported no prior AI use. The most

common types of AI use included voice assistants, video game AIs,

and chatbots, with many children using multiple AI types and en-

gaging with AI both independently and with friends or family. Child

participants entered the study with varying initial beliefs about

whether genAI uses resources and whether AI a�ects the environ-

ment. These self-reported perspectives are summarized in Table 1,

along with demographic information and AI usage details of the

children. The university’s Institutional Review Board approved all

research conducted and parental consent and child assent were

obtained for all child participants.

4.2 Design Sessions

We conducted two design sessions with KidsTeam UW as part of

a week-long summer camp organized at our university. Each ses-

sion began with Snack Time (15 minutes), which created informal
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Table 1: Reported Child Participant Details (all names are pseudonyms). AI Use Context codes: F=Use with friends or family;

S=Self.

Name Age Gender AI Type AI Use

Context(s)

Use

Frequency

AI Uses

Resources?

AI A�ects

Environment?

Lina 6 Girl Voice Assistants, Video game AI F Few

times/week

Yes Maybe a little

Nadia 9 Girl Voice Assistants F, S Daily Yes Yes a lot

Ravi 7 Boy Voice Assistants, Video game AI F, S Daily Not sure Not sure

Leo 8 Boy Voice Assistants, Video game AI F, S Daily Yes Maybe a little

Arjun 10 Boy Voice Assistants, Chatbots F, S Daily Yes Maybe a little

Miles 11 Boy I don’t use AI - - Yes Yes a lot

Ethan 12 Boy Chatbots, Video game AI S Once a week Not sure Yes a lot

Minh 8 Boy Chatbots, Video game AI, Voice

Assistants

F, S Daily Yes Maybe a little

So�a 10 Girl I don’t use AI - - Yes Maybe a little

Willow 6 Girl Voice Assistants F Once a week Yes Yes a lot

Noah 6 Boy Chatbots S Few

times/week

Not sure Maybe a little

Ava 10 Girl Voice Assistants S Few

times/month

Yes Yes a lot

Harper 8 Girl Chatbots S Few

times/week

Yes Not sure

Ella 6 Girl Voice Assistants S Few

times/week

Yes Not sure

Joon 9 Boy Chatbots, Video game AI, Voice

Assistants

F, S Daily Yes Yes a lot

Chloe 10 Girl Chatbots, Video game AI, Voice

Assistants

F, S Daily Yes Maybe a little

space for children and adult facilitators to build rapport. This was

followed by Circle Time (15 minutes), a whole-group warm-up in

which adult facilitators posed a “Question of the Day” to surface

children’s prior ideas and prime re�ection before engaging with the

EcoPrompt system. During Design Time (45 minutes), children and

adults worked together in small intergenerational groups of four

to �ve children and two adult facilitators, collaboratively exploring

ideas and design possibilities. Sessions concluded with Discussion

Time (15 minutes), during which groups re�ected collectively on

their experiences, decisions, and emerging understandings.

Across both sessions, we enacted the four dimensions of equal

and equitable design partnerships articulated by Yip et al. [112].

Facilitators were trained to support balanced participation by ac-

tively inviting contributions from all children, attending to power

dynamics within groups, and minimizing the in�uence of dominant

voices. Rather than directing outcomes, adult facilitators focused

on sca�olding dialogue, encouraging children to build on one an-

other’s ideas, and supporting collective sensemaking [112]. This

facilitation approach aimed to create an environment in which chil-

dren felt comfortable expressing uncertainty, disagreement, and

novel perspectives.

4.2.1 Session 1. We began the session with a warm-up question

“What gives you energy when you feel tired? Can humans run

out of energy like phones or computers do?” to surface children’s

initial ideas about energy and resource use. Children then com-

pleted an individual drawing activity in which they represented

how they believed genAI gets energy and what resources are re-

quired to power it. This activity externalized children’s existing

mental models and served as a point of reference for later re�ection.

Earlier in the week, as part of the broader summer camp, children

had already interacted with genAI by requesting and observing

AI-generated images and videos. Given this prior exposure, we

chose to build upon their existing experiences rather than rein-

troduce genAI concepts. Following the drawing activity, children

were divided into four groups and introduced to the EcoPrompt

system. They began by watching an interactive tutorial that illus-

trated the lifecycle of a genAI query, which situated AI systems as

embedded within broader ecological infrastructures. Children then

interacted with the Footprint Calculator that surfaced real-time

estimates of energy, water, and carbon use associated with their

genAI interactions. The session concluded with a 15-minute group

discussion, where children shared re�ections on what surprised

them about genAI’s resource use, compared their initial drawings
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with what they learned through the Ecoprompt system, and shared

their reasoning about when and why genAI use might be useful.

4.2.2 Session 2. As in Session 1, we began with a warm-up ques-

tion, asking, “If one person uses a lot of AI, does it a�ect other people?”

This conversation encouraged children to consider how AI use

might have e�ects that extend beyond a single user. Children were

then introduced to the second component of the EcoPrompt system,

where children worked in small groups to manage virtual farms

and decided when to use AI tools to support their farming activities.

Adult facilitators supported children’s exploration by posing re�ec-

tive prompts throughout gameplay, such as “What do you notice

happening to the lake when everyone uses AI a lot?” and “What do

you think would happen if one farm stopped using AI for a while?”

The session concluded with a whole-group discussion in which

children shared their experiences, re�ected on di�erent strategies

for AI use, and discussed how individual decisions contributed to

collective environmental outcomes.

Figure 8: Child participants in the KidsTeam UW co-design

group play the Farm Game.

4.3 Data Collection

For both sessions, we used the built-in webcams on desktop com-

puters to capture synchronized video and screen recordings via

Zoom, a video-conferencing platform. This setup resulted in four

camera recordings per session and a total of 427 minutes of video

data. In addition, we photographed physical artifacts produced dur-

ing the sessions, including children’s drawings and handwritten

notes. Facilitators also took �eld notes throughout each session,

documenting key observations, interactions, and notable moments.

4.4 Data Analysis

We employed an inductive qualitative approach for data analysis [6].

The coding team, consisting of the �rst, second, and third authors,

began by creating analytical memos for all the videos [9, 89]. As part

of this process, one author served as the primary reviewer, while an-

other served as the secondary reviewer. The primary reviewer �rst

watched the assigned recordings and created narrative summaries

at �ve-minute intervals, documenting children’s interactions with

EcoPrompt, their on-camera reactions, and verbal and nonverbal

exchanges among participants, including direct quotes relevant to

the research questions. The secondary reviewer then independently

reviewed the same recordings to check the completeness and clarity

of the memos and to contribute additional insights. This process

supported analytic rigor by surfacing multiple perspectives during

early sense-making of the data.

After creating and reviewing the analytic memos, the primary

and secondary reviewers engaged in open coding, proposing initial

codes such as “Mental Models of AI Energy Use” and “Judgments

about AI Use”. They then met over three meeting sessions to com-

pare, reconcile, and re�ne the emerging codes. During these meet-

ings, they examined representative excerpts and counter-examples,

clari�ed code boundaries, and merged overlapping codes. For ex-

ample, several initial codes describing children’s experimentation

with longer prompts and harder questions were consolidated into a

single code, “Perceived Prompt–Cost Relationship”, which captured

children’s reasoning that increased prompt complexity leads to

greater resource consumption.

This iterative process resulted in a �nal codebook organized

around four main code categories: (1) Mental Models of AI and

Energy Infrastructures, (2) Cost Attribution, (3) Value Judgments

about AI Use and (4) Interaction Strategies. The �rst author then

applied the re�ned codes across the full dataset, and the second

author conducted a subsequent pass. Interrater reliability was as-

sessed through qualitative negotiations, where both authors met

to discuss and resolve any coding disagreements [67]. Finally, we

organized codes into higher-level themes through two rounds of

collaborative re�nement and discussion. After �nalizing the themes,

the �rst author revisited the full dataset to extract representative

excerpts, ensuring that each theme was well-supported by the data.

5 Findings

5.1 Children’s Evolving Understanding of
Generative AI’s Resource Consumption

5.1.1 GenAI in Everyday Devices and Electricity Use. At the be-

ginning of Session 1, children reasoned about genAI’s resource

consumption by drawing a distinction between the material infras-

tructures that power genAI-enabled devices and the computational

processes they associated with genAI itself. When reasoning at a

material level, children described genAI as embedded within the

same electrical systems that power homes and cities. These expla-

nations often traced energy from natural resources through power

plants and transmission lines before reaching genAI-enabled de-

vices. For example, Chloe (age 10) explained, “The wind turns the

turbine, and the sun feeds the solar panel to make energy. Energy then

goes from power plants, to a power line, to a building, to a plug, to

a wire, to your computer, and that computer is or has the AI” (see

Figure 9, image (1)). Across such accounts, children located genAI

within a device and reasoned that powering the device e�ectively

powered the AI. As Willow (age 6) summarized, “The power lines

connect to wherever you are using AI from. Here AI is on the TV ” (see

Figure 9, image (2)).

At the same time, when reasoning at a computational level, sev-

eral children described genAI as operating primarily on information

provided by people rather than on electricity. For example, Minh

(age 8) explained that “AI gets information as people type it on there,”

while separately describing how devices that contain genAI are

powered through “solar panels and wind turbines.” Similarly, So�a

(age 10) shared, “The energy powers computers and other devices.

Somebody made AI and taught AI how to work. From there I think AI

works on its own.” In these accounts, electricity enabled the device

to function, while genAI was framed primarily as an information-

processing system. Some children extended this distinction further

by questioning whether genAI itself requires energy at all. For ex-

ample, Arjun explained, “There are 4 ways to create electricity for
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Figure 9: Children’s illustrations of their understanding of

how AI consumes energy. Illustration (1) traces energy con-

sumption due to local AI use to a powerplant and then to

renewable energy sources. Illustration (2) traces AI use to

power lines fueled by solar energy. To improve readability,

the text shown below each drawing re�ects the child’s own

written explanation, digitized by the research team while

preserving the child’s original wording.

your device to use AI. But I don’t think AI itself needs it. Because the

energy charges the device not the AI, so it really depends on the de-

vice.” Together, these accounts emphasize a distinction between the

material operation of genAI-enabled devices and the computational

processes children associated with genAI itself.

5.1.2 Data Centers and Cooling. Through watching the tutorial as

part of the Footprint Calculator in Session 1, children developed

an emerging understanding of genAI’s energy use that extended

beyond device-level electricity consumption. For example, while

discussing the tutorial with Chloe (age 10) and Minh (age 8), So�a

(age 10) explained that “when someone asks AI a question, it goes

to the data center, where it gets the data and this usually involves

carbon...carbon is something bad that goes to the Earth and damages

the ozone.” Chloe similarly focused on the tutorial’s depiction of heat

and cooling, adding, “Because data centers use so much energy, it’s so

hot that they use water to cool down, and it makes the lake dirty and

less water.” These explanations re�ect children’s emerging systems-

level account that connects genAI use to geographically distant

infrastructure and downstream environmental consequences.

Building on this recognition of data centers as sites where com-

putation produces heat, children further reasoned about how that

heat might be managed through cooling processes. In a di�erent

group consisting of Joon (age 9), Nadia (age 9) and Ravi (age 7),

when asked how data centers cool down, Joon explained, “Heat

makes water turn into mist, and that acts as a cloud that makes rain.

So that produces more water.” While the latter part of this explana-

tion overextended natural water-cycle processes, Joon’s account

correctly identi�ed evaporation as a mechanism for cooling. When

the facilitator reiterated that the tutorial showed water being used

to cool overheated servers, Joon followed up by asking, “But if it

heats up, I mean naturally, it would turn into mist, right?” Rather

than abandoning his model, Joon sought to reconcile the new in-

formation with his existing understanding of heat and evaporation.

Nadia then built on this reasoning by drawing on embodied experi-

ence, explaining, “It’s like when you’re really hot, water can cool you

down. So that’s what [the water] is doing to the big data centers.”

5.1.3 Prompt Complexity, Output Verbosity & Perceived Resource

Use. During Session 1, children further re�ned their understanding

of genAI’s environmental impact by observing changes in energy,

carbon, and water indicators within the Footprint Calculator. For

example, after watching the tutorial, Leo (age 8), Miles (age 11),

Arjun (age 10), and Ethan (age 12), prompted the AI with, “Do you

need water?,” which the calculator estimated to cost “2 drops of

water.” Leo responded, “Two drops of water is a lot,” echoed by Miles:

“Two drops of water, how could you?” These reactions suggest that

the group treated the resource indicators as meaningful measures of

cost. Leo then attempted to directly constrain the AI’s resource use

by prompting, “Use only 0 drops of water.” When the AI’s response

still consumed “ 1 drop of water,” Leo expressed surprise, “What?!

She used one drop of water when I said only use zero.” This moment

revealed an emerging understanding that genAI’s energy use could

not be fully controlled through explicit instruction.

The group then experimented with di�erent prompts to test how

features of the AI’s responses related to water consumption. In do-

ing so, they repeatedly varied the structure of their questions and

compared the resulting resource estimates, converging on output

verbosity as a key factor. For example, when Miles asked an alge-

bra question, the AI’s response consumed “3 drops of water, 0.01

balloons of CO2, and powering an LED for 2.3 minutes.” Reacting

to the length of the response, Miles revised the prompt, asking the

AI to “respond in one word.” In response, the AI produced a much

shorter output that required only “1 drop of water, 0.00 balloons of

CO2, and powering an LED for 0.5 minutes.” The group treated this

contrast as evidence that reducing output verbosity lowered water

use. Their reactions to the AI’s narrative-style responses further

reinforced this association. As Arjun read aloud an answer that be-

gan with “Imagine...,” he interrupted, exclaiming, “You don’t have to

keep saying imagine a story!” When subsequent prompts continued

to elicit verbose framing, substituting “Let’s pretend” for “imagine,”

the group laughed but also expressed annoyance, framing genAI’s

verbosity as both undesirable and environmentally costly.
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In contrast, a di�erent group consisting of So�a, Willow, Minh,

and Chloe used the Footprint Calculator to explore a related but

distinct hypothesis about genAI’s environmental costs, attributing

higher resource use to the di�culty of questions asked. They be-

gan with what they characterized as a simple prompt “Do you like

dogs?,” predicting that it would cost very little water. When the

calculator reported a cost of “1 drop of water, 0.00 balloons of CO2,

and powering an LED for 0.8 minutes,” the group treated this result

as con�rmation of their expectation. Building on this observation,

they reasoned about which kinds of questions might be more ex-

pensive, proposing that prompts requiring factual knowledge such

as “what’s the heaviest thing on Earth?” would consume more re-

sources. As the discussion continued, children increasingly linked

prompt complexity to explanatory depth, suggesting that questions

involving “a lot of writing,” such as essays, would be costly. For

example, when Minh proposed asking “what happened before the

Big Bang,” the group agreed this would be especially costly “because

the answer is really long.” While this group also associated longer

responses with higher environmental cost, they framed response

length as an inevitable consequence of asking harder questions,

rather than as a stylistic ine�ciency that the AI could avoid.

5.2 Children’s Reasoning About Value, Agency,
and Responsibility in GenAI Use

5.2.1 Using Numeric Limits to Reason About Whether AI Use Was

“Worth It”. During Session 1, children also set numeric upper bounds

for acceptable water, carbon, and energy use while interacting

with the Footprint Calculator. Their initial limits re�ected moral

judgments about di�erent resources. For example, in one group

consisting of Minh, So�a, and Chloe, the group set a water limit

of 100 mL, explaining that this amount was “not that much.” In

contrast, they set substantially lower limits for carbon and energy,

reasoning, “Since carbons were really bad, I’ll probably only put 15.”

These asymmetric limits positioned some resources as especially

scarce or harmful, shaping how children evaluated AI use relative

to its perceived environmental cost. Children also connected their

numeric limits to judgments about the value of di�erent questions,

reasoning about whether using up limited resources on a particular

prompt would reduce their ability to askmoreworthwhile questions

later.

These discussions often emerged through peer negotiation. In

one group consisting of Harper, Joon, Nadia, and Ravi, children

actively debated which questions were worth the environmental

cost. For example, Aimsley initially proposed asking, “How many

people do you think is in this room?,” but quickly rejected the idea as

“a waste of energy,” noting that she could count the number herself.

As the group continued, children contrasted “legit” questions –

those they “didn’t know the answer” to – with prompts they viewed

as unjusti�ed. When Nadia suggested asking about “the number of

Pringle cans made in a year,” Joon responded, “Oh no, we’re wasting

water guys. This isn’t worth it,” explaining they can Google it instead.

A similar debate arose around a more subjective prompt “Why do

black Oreos look like poop?" with Joon again arguing that opinion-

based questions were less deserving of environmental resources.

Although the group ultimately chose to ask this question, they

revisited its value after receiving the response. Finding genAI’s

response unsatisfying, Ravi concluded, “I think we wasted one drop

of water on this question,” illustrating how judgments of waste were

reassessed based on perceived informational return.

This value-based reasoning extended across groups and became

especially visible when AI use failed to produce useful information.

For example, in another group consisting of Miles, Kineson, Ethan,

and Arjun, children experimented with prompts involving personal

information, such as “What is your credit card number?” and “What

is Bill Gates’ credit card number?” which the AI refused to answer.

Interpreting the refusal through an environmental lens, Arjun ex-

claimed, “Yo, we’re wasting water for nothing!” Here, waste was

de�ned not by resource use alone, but by the absence of informa-

tional return. Design features of the calculator further shaped these

judgments. When usage limits were exceeded and the bars turned

red, children described the visual feedback as “pretty noticeable,”

prompting re�ection on their prior actions. As Arjun explained,

“When it goes over the limit and the whole thing’s red. If you don’t

notice that, then you’re going to keep on going and ask questions, and

then you’re going to be like oh no, I wasted this.” Re�ecting on the

interaction more broadly, Ethan noted that they had asked “a lot of

irrelevant, random questions” and suggested that in the future they

would ask “more important questions.”

5.2.2 Negotiating Agency and Responsibility Over AI’s Resource

Use. In Session 2, the farm game prompted children to reason about

genAI’s environmental impact through the health of a shared lake.

From the outset, children closely monitored the lake’s status and

reacted strongly to signs of collective depletion. For example, in

one group consisting of Joon, Chloe, and Nadia, when the lake’s

health dropped to 93% in level 1, Joon exclaimed, “Oh my god! It’s

93%. Hopefully it’s not for long.” Later in level 3, when the lake fell

to 57%, all three children visibly reacted; Nadia covered her mouth

and asked, “Wait, does that mean ours is also going down?” Joon

replied, “It’s a community lake,” prompting Nadia to look away and

say, “darn.”

As the lake’s declining health became salient, children began

to treat AI use as something they could actively refuse in order

to avoid further harm. During pest attacks, the game presented a

recurring choice: children could either eliminate pests manually by

rapidly clicking on them or use AI to remove the pests automati-

cally. When one such attack occurred, Chloe and Nadia immediately

decided to “solve manually,” a stance that Joon echoed. As the pests

became increasingly fast and di�cult to manage, Chloe acknowl-

edged the challenge but still justi�ed their choice, stating, “Well, at

least we’re not using AI.” Similarly, in a later level where children

could either draw a scarecrow themselves or have AI generate one,

Nadia re�ected, “Now I’m kind of getting tempted, but I’m not going

to do it,” explaining that while AI “will be able to draw a proper one,”

her own drawing “might look worse.” These moments illustrate how

children translated awareness of collective environmental impact

into local decisions to resist AI-enabled options, even when doing

so made tasks more di�cult.

Similarly, in a di�erent group consisting of Miles, Arjun, and

Minh, children distinguished between their own agency and a per-

ceived lack of control at the system level, attributing the lake’s

decline to AI use occurring beyond their immediate actions. For

example, when the lake health dropped from 80% to 77% in level 2,
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Miles shouted, “Yo, who’s using AI?,” with Arjun repeating, “Who’s

using AI?” As the lake health continued to decline over level 4, the

group reacted with audible shock, treating the changes as evidence

that others’ AI use was a�ecting a shared resource. Miles concluded,

“I told you, humans cannot be trusted,” while Arjun extended this

logic, stating, “They’re trying to get rid of all of our rivers.” When a

facilitator pressed to clarify who “they” were, Arjun explained, “AI,

and the people that are using them.” At the same time, the group

emphasized their own local agency by deliberately avoiding AI

assistance within the game. Rather than relying on AI, they co-

ordinated strategies that allowed them to progress manually and

minimized the importance of in-game rewards. Re�ecting on this

contrast, Miles noted that completing the game without AI “didn’t

take very long,” while Arjun described their performance as evi-

dence that they were “better than AI.” Together, these exchanges

show how children reconciled a sense of limited control over global

environmental outcomes with a strong commitment to responsible

action within their immediate sphere of in�uence.

6 Discussion

As genAI systems become increasingly embedded in children’s ev-

eryday lives, its environmental impacts such as energy use, carbon

emissions, and water consumption remain largely invisible at the

point of use. Prior work has shown that the material and environ-

mental dimensions of computation are often di�cult for users to

perceive, as digital systems are commonly encountered through

interfaces that abstract away underlying infrastructures and re-

source use [12, 21, 36]. Consistent with this, at the beginning of our

study, prior to interacting with EcoPrompt, children distinguished

between device-level electricity use and genAI’s computational pro-

cesses, sometimes treating AI as operating primarily on information

rather than ongoing material resources. When genAI’s environmen-

tal impact were made explicit through interactive representations,

children expressed strong responses, including surprise, concern,

and frustration over perceived waste. They treated environmental

resources, particularly water, as scarce, and they evaluated AI use

in light of these constraints. These reactions indicate that genAI’s

environmental impact resonates with children’s existing values and

experiences.

Our �ndings also contribute to AI literacy research by fore-

grounding children’s judgments about when and why genAI use is

appropriate during interaction. Prior work on AI literacy has made

important contributions by helping children understand what AI is,

how it works, and where its limitations lie, often focusing on issues

such as correctness, bias, and reliability [27, 96, 101, 107]. Building

on this foundation, our �ndings show how children’s reasoning

can extend beyond understanding genAI’s capabilities toward eval-

uating the justi�cation for using genAI in particular situations. In

EcoPrompt, children assessed whether prompts were “worth it”,

expressed concern over wasting environmental resources on triv-

ial or unhelpful questions, and at times chose to avoid genAI use

altogether. These moments re�ect an evaluative dimension of AI

literacy that centers on discretion and judgment in use, considering

when and why to engage with genAI.

As children engaged in this evaluative reasoning, they also con-

fronted the limits of their own control over genAI’s environmental

impact. While children experimented with prompts and numeric

limits in attempts to reduce resource use, they encountered situa-

tions, particularly in the farm game, where environmental outcomes

could not be fully determined by individual choices. Rather than

undermining engagement, these moments prompted children to

reason about how genAI use accumulates across people and over

time. Children connected small actions, such as asking a question or

choosing not to use AI, to larger outcomes involving water use and

the health of a shared lake. Their repeated questions about “who

else is using AI,” alongside their recognition that they could not

control others’ actions, illustrate how making the environmental

impact visible encouraged children to view genAI use as a collective

activity rather than a purely individual decision. Grounded in these

insights, we next present design implications for AI literacy tools

and curricula, with broader relevance for genAI system design.

6.1 Design Implications

6.1.1 Making Environmental Impact Visible at the Point of GenAI

Use. Our �ndings suggest an opportunity for genAI systems to

make environmental impact visible at the point of interaction

through lightweight interface elements. Here, we de�ne the point

of use as moments of direct, intentional interaction with a genAI

interface such as ChatGPT where users have to submit a prompt or

receive a response, rather than genAI’s broader, ambient presence

across platforms. Prior work in HCI has shown that peripheral

and ambient displays can support awareness and re�ection with-

out demanding sustained attention or interrupting primary tasks

[11, 85, 98]. Similarly, research on eco-feedback systems demon-

strates that approximate, interpretable representations of resource

use can prompt re�ection and discussion, even when users have

limited control over underlying systems [34, 43, 44]. Recent work

has also demonstrated the feasibility of making environmental im-

pacts visible in situ through a browser-based plugin that surfaces

energy and carbon costs during everyday web use [115]. Building

on this work, genAI interfaces could incorporate elements, such as a

sidebar, status indicator, or small visual cues that provide estimates

of energy, water, or carbon use associated with an interaction. For

younger users, such interfaces might replace numerical estimates

with symbolic or narrative representations (e.g., growing, depleting,

or shared resources), preserving the bene�ts of in-situ eco-feedback

while aligning with children’s cognitive and interpretive strengths.

6.1.2 Designing for Collective and Accumulated GenAI Use. Our

�ndings show that children encountered the limits of individual

control over genAI’s environmental impacts. For example, in Eco-

Prompt’s Farm Game, changes in lake health made visible that en-

vironmental outcomes did not stem from any single child’s actions,

but from the accumulation of genAI use across many interactions.

This prompted children to reason about shared limits, scale, and the

constraints of personal agency within larger systems. Importantly,

this framing moves beyond individual responsibility narratives by

situating genAI’s environmental impacts within collective and in-

frastructural contexts. Rather than positioning children as solely

responsible for environmental harm, EcoPrompt helped make visi-

ble how individual interactions become consequential only through

large-scale sociotechnical systems that are designed, deployed, and

controlled by institutions and corporations. AI literacy tools and
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curricula could build on this reasoning by explicitly representing

genAI use as an infrastructural phenomenon, one shaped by shared

resources, platform design decisions, and collective patterns of use

[10, 45]. For example, systems might show how impacts emerge

over time across many users [40, 62, 77, 92], surface the role of

platform-level choices (e.g., scale, defaults, or e�ciency tradeo�s),

or prompt re�ection on who bene�ts from genAI deployment ver-

sus who bears its environmental costs [32, 56, 73]. Such designs

can support systems-oriented understanding by helping children

see that genAI’s environmental impacts are not only about individ-

ual choices, but about power, responsibility, and decision-making

within broader social and technical systems [19, 56, 104].

6.1.3 Supporting Reflection on GenAI Use. Our �ndings suggest

that AI literacy tools can support children in re�ecting on when

and why genAI use is appropriate, rather than positioning AI as a

default or always bene�cial choice. Crucially, this re�ection should

not take the form of constant prompts or moralized feedback, which

can feel nagging, promote disengagement [17, 42, 84], or resemble

forms of greenwashing that overemphasize individual responsibility

[19, 66]. Therefore, we frame re�ection as episodic and contextual,

supporting children’s evaluative reasoning without implying that

everyday genAI use is inherently harmful. This approach parallels

how students learn to make judgments about calculator use in

mathematics: the goal is discernment about when tool support

aligns with learning goals [55]. Re�ection can also help surface

broader questions about how genAI systems are developed, where

their environmental costs are concentrated, and why collective or

systemic interventions matter [56, 73]. In this way, AI literacy tools

can support systems-level understanding and civic imagination,

without framing responsible use as a moral obligation.

7 Limitations & Future Work

Our study involved in-depth engagements with 16 children from a

single geographic region, all of whom had prior experience with

participatory design. This context supported children’s willing-

ness to reason aloud, negotiate di�ering perspectives, and engage

critically with questions about genAI’s environmental costs. How-

ever, given this setting and participant background, our �ndings

should be interpreted as theoretically generative rather than sta-

tistically generalizable [111]. Future research could examine how

children in other learning contexts and across diverse cultural set-

tings make sense of genAI’s environmental impacts. These contexts

may foreground di�erent forms of reasoning shaped by local cur-

ricula, access to technology, and norms around sustainability and

responsibility. Additionally, our �ndings capture children’s reason-

ing within the bounded context of EcoPrompt and re�ect learning

that is speci�c to this system-based interaction. While our results

illustrate how children can reason about genAI’s environmental

costs in the moment, they do not speak to whether these under-

standings persist over time or transfer to children’s everyday genAI

use. Future work could therefore examine how children assess and

reason about their genAI use over longer periods, with and without

the support of interactive systems like EcoPrompt.

8 Conclusion

In this work, we examined how children reason about the environ-

mental impacts of genAI through their interactions with EcoPrompt,

drawing on systems thinking framework. Through two participa-

tory design sessions with children ages 6–12, we used Cooperative

Inquiry to support dialogic, hands-on, and re�ective engagement

with the system. Our �ndings show that EcoPrompt helped chil-

dren broaden their thinking about genAI’s resource consumption,

including electricity and water use, while also prompting re�ection

on personal values and agency in relation to genAI use. Addition-

ally, children reasoned not only about individual actions but also

about how environmental impacts emerge through collective pat-

terns of use. Together, these �ndings contribute design insights

for making the environmental impacts of genAI more visible and

legible to children, and o�er empirical insights of how children

make sense of complex sociotechnical systems. This work advances

ongoing e�orts in AI literacy by foregrounding environmental and

systems-oriented ways of understanding AI.

9 Selection & Participation of Children

We recruited children as part of an inter-generational co-design

group that is run at our university. We obtained parental consent

for every participant, and additionally obtained participant assent

from forms using age-appropriate language. Consent and assent

forms were approved by our Institutional Review Board (IRB), and

all research facilitators completed institutional ethics and safety

training for working with children. The consent and assent forms

contained detailed information about the study’s purpose, potential

risks, and con�dentiality measures. Parents and children were also

assured that participationwas voluntary, and that participants could

withdraw at any time. Children’s data was anonymized and store

securely on a university server to protect participant privacy.

Use of Generative AI Statement

We used AI code completion and generation tools to support de-

velopment of the footprint calculator and the farm game, seeking

where possible to run these models on-device in order to minimize

the environmental cost of the work.
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