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Abstract: Artificial intelligence (Al) has seen unprecedented rates of adop-
tion and dominates the discourse within our industry. Most of the conver-
sation focuses on the extremes of how it will affect practitioners’ careers: Al
is the salvation of our profession, or Al will put us all out of work. However,
there is notably less attention given to the planetary impact of this powerful,
yet energy- and emissions-intensive technology. Research shows that Al has
a substantial carbon footprint. The accelerating adoption of Al for mundane
content tasks puts us at risk of generating even more emissions at a time
when we urgently need to reduce our impacts.

'This chapter explores the limited data available regarding emissions impacts
of Al technologies and addresses other potential costs to society. These costs
must be considered on a case-by-case basis when balancing the merits and
drawbacks of incorporating Al in technical communication.
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Artificial intelligence (AI) has become the hottest trend among communications
professionals, dominating the discourse within our industry. Conferences, webi-
nars, and newsletters are filled with discussions about how it will affect practi-
tioners’ careers and the information is polarized for clicks: Al is either the salva-
tion and future of our profession, or Al will put everyone out of work. However,
there is notably less attention given to the planetary impact associated with the
use of this powerful, yet energy- and emissions-intensive technology.

I have established that our human-created digital content has an emissions
impact (Bonsignore, 2023). That calculation is fundamentally an analysis of clicks—
the number of webpage hits or file downloads—multiplied by the page weight or
file size. But what is the difference when the content has been created by AI?

This article sought to explore the existing literature to generate similar met-
rics for Al-generated content. It is perhaps not surprising that the Al industry
is moving fast, and the published research into the impacts isn't keeping pace.
ChatGPT was released by OpenAl in November 2022, the first of the main-
stream Al tools. Given the length of time that it takes to conduct research, gather
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data, undergo peer review, and be published, it’s no surprise that the publicly
available research correlating Al, content development, and emissions is limited.

Al tools have been developed by corporations that have been less than forth-
coming with documentation. In an article for Wired, Paresh Dave (2024) not-
ed that OpenAl, for example, has apparently scrapped a pledge for operational
transparency. However, there is enough publicly available information that we
can begin to draw informed inferences about the energy use and related emis-
sions of Al as a whole, and begin to assess the impacts that its use can have on our
planet. By looking at the bigger picture, we can begin to understand and balance
the significant impact and tradeofts associated with Al

B What IsAl?

Any discussion of Al needs to begin with a level-setting: what do we mean when
we talk about AI?

Many terms fall under the umbrella of Al It’s important to clarify them
upfront.

= Artificial intelligence (AI): The field of study in computer science that
develops intelligent machines.

= Machine learning: The branch of Al focused on developing algorithms
that make predictions. (e.g. spam filtering in your email)

= Large language model (LLM): An Al algorithm that uses massive data
sets to understand and generate content. (e.g. ChatGPT)

* Natural language processing (NLP): The branch of Al that focuses on
giving computers the ability to understand human language. (e.g. spell
check)

= Generative Al: Al that analyzes data patterns to generate new content,
including text, audio, imagery, and code. (e.g. “Write an explanation of a
solar eclipse in iambic pentameter”)

ChatGPT—the best-known Al tool—is a generative Al LLM that uses ma-
chine learning and NLP to interpret user queries and generate conversational,
understandable responses. While it was the first tool of significance to go to
market, is not the only player in this space, and is competing against Google,
Microsoft, Amazon, and Meta for market share.

However, most people are referring to all aspects of these GPT-types of tech-
nologies colloquially as “Al” or “ChatGPT” regardless of the actual underlying
system, not unlike the genericization of Kleenex, Xerox, or Band-Aid. Therefore,
that is the terminology that will be used here.

We should also note that some Al tools have long been used in content,
such as spell check and grammar checkers. However, these are relatively basic,
low-energy tools that don't have the same emissions impact as the new wave of

technology—ChatGPT and the like.
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B What Was Al Designed For?

Al was designed to analyze massive datasets and generate conclusions that would
either be too time-consuming or outside the scope of one human’s analytical
grasp. For example, Al tools are increasingly used to forecast hurricane intensity
and landfall; they can simulate and predict the long-term durability of a knee
implant; or they can run time-intensive physics simulations to understand how
buildings will perform in earthquakes. As noted by Lynn H. Kaack, et al. (2022),
Al excels at information gathering, forecasting, and predictive simulations, deliv-
ering comprehensive results in accelerated timeframes.

B How Does Al Work?

There are two primary aspects of Al:

* Training: the volumes of datasets that the tool uses to “learn” its skills;
this can be anything from a specifically developed dataset to the collected
works of Shakespeare

* Inference: making predictions using the trained models

While significant research is emerging regarding the impacts of Al training,
there is less public understanding of the impacts of Al inferences. I'll examine
them separately below for clarity, but researchers ultimately need to look at the
tull scope of the process to understand the impact in its entirety.

B Literature Review

This paper began by investigating existing research into the environmental im-
pacts of using Al tools as content tools. Given the novelty of these systems, the
information does not exist. Therefore, it was necessary to take a step backward: if
we can't measure the impacts of specific instances, we need to take a look at the
development and use of Al tools as a whole.

B Aland Energy

Generative Al tools have broken records for technology growth and adoption.
Research by Andrew A. Chien, et al. (2023) noted that it uses extensive compu-
tational resources and can infer that there is a corresponding increase in energy
use and carbon emissions.

Our use of digital technologies is ever-increasing, and every byte is energy.
As I noted in previous literature, energy—at least for the foreseeable future—
has a carbon footprint (Bonsignore, 2023). We power our electronic devices and
data centers primarily by burning fossil fuels, such as petroleum, natural gas, or
coal. These energy sources turn turbines that generate electricity, which is then
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distributed to our homes and businesses through the local or regional power grid.
We use a lot of energy. Our digital footprints are ever-increasing, and every byte
has a carbon cost.

According to Our World in Data (Ritchie, 2023), humanity has doubled its
energy consumption in the past four decades, from roughly 87,000 terawatt hours
in 1980 to approximately 174,000 terawatt hours in 2019. Increases in renewable
energy generation are not meeting our increased demand. Our increased overall
consumption limits the amount of headway that we’re making on a true green en-
ergy transition. Our expanding use of information and communication technolo-
gies (ICT)—including Al—is driving a significant amount of that consumption.

B Al and Energy: Past and Future

Even prior to the emergence of ChatGPT, Al technologies were known to be
energy intensive. Between 2012 and 2018, Mariarosaria Taddeo and team (2021)
reported that the computing power required for machine learning models in-
creased by more than 300,000 times, doubling every 3.4 months.

Data centers were reportedly consuming more than 2% of the world’s ener-
gy in 2020, and it was estimated that energy use would increase to “somewhere
between 8% (best case) and 21% (expected)” by 2025 (Stein, 2020). Further, ac-
cording to the International Energy Agency (IEA) (2023), these numbers would
account for approximately 1% of global emissions.

Nicola Jones (2018) pointed out that data centers were responsible for 0.3%
of the overall annual carbon emissions. However, when examined as part of the
entire information and communications technology (ICT) ecosystem—adding
digital devices and related networks used to create, store, transmit, and consume
data—the impact of our data-hungry lifestyle accounts for roughly 2% of global
emissions. That’s comparable to the annual emissions from the aviation industry
(Environmental and Energy Study Institute 2022).

Those working deep in the climate space are deeply aware of the added con-
sumption that Al will bring. At a panel discussion during NYC Climate Week
2023—specific details restricted by Chatham House rules—the panelists dis-
cussed how Al is causing computational demand to skyrocket. Jonathan Koomey
(2011) and NVIDIA (2021) agreed, and this means more computing hardware.
'This need for more hardware means more data centers (Shao et al., 2022), which
Sebastian Moss (2021) notes will lead to increasing water and energy use to keep
those data centers cool. The panelists believe Al to be roughly seven times as en-
ergy intensive as a standard data center because the nodes are constantly working
at maximum capacity and requiring significant energy for operations and cool-
ing. Consider that in traditional data centers—already known to have significant
environmental impacts—most of the data is stored, not active. Whereas conven-
tional data centers operate more like a car idling at a traffic light, Al requires the
all-out effort of a Formula 1 racecar.
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‘These high-intensity data centers use water for efficient cooling. However,
many are in water-stressed areas such as Arizona and Utah, reducing the amount
of fresh water available for residents. Mél Hogan (2015) estimated that one data
center in Utah used 7 million gallons of water per day.

Jeffrey Daston (2024) reporting for Reuters noted that at a Bloomberg event
at the World Economic Forum in Davos, Switzerland, Sam Altman—the on-
again, off-again CEO of OpenAl—suggested that Al is so energy-intensive as
to require the development of entirely new sources of electricity to accommodate
the technology’s needs. “With the ever-growing adoption of artificial intelligence
(AI)-based systems, the carbon footprint of Al is no longer negligible,” (Verdec-
chia et al., 2023, p. n.p.). While Emily M. Bender and her collaborators (2021)
discussed the rapid expansion of model sizes, noting that this expansion brings
with it a corresponding increase in environmental impacts.

'The growth of Al and cloud-based services are driving record growth in the
data center sector, which is being touted as a win for tech. However even those
that are bullish about data center growth admit to their sustainability drawbacks.
“Data centers are massive power users and require significant efforts to keep
cool,” said Matt Landek. “Given hyperscaler and colocation provider sustainabil-
ity goals, the data center industry will need new innovations to improve cooling
and energy efficiency for Al uses” (qtd. in Steele, 2023, n.p.).

As mentioned previously, Al is best at analyzing massive data sets for fore-
casting and predictive simulations. In those contexts, there is some amount of
operational efficiency that reduces the time required for large-scale modeling of
pharmaceutical drug development or Amazon deforestation simulations. There is
an element of learning as it goes. It is less efficient when developing a conversa-
tional chatbot or a user journey because the experiences are human and therefore
less predictable. Humans do not use consistent wording to request necessary in-
formation. Because generative Al is based on patterns, these variations in inputs
require unique searches and can generate different results.

B Measuring The Impact of Al

Measuring the impact of Al is complicated. There’s legacy data on older tech-
nologies (insights as to the operational costs of smaller, less developed models),
but the pace of growth for Al is rapidly accelerating, with newer tools being
released regularly. And, as with any emerging technology, there is a lag between
the launch of the new product, and the measurement of the impacts.

Research tends to approach measurement from the back door: If Company X is
known to be developing Al models, and they have publicly reported that they have
purchased a known number of servers or graphics processing units (GPUs) from
Company Y, estimates can be made about the energy draw and related emissions
associated with that hardware. Similarly, the acquisition of a new data center can
result in a generalized inference based on square footage, rack space, and energy
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draw of the contained hardware. But the statistics will vary among OpenAl, Meta,
and Google because no two systems are configured exactly the same way.

Alex De Vries (2023) estimated that Google’s Al alone is on track to consume
as much energy as the entire nation of Ireland. But the major tech companies like
Google, Meta, and X (formerly Twitter), are hardly the only entrants into the Al
race; these major organizations are competing against venture-funded startups
that are incentivizing massive, rapid growth with even less transparency than
publicly traded corporations.

Within the industry, there are calls to require energy and emissions costs
explicitly, such as those by James O’Donnell and Casey Crownhart (2025). Ac-
cording to David Patterson et al (2021), this would stimulate competition among
providers and help everyone understand the true costs,

Fortunately, these questions are also penetrating the mainstream conscious-
ness. Chris Stokel-Walker (2023) argued that “the race to build high-perfor-
mance, Al-powered search engines is likely to require a dramatic rise in com-
puting power, and with it a massive increase in the amount of energy that tech
companies require and the amount of carbon they emit” (n.p.). As noted earlier,
there are two primary phases to Al: training and inference. There is uneven anal-
ysis of the impacts of each. While there is greater transparency on the impact of
training, there is less attention paid to the impacts of individual queries.

B Impacts of Training

The training phase is the aspect that’s most studied (Verdecchia 2023). Processing
human language is one of the most energy-intensive uses of Al. Estimates for the
impact of training a single model to handle human language is equal to approxi-
mately five times the lifetime emissions of the average car in the US (Stein 2020).

One study by Taddeo, et al. (2021) estimated that a single training run of gener-
ative pre-trained transformer 3 (GPT-3) produced more than 200,000 kg of emis-
sions, which is roughly equivalent to driving 49 passenger cars for a year. GPT-
3 was the predecessor to GPT-4; the latter provides the backbone of ChatGPT.
Each iteration adds additional capacity, more energy, and more emissions.

But of course, Al researchers don't just train a single model; they often train
thousands of models before achieving publishable results (Taddeo, 2021). When
we see numbers for a single training run, or daily energy use, we need to under-
stand that this is just a small fraction of the total impact.

B The Unknowns of the Inference

It’s easy to think that training is the root of the problem because of the massive
scope of the datasets used in the initial training. It’s a big problem, to be sure,
but it’s not the whole story. For tools in widespread use—ChatGPT, Gemini,
Claude—the inference phase has a significant impact. Inference is where you run
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data through a trained model in pursuit of a solution: the query that an individ-
ual runs. This is the part of the process that teaches Al systems to interpret and
learn from their datasets. Kim Martineau (n.d.) notes in writing for IBM that
“because up to 9o% of an Al-model’s life is spent in inference mode, the bulk
of ATs carbon footprint is also here, serving Al models to the world” (n.p.). For
example, while the training phase would involve exposure to every form of poetry
and celestial phenomena, an inference would be the earlier example of asking it
to explain a solar eclipse in iambic pentameter.

Alex de Vries (2023) investigated the balance of training vs. inference and
saw signs that the impact of inference may be greater than previously assumed.
'This means that the overall impact of Al is significantly more than first thought.
Because the same model is used to perform repeated inferences, the aggregated
impact of inference over the lifetime of a model exceeds the impact of training
(Patterson, 2022). The challenge comes with measuring that scope.

De Vries looked at a report from research firm SemiAnalysis authored by
Dylan Patel and Afzal Ahamad (2023) who suggested that OpenAl required
more than 3,600 NVIDIA HGX Atroo servers and nearly 29,000 graphics pro-
cessing units (GPUs) to support ChatGPT. Based on the known energy demand
of these components, that suggested an energy demand of 564 MWh of energy
use per day. Comparing that to estimates of nearly 1,300 MWh used for a single
GPT-3 training run, it is clear that inference demand has a significant energy
and emissions impact. This is reinforced by data from Google, which reported
that 60% of Al energy consumption stemmed from inference in the period from
2019—2021 (Patterson, 2022). If we extrapolate this per-day use (564 MWh) over
a year (365 days) we get 205,860 MWHh of energy. Running this data through the
U.S. EPA Greenhouse Gas Equivalencies calculator, a year’s worth of inferences
generate nearly 9o,000 metric tons of emissions annually. (As a reminder, mega-
watt hours equal 1,000 kilowatt hours.) Analysis from Chien et al. (2023) showed
that “for ChatGPT-like services, inference dominates emissions, in one year pro-
ducing 25x the carbon emissions of training GPT-3” (p. 1).

B Environmental Impacts

It’s important to understand what this consumption means in terms of impacts
to the planet. Anthropogenic climate change is expected to have significant im-
pacts on the health and wellbeing of all humans, according to Imogen Tennison
and her multinational research team (2021), which Nick Watts et al. (2019) noted
will result in more intense heatwaves, higher risks of flooding and damaging
storms, and a changing pattern of emerging infectious diseases. We are increas-
ingly racing towards the point of no return. In November 2023, the planet first
crossed the threshold of 2.0°C above pre-industrial temperatures (Copernicus,
2023, n.p.). For reference, an increase of no more than 1.5°C was the goal set
forth by the Paris Agreement in 2015 (United Nations Framework Convention
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on Climate Change, 2023). However, even at 1.5°C, we are facing significant plan-
etary impacts.

For context, the difference between a 1.5°C and 2.0°C increase often results in
impacts that are twice as severe, as seen in Table 1.1, based on data from the World
Resources Institute (2018). Small temperature differences can have profoundly
different effects. This is why there are urgent calls to reduce emissions as much as
possible to mitigate the worst of the outcomes.

Table 1.1. Forecasted Differences in Planetary Impacts
between 1.5°C and 2.0°C Temperature Increases

Impacts of 1.5°C and 2.0°C Temperature Increases
1.5°C 2.0°C Difference

Global population exposed to severe 14% 37% 2.6x worse
heat at least once every five years

Number of ice-free years in the Arctic | Atleast 1 every | Atleast 1 every | 10x worse

100 years 10 years
Amount of Earth’s land area that will 7% 13% 1.86x
shift to a new biome worse
Decline in marine fisheries 1.5 million 3.0 million 2x worse
metric tons metric tons

Source: World Resources Institute.

According to the International Panel on Climate Change (IPCC) (2022),
human-induced warming of the climate system is already widespread, as noted
by Gabriele C. Hegerl and Francis W. Zwiers (2007). However, the impacts are
already being unevenly felt, with more dramatic consequences experienced by
women, people with disabilities, those experiencing poverty, and Black, Indige-
nous, and people of color (Abeygunawardena et al., 2003; United Nations Wom-
enWatch, 2009; U.S. Environmental Protection Agency Press Office, 2022; van
Daalen et al., 2020; Yabe & Ukkusuri, 2020).

Although these more vulnerable or marginalized populations have been the
first to experience the most severe consequences of climate change, we will all
experience the long-term impacts. “Near-term actions that limit global warming
to close to 1.5°C would substantially reduce projected losses and damages related
to climate change in human systems and ecosystems,” (IPCC, 2022, n.p.). There
is a lag time between emissions and their effects. The changes that we’re seeing
today are a result of emissions from roughly a decade ago. Even if the entire
planet were to change their habits tomorrow, it will be another decade before the
tide turns and we start to see improvements. This is why we need to take swift
and decisive action today. With that in mind, we all have an ethical obligation—
and an enlightened self-interest—to mitigate our climate impacts as quickly and
comprehensively as we can (Bonsignore, 2022).
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B Additional Ethical Considerations

While environmental concerns are the primary focus of this article, there are
many other ethical considerations that need to be weighed when assessing the
value of Al in any project. These ethical considerations fall into a few basic cate-
gories: bias, legality, privacy, and accuracy. I will address each one briefly.

B Discrimination and Bias

Any model is only as good as the data used in its training and the perspectives
of the individuals who review it. Training data bias can emerge when systems are
designed with poor data sets, reinforcing structural racism (Zalnieriute & Cutts,
2022). It’s easy to blame this on the dataset alone, but as with many social prob-
lems, this is exacerbated by homogeneous groups responsible for reviewing the
data for social context, oblivious to the implications and harm, notes Gina Lazaro
(2023). With Al we don’t know who was in the room formulating and framing
the discussions. It’s been broadly reported that OpenAl—the parent company
behind ChatGPT—hired an outsourcing firm in Kenya to filter the worst vio-
lent, harmful, and toxic content for less than U.S.s2 per hour. While this is eco-
nomically feasible, Billy Perrigo (2023) discussed that it is also ethically question-
able to pay subsistence wages for nine-hour daily shifts reviewing sexual abuse of
children and adults, hate speech, and extreme violence. Yet despite the work of
these Kenyan workers, the problems with content that promotes discrimination,
self-harm, and harm to others persists. Zachary B. Wolf (2023) honed in on the
heart of the issue: “Al can be racist, sexist and creepy. What should we do about
it?” (n.p.) Unsurprisingly, the article does not solve the problem.

'The ethics frameworks used to guide Al development lack geo-cultural diversity
and are “primarily framed in the Western context, by researchers mostly situated
in Western institutions/organizations, to mitigate social injustices prevalent in the
West, using data from the West, and implicitly imparting Western value systems, as
noted by Vinodkumar Prabhakaran and team (2022). Additionally, Josephine Seah
and Mark Findlay (2021) pointed out that much of the ethics work tends to be
male-authored, which is representative of the industry, but not the world as a whole.

Furthermore, even if we're using “good” data, it can have unintended conse-
quences. Data used in one context may not transfer accurately to another. Inter-
pretation bias is always a possibility; Victor Galaz et al. (2021) pointed out that
the user may infer something that the designer didn’t intend, or the system might
not support.

B Copyright Issues

There is increasing public awareness that the data used to train ChatGPT (and
others) was copyrighted or proprietary. Multiple generative Al systems were
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trained on the Books3 dataset that includes upwards of 200,000 copyrighted
books (Reisner, 2023). If a content organization is using Al for its content, it may
be unwittingly putting the employer in legal jeopardy, generating results that
violate copyright law.

B Privacy Implications

'The question of privacy violations looms large (Stein 2020). The information con-
tained within the training set may not be used in the same context as intended.
For example, OpenAl stores individual data such personally identifiable infor-
mation (PII), data which is potentially protected in accordance with the General
Data Protection Regulation (GDPR). Sunder Ali Khowaja et al. (2023) reminded
us that this decoupling is in violation of GDPR because individuals did not ex-
plicitly consent to this particular use.

B How accurate is it?

There is widespread reporting of queries that returned incorrect information,
known in the industry as “hallucinations.” Tom Carter (2023) reported that Goo-
gle Gemini—a GPT competitor—was hallucinating answers to even simple
questions. In additional work on errors,

Myeongjun Erik Jang and Thomas Lukasiewicz (2023) analyzed the errors and in-
consistencies that have appeared in ChatGPT when questions are phrased differ-
ently. They wrote that “although LLMs are a revolutionary technique that brought
an unprecedented era to NLP, such issues should be resolved before ChatGPT is
used in real applications, particularly considering the huge economic and environ-
mental costs for training and inference of LLMs” (p. 9). Further investigations on
errors, Klaudia Jazwiniska and Aisvarya Chandrasekar (2025) compared the eight
most prominent Al tools. They discovered that they’re all bad at accurately citing
their sources and found chatbot responses wrong. Moreover, upgrading to premi-
um models did not improve results with answers remaining incorrect.

There are ethical concerns associated with using an Al system that delivers
factually inaccurate but widely reported misinformation, or one that fabricates
information. These tools can put organizations in legal jeopardy. Considering the
breadth of known ethical challenges and harms caused by Al—even those above
and beyond the planetary impacts—it seems unwise to rely on artificial intelli-
gence as a trusted and viable tool in content development.

B Social-Professional Pressures to Adopt Al

In light of the prevalence of Al discourse within the technical communication
community, there is increasing pressure to learn about Al use it in our work, and
be perceived as cutting-edge technology experts by peers and management. This
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is not unlike the “mutually reinforcing social norms” that drive teens to use social
media, noted Toke Haunstrup Christensen and Els Rommes (2019) even when
presented with knowledge of the environmental impacts of their digital choices.
Unfortunately, by the time peer-reviewed research is published that directly con-
nects Al, content, and emissions, Al tools will have already become an embedded
part of our workflows. It is crucial that we raise awareness of the tradeoffs be-
tween new technologies and their harms.

B Conclusion: Balancing Benefits Vs. Harms

Looking at the rapid adoption of Al in content development, it is critical to build
awareness of the environmental and ethical impacts of these resources before
they become standardized tools in the content toolbox. While we may not have
direct emissions metrics due to limited publicly available information, we have
more than enough signs that Al is an overpowered tool for a job that could be
performed by humans.

Given that we already understand the significant and accelerating climate
impact of Al, it seems irresponsible to use it for anything but the most data-in-
tensive simulations that require rapid and comprehensive analysis beyond the
scope of what humans can reasonably handle. Using Al for hurricane landfall and
intensity forecasting, material fatigue and long-term durability testing of medical
devices, or modeling the global impacts of polar ice melt have very different val-
ues than chatbots and content generation.

If we are already implementing sustainable content strategies to measure and
mitigate the impact of our digital content on the planet, we should also be in-
cluding the impact of the use of Al in content. Is Al so invaluable to our chat-
bots, product descriptions, and user journeys to support UX teams that we can't
use other, lower-emissions methods for developing content?

All of our work has climate impacts, but we need to decide if the benefits
of Al outweigh the harms. I'm inclined to let humans develop content for hu-
mans and leave the high-impact, energy- and emissions-intensive queries to ar-
eas where humans simply aren’t equipped to do the work. These costs need to be
considered on a case-by-case basis to balance the benefits and drawbacks of this
rapidly growing technology in technical communication.

B References

Abeygunawardena, Piya, Vyas, Yogesh, Knill, Philipp, Foy, Tim, Harrold, Melissa, Steele,
Paul, Tanner, Thomas, Hirsch, Danielle, Ooseterman, Maresa, Debois, Marc, Lamin,
Maria, Liptow, Holfer, Mausolf, Elisabeth, Verheyen, Roda, Agrawala, Shardul,
Caspary, Georg, Paris, Remy, Kashyap, Arun..., Sperling, Frank. (2003). Poverty
and climate change: Reducing the vulnerability of the poor through adaptation.
World Bank. https://documentsr.worldbank.org/curated/en/534871468155709473/
pdt/s21760WPopoverreoBox3s554BorPUBLICr. pdf


https://documents1.worldbank.org/curated/en/534871468155709473/pdf/521760WP0pover1e0Box35554B01PUBLIC1.pdf
https://documents1.worldbank.org/curated/en/534871468155709473/pdf/521760WP0pover1e0Box35554B01PUBLIC1.pdf

26 Bonsignore

Bender, Emily M., Gebru, Timnit , McMillan-Major, Angelina , & Shmitchell,
Shmargaret (2021). On the dangers of stochastic parrots: Can language models be
too big? Proceedings of the 2021 ACM Conference on Fairness, Accountability, and
Transparency, Virtual Event, Canada. https://doi.org/10.1145/3442188.3445922

Bonsignore, Alisa. (2022). First do no harm: Ethical considerations surrounding the
environmental impact of our digital content. American Medical Writers Association
Journal, 37(4), 39—42. https://doi.org/10.55752/amwa.2022.179

Bonsignore, Alisa. (2023). It’s not just what you say, it’s how you say it: Mitigating the
impacts of greenhouse gas emissions with effective content. Technical Communication.
70(1), 83-95.

Bonsignore, Alisa. (2023, October). Measuring the impacts of digital initiatives: Are
we helping or harming? Proceedings of the International Conference on Sustainable
Development 2023. https://ic-sd.org/2023/10/25/proceedings-from-icsd-2023/

Carter, Tom. (2023, December). Google’s GPT-4 rival Gemini is failing to get basic
facts right, and tells people to Google it when asked about some controversial topics.
Business Insider. https://www.businessinsider.com/gpt-4-rival-gemini-google-it-
asked-about-controversial-topics-2023-12

Chien, Andrew A., Lin, Liuzixuan, Nguyen, Hai, Rao, Varsha, Sharma, Tristan, & Wi-
jayawardana, Rajini. (2023). Reducing the carbon impact of generative Al inference
(today and in 2035). HotCarbon 23: Proceedings of the 2nd Workshop on Sustainable
Computer Systems, Article 11, 1=7. https://dl.acm.org/doi/10.1145/3604930.3605705

Christensen, Toke Haunstrup, & Rommes, Els. (2019). Don't blame the youth: The
social-institutional and material embeddedness of young people’s energy-intensive
use of information and communication technology. Energy Research & Social Science,
49, 82—90. https://doi.org/10.1016/j.ers5.2018.10.014

Dave, Paresh. (2024). OpenAl quietly scrapped a promise to disclose key documents to
the public. Wired. https://www.wired.com/story/openai-scrapped-promise-disclose-
key-documents/

Copernicus Climate Change Service (2023, November). Global temperature exceeds
2°C above pre-industrial average on 17 18 November. Copernicus Climate Change
Service; European Union Earth’s Observation Program. https://climate.copernicus.
eu/global-temperature-exceeds-2degc-above-pre-industrial-average-17-november

Dastin, Jeffrey. (2024). OpenAl CEO Altman says at Davos future Al depends on
energy breakthrough. https://finance.yahoo.com/news/openai-ceo-altman-says-
davos-173636736.html

de Vries, Alex. (2023). The growing energy footprint of artificial intelligence. Joule, 7(10),
2191—2194. https://doi.org/10.1016/j.joule.2023.09.004

Environmental and Energy Study Institute. (2022). The growth in greenhouse gas
emissions from commercial aviation. Environmental and Energy Study Institute.
https://www.eesi.org/files/IssueBrief_Climate_Impacts_Aviation_z2o19rev2022.pdf

Galaz, Victor, Centeno, Miguel A., Callahan, Peter W., Causevic, Amar, Patterson,
Thayer, Brass, Irina, Baum, Seth, Farber, Darryl, Fischer, Joern, Garcia, David,
McPhearson, Timon, Jimenez, Daniel, Kind, Brian, Larvey, Paul, & Levy, Karen.
(2021). Artificial intelligence, systemic risks, and sustainability. Technology in Society,
67, 101741. https://doi.org/10.1016/j.techsoc.2021.101741

Hegerl, Gabrielle C., Zwiers, Francis W, Braconnor, Pascale, Gillett, N. P, Luo,

Yun Mei, Orsini, J.A. Marengo, Nicholls, N., Penner, J.E., & P. A. Stott. (2007).


https://doi.org/10.1145/3442188.3445922
https://doi.org/10.55752/amwa.2022.179
https://ic-sd.org/2023/10/25/proceedings-from-icsd-2023/
https://www.businessinsider.com/gpt-4-rival-gemini-google-it-asked-about-controversial-topics-2023-12
https://www.businessinsider.com/gpt-4-rival-gemini-google-it-asked-about-controversial-topics-2023-12
https://dl.acm.org/doi/10.1145/3604930.3605705
https://doi.org/10.1016/j.erss.2018.10.014
https://www.wired.com/story/openai-scrapped-promise-disclose-key-documents/
https://www.wired.com/story/openai-scrapped-promise-disclose-key-documents/
https://climate.copernicus.eu/global-temperature-exceeds-2degc-above-pre-industrial-average-17-november
https://climate.copernicus.eu/global-temperature-exceeds-2degc-above-pre-industrial-average-17-november
https://finance.yahoo.com/news/openai-ceo-altman-says-davos-173636736.html
https://finance.yahoo.com/news/openai-ceo-altman-says-davos-173636736.html
https://doi.org/10.1016/j.joule.2023.09.004
https://www.eesi.org/files/IssueBrief_Climate_Impacts_Aviation_2019rev2022.pdf
https://doi.org/10.1016/j.techsoc.2021.101741

Is Al the Right Tool for the Job? 27

Understanding and Attributing Climate Change. In S. Solomon, D. Qin, M.
Manning, Z. Chen, M. Marquis, K.B. Averyt, M. Tignor & H.L. Miller (Eds.),
Climate Change 2007: The Physical Science Basis. Cambridge University Press.
https://hal.science/hal-03026507v1

Hogan, Mél. (2015). Data flows and water woes: The Utah data center. Big Data and
Society, 2(2). https://doi.org/10.1177/2053951715592429

International Energy Agency. (2023). Data centers and data transmission networks.
International Energy Agency (NEA). https://www.iea.org/energy-system/buildings/
data-centres-and-data-transmission-networks

Intergovernmental Panel on Climate Change (2022). IPCC Sixth Assessment Report:
Impacts Adaptation, and Vulnerability. Intergovernmental Panel on Climate Change
. https://www.ipcc.ch/report/ar6/wg2/

Jang, Myeongjun Erik, & Lukasiewicz, Thomas. (2023). Consistency Analysis of
ChatGPT. https://arxiv.org/abs/2303.06273

Jazwiniska, Klaudia, & Chandrasekar, Aisvarya. (2025, March). Al search has a citation
problem: We compared eight Al search engines. They're all bad at citing news.
Columbia Journalism Review. https://www.cjr.org/tow_center/we-compared-eight-ai-
search-engines-theyre-all-bad-at-citing-news.php

Jones, Nicola. (2018, September). How to stop data centres from gobbling up the world’s
electricity. Nature, 561, 163-166. https://doi.org/10.1038/d41586-018-06610-y

Kaack, Lynn H., Donti, Priya L., Strubell, Emma, Kamiya, George, Creutzig, Felix, &
Rolnick, David. (2022). Aligning artificial intelligence with climate change mitigation.
Nature Climate Change. 12, 518—527. https://doi.org/10.1038/s41558-022-01377-7

Khowaja, Sunder Ali, Khuwaja, Parus, Dev, Kapal, Wang, Weizheng, & Nkenyereye,
Lewis. (2024). ChatGPT needs SPADE (Sustainability, PrivAcy, Digital divide, and
Ethics) Evaluation: A Review. Cognitive Computation, 16, 2528-2550.
https://doi.org/10.1007/512559-024-10285-1

Koomey, Jonathan G. (2011). Growth in data center electricity use 2005 to 2010.
Analytics Press for the New York Times. https://alejandrobarros.com/wp-content/
uploads/old/Growth_in_Data_Center_Electricity_use_2005_to_2010.pdf

Lazaro, Gina. (2023). Understanding Gender and Racial Bias in Al. Harvard Advanced
Leadership Initiative: Social Impact Review. https://www.sir.advancedleadership.
harvard.edu/articles/understanding-gender-and-racial-bias-in-ai

Martineau, Kim. (n.d.) What is Al inferencing? IBM. https://research.ibm.com/blog/
Al-inference-explained

Moss, Sebastian. (2021). Data center water usage remains hidden: We don't know how much
water data centers use. We just know it’s a lot. Data Center Dynamics. https://www.
datacenterdynamics.com/en/analysis/data-center-water-usage-remains-hidden/

NVIDIA. (2021). Data sheet for NVIDIA Aroo Tensor Core GPU. https://www.nvidia.
com/content/dam/en-zz/Solutions/Data-Center/atoo/pdf/nvidia-aroo-datasheet-
us-nvidia-1758950-r4-web.pdf

O’Donnell, James, & Crownhart, Casey. (2025). We did the math on AT’s energy footprint.
Here’s the story you haven't heard. MIT Technology Review. https://www.technolo-
gyreview.com/2025/05/20/1116327/ai-energy-usage-climate-footprint-big-tech/

Patel, Dylan, & Ahmad, Afzal. (2023). The inference cost of search disruption: Large
language model cost analysis. Semianalysis. https://www.semianalysis.com/p/the-
inference-cost-of-search-disruption


https://hal.science/hal-03026507v1
https://doi.org/10.1177/2053951715592429
https://www.iea.org/energy-system/buildings/data-centres-and-data-transmission-networks
https://www.iea.org/energy-system/buildings/data-centres-and-data-transmission-networks
https://www.ipcc.ch/report/ar6/wg2/
https://arxiv.org/abs/2303.06273
https://www.cjr.org/tow_center/we-compared-eight-ai-search-engines-theyre-all-bad-at-citing-news.php
https://www.cjr.org/tow_center/we-compared-eight-ai-search-engines-theyre-all-bad-at-citing-news.php
https://doi.org/10.1038/d41586-018-06610-y
https://doi.org/10.1038/s41558-022-01377-7
https://doi.org/10.1007/s12559-024-10285-1
https://alejandrobarros.com/wp-content/uploads/old/Growth_in_Data_Center_Electricity_use_2005_to_2010.pdf
https://alejandrobarros.com/wp-content/uploads/old/Growth_in_Data_Center_Electricity_use_2005_to_2010.pdf
https://www.sir.advancedleadership.harvard.edu/articles/understanding-gender-and-racial-bias-in-ai
https://www.sir.advancedleadership.harvard.edu/articles/understanding-gender-and-racial-bias-in-ai
https://research.ibm.com/blog/AI-inference-explained
https://research.ibm.com/blog/AI-inference-explained
https://www.datacenterdynamics.com/en/analysis/data-center-water-usage-remains-hidden/
https://www.datacenterdynamics.com/en/analysis/data-center-water-usage-remains-hidden/
https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-us-nvidia-1758950-r4-web.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-us-nvidia-1758950-r4-web.pdf
https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-us-nvidia-1758950-r4-web.pdf
https://www.technologyreview.com/2025/05/20/1116327/ai-energy-usage-climate-footprint-big-tech/
https://www.technologyreview.com/2025/05/20/1116327/ai-energy-usage-climate-footprint-big-tech/
https://www.semianalysis.com/p/the-inference-cost-of-search-disruption
https://www.semianalysis.com/p/the-inference-cost-of-search-disruption

28 Bonsignore

Patterson, David, Gonzalez, Joseph, Le, Quoc, Liang, Chen, Munguia, Lluis-Miguel,
Rothchild, Daniel, So, Dabid, Texier, Maud, & Dean, Jeff. (2021). Carbon emissions
and large neural network training. https://doi.org/10.48550/arXiv.2104.10350

Patterson, David, Gonzalez, Joseph, Le, Quoc, Liang, Chen, Munguia, Lluis-Miguel,
Rothchild, Daniel, So, Dabid, Texier, Maud, & Dean, Jeff. (2022). The carbon
footprint of machine learning will plateau, then shrink. Computer, 55(7), 18—28.
https://doi.org/10.1109/MC.2022.3148714

Perrigo, Billy. (2023, January). Exclusive: OpenAl used Kenyan workers on less than
s2 per hour to make ChatGPT less toxic. Time. https://time.com/6247678/openai-
chatgpt-kenya-workers/

Prabhakaran, Vinodkumar, Mitchell, Margaret, Gebru, Timnit, & Gabriel, Iason.
(2022). A human rights-based approach to responsible Al https://doi.org/10.48550/
arXiv.2210.02667

Reisner, Alex. (2023, September). These 183,000 books are fueling the biggest fight
in publishing and tech. Zhe Atlantic. https://www.theatlantic.com/technology/
archive/2023/09/books3-database-generative-ai-training-copyright-infringement/675363/

Ritchie, Hannah, Rosado, Pablo, & Roser, Max. (2023). Energy production and consump-
tion. Our World in Data. https://ourworldindata.org/energy-production-consumption

Seah, Josephine, & Findlay, Mark. (2021). Communicating ethics across the Al ecosystem.
SMU Centre for Al and Data Governance Research Paper. https://doi.org/10.2139/
ssrn.3895522

Shao, Xiaotong, Zhang, Zhongbin, Song, Ping, Feng, Yanzhen, & Wang, Xaolin.

(2022). A review of energy efficiency evaluation metrics for data centers. Energy and
Buildings, 271, 112308. https://doi.org/10.1016/j.enbuild.2022.112308

Steele, Kimberly. (2023). Al and cloud adoption propel data center demand to record
levels for 2023. https://www.us.jll.com/en/newsroom/ai-and-cloud-adoption-propel-
data-center-demand-in-2023

Stein, Amy L. (2020). Artificial intelligence and climate change. Yale Journal on
Regulation, 37(3), 890-939.

Stokel-Walker, Chris. (2023, February). The generative Al race has a dirty secret. Wired.
https://www.wired.com/story/the-generative-ai-search-race-has-a-dirty-secret/

Taddeo, Mariarosaria, Tsamados, Andreas, Cowls, Josh, & Floridi, Luciano. (2021).
Artificial intelligence and the climate emergency: Opportunities, challenges,
and recommendations. One Earth, 4(6), 776—779. https://doi.org/10.1016/j.
oneear.2021.05.018

Tennison, Imogen, Roschnik, Sonia, Ashby, Ben, Boyd, Richard, Hamilton, Ian,
Oreszczyn, Tadj, Owen, Anne, Romanello, Marina, Ryussevelt, Paul, Sherrman, Jodi,
Smith, Andrew Z. P., Eng, Kristian, Watts, Nicholas, & Eckelman, Matthew. (2021).
Health care’s response to climate change: a carbon footprint assessment of the NHS
in England. 7he Lancet Planetary Health, 5(2), e84—e92. https://doi.org/10.1016/S2542-
5196(20)30271-0

United Nations Framework Convention on Climate Change. (2023). The Paris Agree-
ment. United Nations Framework Convention on Climate Change. https://unfccc.
int/process-and-meetings/the-paris-agreement

United Nations WomenWatch. (2009). Women, gender equality, and climate change.
United Nations. https://www.un.org/womenwatch/feature/climate_change/
downloads/Women_and_Climate_Change_Factsheet.pdf


https://doi.org/10.48550/arXiv.2104.10350
https://doi.org/10.1109/MC.2022.3148714
https://time.com/6247678/openai-chatgpt-kenya-workers/
https://time.com/6247678/openai-chatgpt-kenya-workers/
https://doi.org/10.48550/arXiv.2210.02667
https://doi.org/10.48550/arXiv.2210.02667
https://www.theatlantic.com/technology/archive/2023/09/books3-database-generative-ai-training-copyright-infringement/675363/
https://www.theatlantic.com/technology/archive/2023/09/books3-database-generative-ai-training-copyright-infringement/675363/
https://ourworldindata.org/energy-production-consumption
https://doi.org/10.2139/ssrn.3895522
https://doi.org/10.2139/ssrn.3895522
https://doi.org/10.1016/j.enbuild.2022.112308
https://www.us.jll.com/en/newsroom/ai-and-cloud-adoption-propel-data-center-demand-in-2023
https://www.us.jll.com/en/newsroom/ai-and-cloud-adoption-propel-data-center-demand-in-2023
https://www.wired.com/story/the-generative-ai-search-race-has-a-dirty-secret/
https://doi.org/10.1016/j.oneear.2021.05.018
https://doi.org/10.1016/j.oneear.2021.05.018
https://doi.org/10.1016/S2542-5196(20)30271-0
https://doi.org/10.1016/S2542-5196(20)30271-0
https://unfccc.int/process-and-meetings/the-paris-agreement
https://unfccc.int/process-and-meetings/the-paris-agreement
https://www.un.org/womenwatch/feature/climate_change/downloads/Women_and_Climate_Change_Factsheet.pdf
https://www.un.org/womenwatch/feature/climate_change/downloads/Women_and_Climate_Change_Factsheet.pdf

Is Al the Right Tool for the Job? 29

U.S. Environmental Protection Agency Press Office. (2021). EPA report shows
disproportionate impacts of climate change on socially vulnerable populations in
the United States. United States Environmental Protection Agency. https://www.
epa.gov/newsreleases/epa-report-shows-disproportionate-impacts-climate-change-
socially-vulnerable

Verdecchia, Roberto, Sallou, June, & Cruz, Luis. (2023). A systematic review of green
Al WIREs Data Mining Knowledge Discovery, 13(4), e1507. https://doi.org/10.1002/
widm.1507

van Daalen, Kim, Jung, Laura, Dhatt, Roopa, & Phelan, Alexandra L. (2020). Climate
change and gender-based health disparities. Lancet Planet Health, 4(2), e44—¢4s.

Watts, Nick, Amann, Marcus, Arnell, Nigel, Ayeb-Karlsson, Sonja, Belesova, Kristine,
& Boykoft, Maxwell. (2019). The 2019 report of The Lancet Countdown on health
and climate change: ensuring that the health of a child born today is not defined by a
changing climate. Lancet, 394(10211), 1836-1878.

Wolf, Zachary B. (2023, March). Al can be racist, sexist, and creepy. What should we do
about it? CNN. https://www.cnn.com/2023/03/18/politics/ai-chatgpt-racist-what-
matters/index.html

World Resources Institute. (2018). Half a degree and a world apart: The difference in
climate impacts between 1.5°C and 2°C of warming. https://www.wri.org/insights/half-
degree-and-world-apart-difference-climate-impacts-between-15c-and-2c-warming

Yabe, Takahiro, & Ukkusuri, Satish V. (2020) Effects of income inequality on evacuation,
reentry and segregation after disasters. Transportation Research Part D: Transportation
and Environment, 82,102260. https://doi.org/10.1016/j.trd.2020.102260

Zalnieriute, Monika, & Cutts, Tatiana. (2022, October). How Al and New Technologies
Reinforce Systemic Racism. Submission to the Study on Patterns, Policies and
Processes Leading Racial Discrimination and on Advancing Racial Justice and
Equality for the 54th Session of the United Nations Human Rights Council. https://
www.ohchr.org/sites/default/files/documents/hrbodies/hrcouncil/advisorycommittee/
study-advancement-racial-justice/2022-10-26/HRC-Adv-comm-Racial-Justice-
zalnieriute-cutts.pdf


https://www.epa.gov/newsreleases/epa-report-shows-disproportionate-impacts-climate-change-socially-vulnerable
https://www.epa.gov/newsreleases/epa-report-shows-disproportionate-impacts-climate-change-socially-vulnerable
https://www.epa.gov/newsreleases/epa-report-shows-disproportionate-impacts-climate-change-socially-vulnerable
https://doi.org/10.1002/widm.1507
https://doi.org/10.1002/widm.1507
https://www.cnn.com/2023/03/18/politics/ai-chatgpt-racist-what-matters/index.html
https://www.cnn.com/2023/03/18/politics/ai-chatgpt-racist-what-matters/index.html
https://www.wri.org/insights/half-degree-and-world-apart-difference-climate-impacts-between-15c-and-2c-warming
https://www.wri.org/insights/half-degree-and-world-apart-difference-climate-impacts-between-15c-and-2c-warming
https://doi.org/10.1016/j.trd.2020.102260
https://www.ohchr.org/sites/default/files/documents/hrbodies/hrcouncil/advisorycommittee/study-advancement-racial-justice/2022-10-26/HRC-Adv-comm-Racial-Justice-zalnieriute-cutts.pdf
https://www.ohchr.org/sites/default/files/documents/hrbodies/hrcouncil/advisorycommittee/study-advancement-racial-justice/2022-10-26/HRC-Adv-comm-Racial-Justice-zalnieriute-cutts.pdf
https://www.ohchr.org/sites/default/files/documents/hrbodies/hrcouncil/advisorycommittee/study-advancement-racial-justice/2022-10-26/HRC-Adv-comm-Racial-Justice-zalnieriute-cutts.pdf
https://www.ohchr.org/sites/default/files/documents/hrbodies/hrcouncil/advisorycommittee/study-advancement-racial-justice/2022-10-26/HRC-Adv-comm-Racial-Justice-zalnieriute-cutts.pdf

