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ABSTRACT
Objective  Data-heavy and energy-heavy artificial 
intelligence (AI) technologies are increasingly 
being applied in healthcare, particularly for clinical 
imaging, often without consideration of their 
environmental impacts. We aimed to assess current 
practice in considering and evaluating environmental 
sustainability (ES) impacts of AI-enabled clinical 
pathways in radiology.
Methods and analysis  We searched MEDLINE 
and Embase on 5 November 2024 for quantitative 
clinical radiology studies which used a machine 
learning approach to aid in radiological diagnosis 
or intervention and discussed its ES impacts. We 
included peer-reviewed, English language studies 
published from 2015 onwards. Our primary outcome 
was any quantitative reporting of ES impacts, and our 
secondary outcome was any within-text qualitative 
discussion of ES impacts. For quantitative outcomes, 
we conducted synthesis without meta-analysis based 
on effect direction and size, with our secondary 
outcome synthesised narratively.
Results  Of 4449 records screened, 18 met our 
inclusion criteria. Six (33.33%) reported quantitative 
ES outcomes and 15 (83.33%) included qualitative 
discussion of ES. When applied to the same tasks, 
algorithms designed to be ‘lightweight’ demonstrated 
from 2.19 to 17.15 times reduction in carbon 
emissions (median 7.81, 16 datapoints) and from 1.60 
to 751.62 times reduction in energy consumption 
(median 3.22, 16 datapoints) compared with state-
of-the-art alternatives, while maintaining similar or 
improved clinical performance. No quantitative studies 
compared ES outcomes for an AI-enabled pathway 
versus standard-of-care, and 75.00% of studies 
reporting only on our secondary outcome included just 
a single sentence on sustainability.
Conclusion  Despite increasing concern about the 
climate impacts of AI, environmental outcomes are 
rarely considered within evaluations of AI technologies 
in clinical radiology. However, there are approaches 
available with smaller carbon footprints. To meet their 
stated aims on sustainability, funders and governance 
bodies should consider how to promote integration 
of environmental impact assessment into AI health 
research and evaluation.
PROSPERO registration number  CRD42024601818.

INTRODUCTION
The integration of artificial intelligence (AI) 
technologies into healthcare has increased 
rapidly in the last decade with the emer-
gence of powerful deep learning algorithms 
that can reliably perform complex tasks, 
particularly in image recognition.1 While the 
theory required to facilitate these advances 
has existed for decades, recent progress has 
been driven by increasing availability and 
decreasing cost of two key commodities: ‘big 
data’ to train AI models, and sufficient compu-
tational power to process and store such data.2 
These data-intensive and energy-intensive AI 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Artificial intelligence (AI) technologies are increas-
ingly used in healthcare, with higher energy and 
data demands than traditional digital tools; however, 
environmental sustainability is rarely considered in 
evaluations of AI-enhanced clinical pathways.

WHAT THIS STUDY ADDS
	⇒ This is the first systematic review to examine how 
environmental sustainability is assessed in health-
care evaluations of AI, focusing on clinical radiology.

	⇒ Very few studies quantitatively evaluated environ-
mental impacts, and these were limited to AI tools 
specifically designed to be more resource-efficient.

	⇒ These studies all reported a reduced environmental 
impact compared with state-of-the-art competi-
tors—on average, an eight times reduction in car-
bon emissions and three times reduction in energy 
consumption—while achieving similar or improved 
clinical performance.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ Environmental impacts of AI are largely overlooked 
in current healthcare evaluations, although some 
tools do have smaller carbon footprints.

	⇒ Incorporating sustainability metrics into AI assess-
ments is essential to support responsible innovation 
and avoid unintended contributions to the climate 
crisis.

https://bmjdigitalhealth.bmj.com/
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjdhai-2025-000073&domain=pdf&date_stamp=2025-010-03
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algorithms are now being deployed throughout clinical 
pathways, working on tasks ranging from segmentation 
of tumours and nodules to clinical risk prediction.3 Radi-
ology as a specialty has been a particularly early adopter 
of AI, producing around a third of all published clinical 
AI research.4

The myriad potential applications mean AI is often 
touted as a panacea for productivity and efficiency, but 
the environmental impacts of these technologies are 
rarely considered in clinical practice.5 6 This is despite 
there being considerable cause for concern7: global AI 
energy demand is projected to exceed that of a country 
the size of Belgium by 2026,8 and the data centres 
required for model development have significant and 
increasing impacts on material environments, water 
consumption, mineral extraction and e-waste disposal.6 
However, it is worth noting that any efficiencies resulting 
from AI do have potential to reduce carbon emissions 
in clinical pathways compared with usual practice, which 
must be adequately taken into account when considering 
their overall environmental impact.9

Given that healthcare systems will be responsible for 
managing the increased care burden resulting from 
the health impacts of the climate crisis, while being 
major emitters of greenhouse gases themselves, there 
is a strong argument that clinicians should have a role 
in the climate response.10 One significant way in which 
clinicians can influence healthcare-related emissions is 
through involvement in decision-making on sustainable 
healthcare provision and procurement.10 11 However, 
to facilitate the inclusion of sustainability as a factor in 
decision-making on adoption and deployment of novel 
technologies like AI in healthcare, their environmental 
impacts (both positive and negative) must be transpar-
ently measured and reported on.12

A recent scoping review suggests environmental assess-
ment remains poorly integrated into most forms of 
health technology assessment (HTA),13 potentially due 
to the associated technical and resource challenges.14 
Despite environmental sustainability being a known issue 
in AI and data-driven research, progress here is particu-
larly slow, with little engagement on the issues of environ-
mental sustainability at all.6 7 To our knowledge, there are 
no existing systematic reviews on this topic specific to AI, 
and no available guidance on how to select, measure or 
evaluate sustainable AI software.5 We therefore aimed to 
assess current practice in considering and evaluating the 
potential or actual environmental sustainability impacts 
of AI-enabled clinical pathways, focusing on radiology to 
capitalise on the relative maturity of AI research within 
this field, and its increasing prioritisation of sustain-
ability.4 15 16

METHODS
We conducted a methodological systematic review, 
pre-registering our protocol with PROSPERO 
(CRD42024601818). Reporting follows the Preferred 

Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) and Synthesis Without Meta-analysis 
(SWiM) in Systematic Reviews guidance.17 18 The minimal 
protocol deviations are reported in online supplemental 
appendix A.

Literature search
Searches of peer-reviewed literature were conducted in 
MEDLINE and Embase on 5 November 2024. To ensure 
inclusion of studies that were broadly representative of 
current practice, we designed our search strategy to be in 
line with that of Kelly et al in their 2022 systematic review, 
which aimed to synthesise the body of evidence on AI 
use in radiology at that point in time.3 Searches included 
terms for AI combined with the AND operator for terms 
relevant to radiology AND sustainability (full search 
strategy in online supplemental appendix B).

Inclusion criteria
The relevant population of interest was clinical radi-
ological papers (ie, describing the use of imaging 
techniques to diagnose, treat or monitor diseases 
and injuries), which were hospital-based, focused on 
human participants and published from 2015 onwards. 
Radiology in this context includes all radiographic, 
computed tomography (CT), magnetic resonance 
(MR), ultrasound or nuclear medicine/molecular or 
hybrid imaging techniques. There were no restrictions 
on the type of participants in the included studies. The 
intervention of interest was any machine learning tool 
used to aid care of a patient’s radiological diagnosis or 
intervention, which aimed to complete a segmentation, 
identification, classification or prediction task using 
computer vision techniques. A comparator group was 
not required for inclusion.

Our primary outcome group of interest was any quan-
tification or measurement of variables related to envi-
ronmental sustainability. Specific measures prespecified 
in the protocol to be included in our primary outcome 
group were carbon dioxide emissions, other measures 
of energy usage, water usage, impacts on the material 
environment, mineral extraction or usage, and waste 
generation and disposal. Our secondary outcome group 
of interest was any acknowledgement of or reference 
to potential environmental sustainability impacts of the 
intervention within the text of the study or the supple-
mentary materials. This included any qualitative discus-
sion of the following terms or topics, even if not formally 
quantified: environmental sustainability, climate, carbon 
dioxide emissions, energy, water and minerals usage, 
impacts on material environment, and waste generation 
and disposal.

We included all quantitative, peer-reviewed study types 
that met our population criteria, including conference 
abstracts, to ensure inclusion of the most up-to-date AI 
research.

https://dx.doi.org/10.1136/bmjdhai-2025-000073
https://dx.doi.org/10.1136/bmjdhai-2025-000073
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Exclusion criteria
We excluded non-English papers and grey literature, 
that is, literature which was not formally published in 
books/journals or peer-reviewed (including preprints). 
In keeping with Kelly et al,3 we also excluded non-human, 
laboratory and phantom-based studies; studies of func-
tional MRI; studies solely for use in radiation therapy; 
radiomics studies and studies focusing on texture analysis 
or identification of imaging biomarkers; connectomics 
and quality assessment studies; image processing and 
registration studies; and image quality studies.

Study selection
References were de-duplicated in EndNote 21 and 
imported to Covidence for screening. All title/abstracts 
and full texts were independently screened by RMT and 
a second reviewer (JPL, EF, GJ or CW), with conflicts 
resolved by consensus and/or discussion with a third 
reviewer (SD). Reviewer topic/specialty expertise 
included radiology, public health, oncology and digital 
innovation in healthcare, with reviewers ranging in stage 
from medical student (n=1) to senior specialty trainee 
with ≥3 years of specialty training (n=5).

Relevant commentary articles and reviews captured by 
the searches were excluded at title and abstract stage but 
tagged within Covidence to facilitate hand searching of 
reference lists. Reference lists of included studies were 
also screened for additional studies.

Data extraction and synthesis
Data were extracted in Excel by RMT and independently 
checked by a second reviewer (JPL). The data extraction 
template is available on GitHub.19 As this was a meth-
odological systematic review interested primarily in the 
extent of reporting on the topic, it was relatively agnostic 
to the AI methods used or the study conduct. Given this 
fact, and the fact that the included studies were antici-
pated to be highly heterogenous,3 no formal risk of bias 
assessment was completed.

For our primary outcome, we followed SWiM guid-
ance with vote counting based on direction of effect and 
summarising of effect estimates.20 We summarised effect 
estimates as they were reported in the majority of studies, 
as unstandardised relative differences (comparator/
intervention); it was not possible to reliably convert the 
absolute difference to a standardised, comparable metric. 
For our secondary outcome (qualitative discussion of 
environmental sustainability), we summarised findings 
narratively. We intended to stratify findings by study char-
acteristics of interest where possible, for example, retro-
spective versus prospective, study size, study subspecialty, 
AI task, but were unable to do so due to the small number 
of quantitative datapoints.

Where relevant, we documented the economic perspec-
tive taken in the evaluation (eg, healthcare provider/
sector, health system, societal21) as well as the time 
horizon selected to model health and sustainability costs 
and benefits. Finally, we assessed which of four proposed 

approaches to HTA environmental impact assessment the 
study took: information conduit (where an HTA simply 
republishes existing environmental data without further 
assessment), integrated evaluation (where clinical, finan-
cial and environmental information is combined into a 
single quantitative analysis), parallel evaluation (where 
environmental data are analysed and presented sepa-
rately from established health economic analyses) or 
environment-focused evaluation (where technologies 
which do not have a direct health benefit are evaluated 
solely on their environmental benefits).14

RESULTS
Study characteristics
Of 4449 citations screened, 18 were eligible for inclusion 
(figure 1). Six studies22–27 reported our primary outcome 
of quantitative environmental sustainability measures (32 
datapoints), and 15 studies22 25 26 28–39 included qualita-
tive discussion of environmental sustainability (16 data-
points). Most of the studies were peer-reviewed journal 
articles (n=14, 77.78%) and the remainder were peer-
reviewed conference abstracts. A list of studies excluded 
at full-text stage is included in online supplemental 
appendix C. Reviewer agreement was 97.22%, with only 
seven studies requiring consensus discussion at full-text 
stage; the kappa statistic on inter-rater reliability for 
full-text screening was 0.73, indicating substantial agree-
ment.40

The majority of included studies (n=12, 66.67%) were 
from high-income countries, with only two countries 
contributing more than one study (the USA n=7, China 
n=4). Most studies analysed retrospective secondary 
data (n=16, 88.89%), most commonly public data (n=7, 
38.89%). Interventions were most often for cancer 
imaging (n=8, 44.44%), and the most imaged sites were 
head (n=6, 33.33%), prostate (n=5, 27.78%) and chest 
(n=2, 11.11%). MRI was the most common imaging 
modality (n=13, 72.22%), with ultrasound and X-ray 
being the next most common (n=2, 11.1%) and one 
study using CT.

The most common AI task conducted as part of the 
intervention was classification (n=7, 38.89%), followed 
by segmentation (n=5, 27.78%) and prediction (n=4, 
22.22%). Most studies used supervised rather than unsu-
pervised learning (n=14, 77.78%). A range of AI archi-
tectures was used, with the most common being Green 
Learning (n=5, 27.78%)41 and various forms of U-Net 
(eg, two-dimensional and three-dimensional variants) 
(n=8, 44.44%). Full details of included studies are shown 
in table 1; all extracted data are available on GitHub.19

Primary outcome: quantitative measures of sustainability
The six studies which quantitatively measured environ-
mental sustainability reported on carbon emissions 
(CO2eq, n=3, 16 datapoints) or other measures of 
energy consumption (eg, joules/watts, n=5, 16 data-
points), and all reported on algorithms a priori intended 

https://dx.doi.org/10.1136/bmjdhai-2025-000073
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to be more efficient or less computationally intensive 
than competitors (table 1). Two studies reported use of 
carbon tracking software packages42 43 to generate their 
outcomes; no others reported how emissions or energy 
consumption were calculated. One study reporting on 
energy consumption23 could not be included in quantita-
tive analysis, as findings were only reported in a graph; we 
attempted to contact the authors for the underlying data, 
but this was not successful.

We identified no studies reporting on any other sustain-
ability measures of interest, for example, water/mineral 
usage, waste generation/disposal or impacts on material 
environments. The comparators in all six studies were 
other AI interventions applied to the same clinical task, 
with no studies comparing sustainability outcomes for 
an AI-enabled pathway versus standard-of-care. All quan-
titative studies took a healthcare provider perspective 
and conducted a parallel evaluation of environmental 
outcomes (ie, analysing and presenting environmental 
data alongside health analyses, rather than directly inte-
grating this into health economic models or having an 
entirely separate environment-focused evaluation14). 
Half of the studies measured outcomes during algorithm 
training only, with the other half measuring outcomes 
during deployment only.

For all primary outcome datapoints, the AI interven-
tion of interest had a beneficial effect direction (ie, was 
shown to produce fewer carbon emissions and consume 
less energy than the comparator models) when applied 
to the same clinical tasks, while maintaining similar or 
improved clinical performance (table  1). Intervention 

algorithms generated from 2.19 to 17.15 times less 
carbon emissions (median 7.81) and from 1.60 to 751.62 
times less energy consumption (median 3.22) (table 2). 
The heterogeneity of included measures precluded 
further quantitative synthesis, for example, meta-analysis 
or standardisation.

Secondary outcome: qualitative discussion of sustainability
The 15 studies that included qualitative discussion of 
sustainability discussed energy usage (n=8), environ-
mental sustainability or climate change (n=4), and 
impacts on material environment (n=4). Studies which 
mentioned material environment impacts all focused 
on the use of gadolinium-based contrast agent (GBCA) 
and referred to its role as a wastewater pollutant. In most 
papers, particularly those that did not include quantita-
tive measurements of sustainability, discussion of sustain-
ability was very limited: 75% of these (n=9) included only 
a single sentence on sustainability, either mentioning the 
use of a lightweight algorithm designed to be ‘green’, or 
briefly noting environmental concerns related to energy 
consumption or pollutants. The extracted data are 
included in full in table 1.

The three studies that reported both our primary and 
secondary outcome22 25 26 included much more in-depth 
discussion of the environmental sustainability aspects 
of AI in radiology, with this being a clear focus of the 
paper. These studies discussed their own ‘green’ inten-
tions with their models and referenced the wider clinical 
and policy context, making recommendations for both 
greater computational efficiency of algorithms to reduce 

Figure 1  Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow chart.
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the carbon footprint of AI in radiology, and increased 
reporting of sustainability outcomes as standard along-
side other common outcomes. Interestingly, however, the 
three other studies that reported quantitative measures 
(all measures of energy consumption) did not explicitly 
link this to environmental sustainability at any point in 
their papers.23 24 27

DISCUSSION
Across a 9-year period when AI-related publications in 
clinical radiology were rapidly increasing from ~100 to 
almost 4000/year,44 our methodological systematic 
review found very few studies of AI interventions in radi-
ology discussing environmental sustainability (n=15) and 
even fewer (n=6) quantitatively measuring sustainability 
outcomes. Quantitative outcomes reported included 
carbon emissions and energy consumption (eg, kilowatt 
hours or joules), with studies finding that their algo-
rithms were able to provide similar or better clinical 
performance while on average emitting eight times less 
carbon and consuming three times less energy. Half of 
these studies did not explicitly link their measurement 
of such outcomes to environmental sustainability, and all 
studies were of algorithms that were specifically designed 
to be lightweight and less computationally intensive than 
competitors. Other than in the three papers which had 
a deliberate focus on environmental sustainability,22 25 26 
qualitative discussion of the topic was very superficial, 
with most studies including only a single sentence on 
the topic. Interestingly, a common topic raised in four 
papers was the potential for AI technologies to reduce 
the amount of GBCA required for scans, with this having 
the environmental co-benefit of reducing gadolinium 
pollution of wastewater.31 37–39

As noted in our introduction, it has been suggested 
that environmental assessment is poorly integrated into 
HTAs.13 14 Our findings suggest that this is certainly the 
case for HTAs focusing specifically on evaluating AI tech-
nologies, at least within clinical radiology. In addition, 
despite the availability of existing frameworks—such as 
life cycle assessment45 or integrated assessment14—the 
small number of studies reporting quantitative outcomes 
showed little consistency in what was reported. In several 
studies, a lack of reporting made it challenging to iden-
tify how or when these outcomes had been measured 
(table  1). This may suggest a requirement for effective 
guidance and frameworks that are more tailored to AI 
technology evaluations in healthcare.46 The most compre-
hensive studies22 25 leveraged software tools such as 
Carbontracker or CodeCarbon,42 43 which allowed them 
to report more standardised outcomes, for example, 
CO2eq emissions, or energy spent in kWh. More wide-
spread awareness and adoption of these tools, which are 
designed to be simple to integrate into existing software 
pipelines and scalable, could also be beneficial in stan-
dardising outputs of environmental assessments within 
HTAs of AI healthcare technology.26 However, this would S
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require upskilling of the clinical and technical workforce 
to ensure that integrating such software is seen as both 
feasible and valuable.

Of interest, many studies of algorithms designed for a 
similar purpose as those in our included studies (ie, to 
be lightweight) were excluded at full-text stage because 
the study authors did not link this intention to sustain-
ability; instead, this was linked to goals such as promotion 
of mobile use of AI,47 or improved use in resource-
constrained settings.48 This suggests that while there is 
clearly cost pressure to produce higher efficiency algo-
rithms with lower computational demand, and while 
movement in this direction also has benefits for environ-
mental sustainability, a desire for environmental sustain-
ability as defined in this review is not currently a key 
driver of this. However, it demonstrates that if improved 
computational efficiency is seen as providing a compet-
itive edge, then developers will focus on achieving this; 
perhaps a sign that, if incentives were to be altered in 
relation to sustainability, there could be a shift in the 
focus of developers and deployers.22 49

A shift in incentives is potentially within the influ-
ence of decision-makers, as well as regulators, clin-
ical guideline developers and research funders, many 
of whom have outlined in their own strategies a clear 
commitment to incorporating environmental sustain-
ability assessment into their decision-making processes 
in future.50 51 Radiology as a specialty has also expressed 
a growing interest in AI’s carbon footprint in recent 
years.5 15 16 Clear, structured guidance on how to report 
these outcomes, alongside a much firmer expectation 
from these bodies that they should be reported, could 
ideally lead to an increase in clinical radiology AI studies 
that transparently measure and report on the environ-
mental performance of algorithms, allowing them to be 
more comprehensively judged according to ‘the amount 
of intelligence they provide per joule’.22

As the first on this topic, we believe our study has 
some important strengths. We closely followed a prereg-
istered systematic review protocol and adhered to gold 
standard Cochrane guidance in our conduct, analysis 
and presentation of results.17 18 20 We built on an existing 
tested search strategy3 and believe we are the first to try 
to quantify the extent to which environmental sustain-
ability is being measured in AI radiology literature to 
date. However, there are some important limitations to 
acknowledge. First, modifying the search strategy to find 
studies that considered sustainability was challenging. 
We were required to add terms for sustainability to keep 
the search outputs manageable, and while we allowed for 
these terms to be included anywhere that was indexed, it 

is possible we may have missed some studies that briefly 
mention sustainability. However, as we note above, 
studies falling into this category did not contribute 
much to our synthesis, and we also performed citation 
searching to increase our yield, identifying two additional 
studies (figure 1). Second, as noted in the methods we 
have not formally measured study quality, so could not 
comment on how this may have influenced findings. 
However, given the consistency of the quantitative find-
ings and small number of datapoints, it is unlikely this 
would have changed our conclusions. Finally, our ability 
to standardise effect sizes was limited by the uncommon 
and inconsistent measures used within the quantitative 
studies, meaning that we report only relative differences 
of the included measures.

Our findings have implications for both research and 
policy (table  3). We have identified a clear research gap 
for studies that compare AI-enabled clinical pathways to 
standard-of-care or care as usual, rather than just state-of-
the-art alternative AI approaches; without this, it is impossible 
to adequately judge the potential environmental costs and 
benefits brought by the AI technologies. In terms of further 
evidence synthesis, given the pace of development (with a 
majority of our papers publishing from 2023 onwards), a 
living systematic review could be a useful methodology to 
explore this topic further in future,52 particularly with the 
recent rapid increase in papers using generative AI including 
large language models.53 In addition, it would be of interest to 
apply our methods to other fields where AI technologies are 
beginning to be used more widely but where there is perhaps 
more awareness of environmental sustainability as a topic, for 
example, public health, to see whether this influences find-
ings.54 From a policy perspective, we have identified a clear 
need for a standardised methodology and reporting frame-
work for environmental outcome assessment specific to AI, 
as evaluations are sparse and inconsistent in their methods 
and reporting. It is clear that reporting of these outcomes is 
not happening adequately at present, and it may be that poli-
cymakers must incentivise this in some way, for example, by 
ensuring there is some competitive advantage to reporting 
carbon emissions and energy consumptions of models when 
developers seek regulatory approval.22 In addition, given 
that many governments and healthcare systems have specific 
policies in place to mitigate against climate change, they risk 
directly undermining their efforts to do so if they pursue 
widespread AI deployment without adequate mitigation of 
environmental impact.

In conclusion, despite rising concerns about the potential 
impacts of AI technologies on the environment, measure-
ment of sustainability is poorly integrated into current eval-
uations of AI in clinical radiology, except where reduced 

Table 2  Summary of relative differences (ratio)

Outcome Mean Median Minimum Maximum IQR Count (n)

Carbon emissions 8.39 7.81 2.19 17.15 7.07 16
Energy use 69.82 3.22 1.60 751.62 5.56 16
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computational demand was an explicit selling point of the 
algorithm. No studies compared AI with standard-of-care, 
making it impossible to ascertain whether AI-augmented 
pathways (particularly those focused on prevention) have 
potential to reduce future carbon costs associated with 
healthcare utilisation. Uncritically continuing the wide-
spread rollout of AI in healthcare without evaluating its 
potential environmental impacts risks worsening the climate 
crisis, with major implications for global health. Researchers 
and clinicians should aim, where possible, to quantify the 
environmental impacts of the technologies they are evalu-
ating, establishing the costs and benefits for the climate as 
well as for health. To meet their stated aims on sustainability, 
funders and governance bodies should consider how to 
promote better integration of environmental impact assess-
ment into AI health research and evaluation.
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