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Climate science, and climate artificial intelligence (AI) in particular, cannot be disconnected

from ethical societal issues, such as resource access, conservation, and public health. An appar-

ently apolitical choice—for example, treating all data points used to train an AI model equally

—can result in models that are more accurate in regions where the density and quality of data

is higher; these often coincide with the northern and western areas of the world (e.g., [1, 2]).

Inequity in the access to data and computational resources exacerbates gaps between com-

munities in understanding climate change impacts and acting towards mitigation and adapta-

tion, often in ways that are detrimental to those who are most affected (e.g., [3, 4]). While

these issues are not exclusive to AI, widespread opacity in the development and functioning of

AI models, presentation of AI model outcomes, and the rapid evolution of the AI field further

increase the inequality in power and agency among differently resourced parties.

This creates an opportunity for climate scientists to rethink the role of ethics in their

approach to research. There are many ways in which climate scientists can interact with soci-

ety. Here we focus on the process of scientific research, identifying some good practices for

building trustworthy and responsible models and then providing some resources.

In creating and training models, we encourage researchers to recognize that science cannot

claim to be purely “objective”, and that the choice of priors, data, and metrics all carry biases

(e.g., [5]). Resolving or eliminating them is not realistic, as the interpretation of a “better”

model or result is highly dependent on the user’s specific goal. Hence, it is crucial to be open

and specific about the assumptions made, the algorithms and hyperparameters used, and the

evaluation metrics and processes, and ideally to also make data and code available, following

the principles of reproducible science (e.g., [6]).

In evaluating and presenting the performance of statistical or machine learning models,

considering possible failure modes can be a useful lens through which to examine systems’

behaviors. Good starting points are the taxonomy proposed by [7], which considers flaws in

design, implementation, and communication, and, specifically for climate science, the list

compiled by [8]. Failure modes that are particularly relevant for AI models from the climate

domain include robustness under distribution shifts; for example, for models trained on his-

torical data, it is difficult to predict how they will perform in the unseen conditions brought

about by climate change. Good practices induced by consideration of failure modes may

include efforts to quantify expected model performance through simulations, transparency in

defining the anticipated range of applicability of the model, and considering how existing

physics/climate knowledge can be applied in defining an evaluation strategy and in validating
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the generalization properties of the model. A related practice is to consider how the functional-

ity lens changes and what failure modes become relevant when looking at the whole “phase

space” of a model, intended as the array of different breakdowns of data, such as geographical

areas, time periods, or user groups, as well as the broader socio-technical context in which a

model can be used beyond the use case for which it was developed.

In creating and distributing data sets, a term we use to indicate both observational data and

other products such as outputs of Earth System Models, we begin by recognizing that we typi-

cally don’t hold power on who will use the data and how the data will be used. We can, how-

ever, aim to provide clear documentation on what dataset or numerical model creators

thought of as desired and pertinent usage, as well as undesired, inappropriate, or wrong usage.

Additionally, we can aim to be as transparent as possible in language and jargon in order to

make climate information more widely accessible to a broad range of users and decision mak-

ers; see, e.g., [9] for example of potential pitfalls when datasets are used across domains. A pos-

sible pipeline to consider when creating data sets is provided by the Datasheets for Earth

Science Datasets [10].

When possible, we propose to prefer AI models that are intrinsically interpretable (some-

times defined as those built from pieces whose behavior is interpretable, such as decision trees

or linear models) or explainable (sometimes defined as those whose behavior and decisions

can be explained post hoc, for example, by means of a simpler surrogate model; see e.g., [11]).

Interpretability and explainability can protect us from dangerous failure modes by creating

insights into the ability of our model to generalize beyond the training domain, allowing us to

check whether the explanation is consistent with our understanding of a physical system, and

by allowing access to a wider and more inclusive user base, for example those who are not fully

trained in or don’t have the resources to run more complex models, such as deep learning

methods. However, applying explainability tools or using interpretable methods is not always

possible or practical. We would like to propose a wider interpretation of explainability, which

includes interrogating the system by exploring its responses to a wide range of inputs, includ-

ing distribution shifts and adversarial attacks. In addition, we can perform physically informed

perturbations of the system that act on the spatial, temporal or phenomenological scales of

interest to assess their impact. By studying the behavior of AI systems under varied circum-

stances, we can gain a more comprehensive understanding that is a proxy for explainability.

An important reflection on encouraging the use of broadly-defined explainable models, as

well as the need for clear documentation mentioned above, is that creating well-documented

and explainable models can be a much slower process than using potentially more powerful,

but black-box, methods. Generating physically meaningful features that can improve perfor-

mance, implementing frameworks to enhance explainability, and writing documentation are

time-consuming processes.

Hence, rewarding the creation of such models requires a culture shift. Our current incen-

tive structure is not built to reward this approach. Most often, the threshold for publication is

set by an improvement in model performance typically measured by model accuracy on a pre-

chosen data set. Furthermore, the measure of academic “success” (and in return, the chances

to secure academic positions or grant funding, or to win awards) is heavily influenced by the

number of papers and conference papers, creating pressure to publish more but not necessarily

to curate impact. We can, however, challenge and change the status quo, by leading by example

in our research, fostering a culture of explainable work in our labs, and appropriately reward-

ing well-documented, explainable, robust, and broadly impactful work when evaluating

papers, proposals, job applications, and nominations for awards.

Besides being ethical, this culture shift in climate data science is made crucial by the fact

that many private companies, including Google Deep Mind, NVIDIA, and Microsoft, are now
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racing ahead of academic centers in building complex machine learning-based climate and

weather models (e.g., [12]). With very few exceptions, the computational resources available to

universities won’t match those offered by tech giants, but we can and must retain the impor-

tant role of creating generalizable insights and providing, with each of our papers and prod-

ucts, a foundation for others to improve on our work. If we collaborate or work for these

private companies, we should also remain aware of the potential for them to limit access to the

information we produce.

Finally, we would like to emphasize that ethical AI and science are intertwined, interdepen-

dent topics. We should begin to include ethics in the climate science discourse, starting in the

classroom. It is important to have these conversations in undergraduate and graduate courses

and to integrate relevant resources in the climate science curricula, as well as at climate science

conferences through special sessions.

Starting points for such conversations include:

• The lectures of the Trustworthy Artificial Intelligence for Environmental Science 2022 Sum-

mer School [13];

• AI Ethics Education for Scientists [14];

• AI Ethics and Fundamental Physics [15].

The benefits of applying principles of ethical AI in scientific inquiry and to reward explain-

ability, robustness, and trustworthiness are many: making more information available to more

people, empowering communities affected by climate change, making climate research more

impactful and accessible, and increasing the level of interaction and trust between climate sci-

entists and society. This comes at the price of a culture shift where scientists are called to build

models and data sets according to certain principles, to change the system of incentives in

order to reward slower but more robust, explainable, and transparent work, and to engage in

discussing and teaching the ethical aspects of climate data science as early as possible.
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