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ABSTRACT: Managing risks from water pollution is central to public
health, environmental quality, and economic prosperity worldwide.
While improvements in water quality have been attained in some parts
of the world, much remains to be done to deliver clean rivers, lakes, and
seas in line with public interest, changing regulatory landscapes,
increasing awareness of risks from pollutants of emerging concern, and
climate change. This Perspective explores the potential for artificial
intelligence (AI) to help tackle complex water quality challenges. We
take a system-oriented approach to define a general pipeline of AI-
informed water quality decisions and critically assess the potential of AI
to contribute to regulation and decision-making in the context of water
quality management. Building on insights obtained from the literature
and through a workshop with academics, environmental regulators,
industry, and civil society stakeholders in England, we assess the maturity of current AI applications to meet a range of priorities and
challenges. While current AI research shows maturity in responding to operational efficiency and modeling and prediction
challenges, far less attention has been paid to aligning algorithmic development with user needs and organizational constraints,
including the need for trustworthiness and explainability. The full potential of AI to support water quality decisions could be realized
through clear institutional processes and accountability frameworks for decision-making. Looking ahead, the development of AI-
ready data sets and the availability of clear, open-source examples of AI applications in the water quality domain are potential
avenues for supporting wider uptake by regulators and other stakeholders.
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1. INTRODUCTION
Water quality challenges are numerous and multifaceted,
reflecting the broad nature of pollutant sources and pressures
globally (Figure 1). Climate change, population growth, aging
infrastructure, and complex mixtures of pollutants are all
affecting water quality. Human settlements remain a large
source of water quality problems. Despite significant expansion
of wastewater infrastructure, only 56% of urban wastewater is
collected and safely treated globally.1 If not well-managed and
regulated, then industrial pollutant releases can also be an
important source of water quality issues, from contaminants of
emerging concern, through to chemicals for which there is
established recognition of the risks of exposure, such as per-
and polyfluoroalkyl substances (PFAS), and metals. Finally,

agriculture has the potential to be a significant source of water
pollution, with agricultural runoff, drainage, and livestock
farming being responsible for discharge of agrochemicals,
organic matter, sediment, and saline drainage into water
bodies.2 Effective management and regulation are key to
limiting the risks of these and other activities.
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Climate change further drives the complexity of water
quality challenges. Global climate change is impacting
streamflows and the frequency and severity of extreme high
and low river flows at continental, national, and regional
scales.3,4 Water quality challenges may be intensified under
extreme high flows due to increased mobilization of sediments
and contaminants, or under low flows due to reduced dilution
of contaminants and reduced flow velocities.5 Climate change
also impacts water temperatures, influencing microbial activity
and river ecology and related water quality outcomes.6

High-income status does not shield countries from water
quality challenges.7 In the United States, approximately 10% of
community water systems experience health-based violations in
drinking water quality.8 In Europe, while the Water Framework
Directive has strengthened water quality monitoring and
improved certain parameters, significant challenges persist,
for example, increasing awareness of the complexity of
chemical pressures on water bodies.9

As communities, industry professionals and policymakers
become more aware of emerging threats and increasingly
demand higher water quality standards, the regulatory
landscape becomes more complex. In England, for example,
monitoring for Section 82 of the Environment Act 2021 started
to come into effect in 2025, requiring “sewerage undertakers to
continuously monitor the quality of the receiving water upstream
and downstream of their assets”, with a minimum of hourly
resolution upstream and downstream of storm overflows and
wastewater treatment works. To meet this requirement, at least
40,000 new sondes capable of monitoring multiple water
quality parameters will be deployed across the country,10

making it the world’s densest water quality monitoring
network. This very large increase in monitoring capability,
albeit for a small number of parameters, paired with the
requirement for water companies to make data openly
available, may offer significant opportunities to advance
modeling and understanding of water quality dynamics.

Scientific advances in the development of large-sample data
sets of streamwater chemistry further facilitate uptake of data-
driven techniques in water quality.11,12 Such shifts provide
opportunities and challenges around data integration and
interpretation and are one example where recent developments
in artificial intelligence (AI) may present a new approach to

understanding water quality and improving pollution manage-
ment.

Recent years have seen rapid advances in the field of AI in
hydrology, including flood forecasting,13 analysis of urban
hydrology signals,14 and the creation of large-sample hydro-
logical data sets.15 However, most academic research at the
intersection of AI and water has focused on algorithm
development and testing, with a particular emphasis on water
quantity issues�such as flood forecasting�where large data
sets are more readily available. To date, AI studies in the field
of water quality (i) lack a holistic view that includes the
broader institutional and social dynamics that determine water
quality decisions and (ii) provide limited examples of AI tools
making it through the end of the “pipeline” to operationaliza-
tion and uptake by decision-makers, from water managers and
regulators to citizens.

To address these gaps, this Perspective critically assesses the
potential for AI to inform real-world decisions in the heavily
regulated context of water quality management. Relative to
prior perspectives and reviews on AI-related applications in
water quality, we make two contributions. First, we take a
broader view of AI, not limiting ourselves to deep learning16,17

or machine learning18,19 but considering a wider range of AI
approaches and related issues, including transparency, ethics,
and social impact. Second, we take a system-oriented approach
at categorizing potential contributions of AI to water quality,
building on insights obtained through a workshop with
academics, environmental regulators, industry, and civil society
stakeholders in England (see the Supporting Information for
more details about the workshop and methodology). The
workshop took place in London on April 2, 2025, and was
hosted by the University of Cambridge in collaboration with
the Environment Agency, an executive nondepartmental public
body, sponsored by the UK’s Department for Environment,
Food and Rural Affairs. The Environment Agency is
responsible for protecting and improving water quality and
water resources in England. Although workshop discussions
centered on England, the insights and findings presented in
this Perspective are relevant to public authorities engaged in
water quality regulation, pollution control, and environmental
management globally.

Figure 1. A nonexhaustive list of water quality drivers and variables of relevance to environmental regulators.
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2. A FRAMEWORK TO ORGANIZE AI’S
CONTRIBUTIONS TO WATER QUALITY
MANAGEMENT AND REGULATION

AI holds significant potential to support various stages of water
quality management and decision-making process. Given the
diversity of actors engaged in decision-making and regulation,
this Perspective focuses on the decision and knowledge
support needs of environmental regulators, defined as entities
tasked with safeguarding water quality (both drinking and
environmental) through monitoring, enforcement, permitting,
reporting, stakeholder engagement, and guidance, and policy
implementation. To structure AI’s potential contributions to
decision-making in the context of environmental regulation, we
propose a framework that identifies four core regulatory
functions and related water quality problems and decisions
(Figure 2). Where relevant, the Perspective mentions the
potential contributions of AI to decision-making of other
actors, such as water utilities, legislators, technology providers,
and the general public, among others.

For each regulatory function (left panel, Figure 2), we (i)
identify specific water quality problems and decisions faced by
decision-makers (right panel, Figure 2) and (ii) discuss the
extent to which AI might be able to assist in addressing them
(Table 1). We define AI building upon the taxonomy of AI
fields provided in the Artificial Intelligence Playbook for the
UK Government20 and an exploration of the academic and
industry literature. This view of AI encompasses the following
fields: neural networks, machine learning, deep learning,
speech recognition, computer vision, natural language
processing, generative AI, agentic AI, and ethics and societal
impact. As shown in the third column of Table 1, some AI
fields�particularly machine learning and deep learning�have
already been widely deployed to address multiple water quality
challenges. In contrast, other fields, such as computer vision,
have fewer applications related to water quality.

Table 1 does not provide a comprehensive comparison of AI
techniques vis-a-̀vis conventional methods; rather, it shows the
potential of AI to respond to some specific decision and
knowledge needs. Comparisons with conventional approaches
are available in existing review articles, including. refs 17,21,22.

These reviews describe some important advantages of AI
approaches over conventional statistical or process-based
models for water quality problems, particularly in their ability
to learn complex, nonlinear relationships from heterogeneous
and high-dimensional data, fill temporal and spatial gaps, and
scale predictions across broad spatiotemporal extents. These
reviews also highlight challenges related to AI, including
overfitting without sufficient data, sensitivity to heterogeneous
monitoring coverage, and lack of interpretability and general-
izability.
Monitor and Regulate Water Quality and Pollution
Efficiently

Monitoring water quality and regulating pollution efficiently
are core functions of environmental regulators. This involves
operating and enhancing water quality monitoring and
modeling systems under resources available, targeting and
conducting inspections based on priority and risk, and
controlling discharges through environmental permits while
overseeing and enforcing compliance. Resource constraints�
economic, human, and time-related�combined with data and
model uncertainty and the expanding scope of regulatory
requirements (e.g., monitoring more parameters at higher
temporal and spatial resolution) heighten the value regulators
place on operational efficiency. In this context, efficiency
means delivering high-quality monitoring and regulatory
oversight while ensuring value for money.

Several existing AI applications respond to decision needs
related to monitoring and regulating water quality and
pollution efficiently. For example, confronted with systemic
data gaps, regulators could leverage recent experiences aimed
at the harmonization of hydrologic and climate data,15,23

complemented by the use of generative models for data
generation.24,25 Similarly, AI methods such as computer vision
can provide a more cost-effective approach to conduct real-
time anomaly detection (e.g., wastewater treatment perform-
ance26).

Figure 2. Four key management and regulatory functions (left) and related decision needs (right) define an AI-informed water quality decision-
making pipeline.
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Develop and Evaluate Approaches to Enhance
Understanding and Predictive Skill

To inform their decisions, regulators need an understanding of
how water quality evolves under the combined influence of
global change, local drivers, and human activities. Achieving
this understanding often requires formulating new scientific
hypotheses to explain observed trends in the data and
identifying the causal mechanisms behind these trends. For
example, to enable adaptive regulation and effective manage-
ment actions, key priorities for regulators include (i) projecting
water quality trends under alternative climate change and land-
use or management scenarios; (ii) modeling which factors are
more significant in influencing storm overflows and contam-
inant dilution at different locations; (iii) predicting the
occurrence and modeling the impact of contaminants of
emerging concern; (iv) quantifying the role of water quality on
ecosystem health.

Insights from these efforts underpin the development and
refinement of predictive systems capable of modeling water
quality dynamics, producing quantitative estimates of future
water quality conditions across space and time, and discerning
the impact of multiple water quality stressors in ecology. AI
can be deployed to support all of these tasks, as demonstrated
by recent applications in water quality and similar fields. For
example, machine learning has been deployed to predict the
occurrence of PFAS in groundwater across the United States27

or understand the processes governing PFAS removal in
membrane-based treatment systems.28 In other fields, gen-
erative AI was used to generate scientific hypothesis,29 capture
complex and nonlinear dependencies among key drivers of
heatwaves,30 and provide timely, spatially detailed forecasts of
extreme floods in ungauged basins.13 These advances�
integrated with the expertise and knowledge of domain
experts�can potentially transform water quality modeling
and forecasting and its contribution to regulatory design,
monitoring, and implementation. These advances can also
underpin new risk assessment frameworks for wastewater and
water technologies (e.g., industrial water risk assessment to
identify pollution sources and mitigation strategies to comply
with regulations,31).
Ensure Institutional Knowledge, Understanding, and
Trustworthiness

All public decisions made with respect to water should be
transparent, accountable, and easily interpretable.32 In the field
of water quality, environmental regulators and decision-makers
are therefore expected to ensure institutional knowledge,
understanding, and trustworthiness of the tools used to
support decisions. Fulfilling this function is particularly
challenging when deploying emerging technologies such as
AI for which knowledge, understanding, and trustworthiness
may still be limited.

A trustworthy AI system can help mitigate social and
political risks�such as those stemming from real or perceived
bias (e.g., disproportionately targeting inspections in low-
income areas due to sparse data coverage), inaccurate forecasts
or excessive false alarms, and vulnerability to manipulation
(e.g., utilities altering reported data to influence model
outputs).33

In the context of AI, the need for transparency and
trustworthiness highlights two interrelated questions of
relevance for regulators. First, can AI help to improve the
transparency and trustworthiness of regulatory decisionsT
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regarding water quality? Little research has explored the extent
to which AI can improve trust in regulatory decision-making.34

This is despite the growing evidence suggesting that large-
language models (a form of generative AI) can be used as
agents to conduct several tasks autonomously, such as building
models of environmental systems or simulating the behavioral
responses of alternative stakeholder groups to environmental
regulations.35

Second, what are the opportunities to enhance the
trustworthiness and transparency of AI models used for
water quality monitoring and management? The black box
nature of many AI models is a significant bottleneck to their
widespread application in regulated industries, where clear
procedures to determine accountability for decisions are
paramount. However, recent advances in explainable AI
might provide a way forward for gradually improving trust in
AI and formal institutional uptake.36 Explainable AI consists of
a set of techniques and workflows to interpret the output of AI
models such as machine or deep learning models.37 These
approaches have already demonstrated potential in interpreting
results from data-driven hydrological models.38 Application of
these approaches is considered paramount to support model
transfer and uptake for environmental management and is a
key step for best practice approaches in the field.21

Provide Information and Dissemination to the Public

Citizens and the natural environment are the ultimate
beneficiaries of any regulatory decision made with regard to
water quality. AI has clear potential to provide tailored and
more timely information and insights to the public (e.g.,
potential economic benefits for water users under hydro-
climatic forecasts39) and improved citizen engagement by
facilitating citizen science (e.g., estimating snow-covered area
using crowdsourced images,40). For example, in England, the
Environment Agency is piloting AI-based chatbots by
deploying the Hello Lamp Post AI platform to provide
additional means to engage and communicate across several
designated swimming sites in England (Bathing Waters).
Through QR signage, citizens can access real-time information
on water quality including microbiological insights relevant to
swimmers’ health, while also answering a series of questions to
support data collection and monitoring activities.41 AI tools
have the potential to support broader efforts aimed at engaging

with individuals and communities, such as farmers, whose
actions can have a direct impact on water quality. AI tools
would be a component of the overall systems required to
engage with these stakeholders and bring about transitions in
the built environment and land management required to
enhance water quality.

3. SYSTEM-LEVEL ASSESSMENT OF ENABLERS AND
CONSTRAINTS

The previous section identified four key management and
regulatory functions and related decision and knowledge needs
in the field of water quality. The previous section also
presented select examples of the contributions and potential
benefits that AI might provide. Potential benefits include
processing large amounts of different data sets from different
sources quickly, detecting anomalies, and also supporting a
range of workplace procedures. However, despite the
promising developments identified above and the potential
benefits of AI often mentioned by researchers, consultants, and
the media, effective and transparent adoption of AI
technologies within the water sector still faces various
constraints. These constraints originate from the obvious
notion that regulatory agencies involved in water quality
management need to first and foremost concentrate on
fulfilling statutory requirements such as ensuring public health
and environmental protection77 while developing, testing, and
integrating new approaches.

Alongside these constraints, which may influence institu-
tions’ ability to achieve value with AI, a range of other�and
arguably more important�issues need to be considered.
Contextual factors, water system characteristics, organizational
incentives, and specific actors or entities within these
institutions collectively interact to influence the uptake of AI,
the speed and transparency of adoption and utilization, and the
realization of AI-related benefits. Additionally, the perception
of the technology itself�including perceived benefits, trust,
and familiarity�also affects the adoption and diffusion of AI.
Collectively, these factors define a system that influences the
adoption of AI in water quality (Figure 3). The system view in
Figure 3 builds upon the systems thinking literature78 and
research on technology adoption.79 In systems thinking, an
organization and its external context are understood as a

Figure 3. Framework for analyzing uptake and diffusion of AI technologies in water quality, with main enabling factors under each context aspect.
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complex, interconnected whole, composed of interdependent
elements rather than isolated components.80 The interaction
between the external and organizational context with the
technology context influences uptake and also the ability of
organizations to realize the benefits and public value of a given
technology. Here, we highlight 10 core enabling factors that
emerged more prominently during the workshop.

Government-wide regulation and guidance are central to the
external context and will likely be the most significant drivers
of AI adoption in water management (factor #1). Their
influence stems from the public sector nature of most water-
related decisions and the obligation of regulatory agencies to
comply with directives, legislation, and policy frameworks.
Government guidance may include, for example, instructions
on how to integrate AI into organizational processes along with
clear procedures to ensure transparency, accountability, and
ethical oversight. This is particularly relevant in cases where
decisions�such as issuing a swimmer safety alert�are made
entirely by AI systems or are partially informed by AI agents. In
Australia, for example, the Policy for the Responsible Use of AI
in Government sets mandatory expectations on the use of AI
by public sector agencies, including those mandated to regulate
water quality.81

Citizens’ expectations and acceptance of AI-informed
decisions on water quality are key components of the external
context (factor #2). Social and political issues, including
democratic legitimacy, overall trust in institutions, and
politicization of environmental evidence are other important
aspects that may influence citizens’ expectations and accept-
ance. Research on human-centric approaches to designing and
implementing AI solutions will be crucial to understanding
perceptions among citizens regarding acceptability.74,82,83 In
the context of air quality, human-centric and personalized
approaches show potential to inform personal health-related
decisions.84 Finally, the external context also includes
sustainable AI infrastructure (factor #3). Data centers have
energy, infrastructure, and water requirements and may have
significant undesirable localized impacts on water resources,
and on key water quality parameters such as water temper-
ature. Regulators will be expected to identify any potential
negative impact arising from their use of data centers, including
reducing water and carbon footprints as part of wider
sustainability measures and related mitigation measures.

The organizational context influences the pace of innovation
in the water sector,77 and this is also true for AI. Reputational
management and low confidence in new approaches will likely
initially limit the use of AI to carefully selected lower risk tasks,
such as supporting either the preparation of water quality
reports following an extreme event or organizational perform-
ance reviews. To shift application to broader uptake, we
identify three key enabling factors: leadership (factor #4),
financial resources (factor #5), and skilled personnel (factor
#6). Establishing a culture of innovation with appropriate
safeguards and guidelines can support AI adoption. Guidance
for government departments and public sector organizations
provides a common foundation upon which to build this
culture. For example, the UK Government’s AI Playbook20

defines the principles of safe, responsible, and effective use of
AI, while within organizations, the uptake of AI is beginning to
feature explicitly in ambition statements on innovation (e.g.,
refs 85,86).

The technical context is also important in determining the
uptake. Data remain one of the largest bottlenecks to broader

AI adoption in water quality (factor #7). Globally, data issues
include uneven distribution of data across space, with 71% of
water quality data globally from monitoring stations located
either in North America or Europe, absence of long-term data
sets required to analyze trends, low to no data points on
emerging contaminants, and strong bias toward surface water
data.87 While integration of water quality data in large-sample
hydrology data sets88 and innovations in data collection can
help bridge the data gap, sustained investments in in situ
monitoring will be required to advance AI uptake, particularly
across Africa, Latin America, and parts of Asia and Oceania
where there are currently no or very limited observational
records.

Compatibility, transparency, and explainability are additional
relevant factors in terms of AI technology uptake. Regarding
compatibility (factor #8), security is an issue of high
importance. For example, AI models developed by third-
party technology providers will need extensive vetting before
implementation and potential inclusion in regulatory decision-
making. Issues concerning uncertainty and explainability in AI
tools also emerge as important aspects in influencing uptake
(factor #9). Uncertainty around how an AI model has been
trained, challenges around recording and interpreting any AI-
informed decisions, and inherent bias in training sets need to
be fully communicated and described for AI tools to contribute
to regulatory decisions. Finally, in terms of transparency,
ethical and individual rights issues emerge as important factors
in influencing uptake (factor #10). Ethical issues include risks
related to AI introducing bias or inequality in water quality
decisions and outcomes, while individual rights issues
encompass processing of any personal data in an AI system.
Algorithm registers are one approach to systematically
documenting how AI tools are used by public authorities to
enhance transparency. In The Netherlands, public bodies can
publish information about algorithms and AI tools they use to
fulfill their mandates in the Algorithm Register of the Dutch
Government.89 This approach is intended to increase trans-
parency and trust in government decisions informed by AI,
including water-related decisions, such as water body
monitoring. Research on compatibility, transparency, and
explainability is nascent, and this severely impacts operation-
alization within a heavily regulated policy area such as water
quality. Research on the topic of transparency in the use of AI
is particularly scarce, and this is a significant gap to overcome
to enable further engagement with and future uptake of AI.

4. OUTLOOK
The potential for AI to drive innovation in water quality
regulatory and management decisions is clear, and several AI-
based approaches already demonstrate the potential to support
water quality decision-making (Table 1). Despite this
potential, in Section 3, we identified several factors that need
to be considered and addressed in research and practice alike
to further promote and extend the uptake of AI in this field. As
research expands new frontiers in the use of AI for water
quality management, it is useful to look beyond the core focus
on algorithm testing and development. This Outlook Section
identifies two considerations that may support more effective
and transparent integration into regulatory decision-making.
While these considerations are most directly relevant in
contexts with relatively mature monitoring systems and
regulatory frameworks, they may also be informative for
countries with emerging or data-limited water quality regimes,
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where they could contribute to a phased strengthening of
public sector capacity and governance related to AI-enabled
water quality management.
Consideration #1: Water Quality Infrastructure at
Regional, National, and Transnational Scales

Standardized data infrastructure helps to streamline data
ingestion and analysis within and across research groups and
agencies. In the case of deep learning applications, data
availability and quality are regarded as the main bottleneck to
further advances and discoveries.17 In turn, limited data uptake
is a major bottleneck to enhancing the performance and
trustworthiness of AI for water quality decisions.

Increased coordination among actors involved in data
generation (e.g., water utilities, civil society organizations,
environmental regulators, and researchers) contributes to the
advancement of water quality data infrastructure. In this
context, two actions have been identified in the literature as
influential. First, development of consistent data standards,
formats, and protocols for FAIR (Findable, Accessible,
Interoperable, and Reusable) data90�while still safeguarding
sensitive information. This includes developing data models
that clearly define how water quality data and related models
are organized, validated, and exchanged, so as to facilitate its
use by AI systems. Second, development of protocols and data
pipelines to access and utilize third-party data, including from
citizen scientists. Developments in large-sample data sets for
water quality11,12 could be further pursued to enhance
compatibility and standardization.

AI can be used to speed up the production of large-sample
data sets, while good-quality, AI-ready data sets are key to
advances in AI applications. For example, machine learning-
ready data formats that also capture metadata make them
easier to use for AI/ML pipelines,91 such as RO-Crate92 and
Croissant-ML.93 Early steps toward a common data infra-
structure include the UK’s Catchment Systems Thinking
Cooperative (CaSTCo) efforts to develop a national frame-
work that supports decision-makers, scientists, and commun-
ities in using citizen science data.
Consideration #2: Shared Understanding between
Researchers and Practitioners on Standards for
Model-Based Decision-Making and Forecasting

The extent of shared understanding between researchers and
practitioners regarding relevant standards and practices has
been linked to the effectiveness of model-based decision-
making and forecasting in environmental management.94

Issues commonly discussed include the selection of metrics,
model performance, thresholds, treatment and communication
of uncertainty, procedures, and accountability. Traditional
water quality metrics could be combined with more innovative
metrics, such as financial risks or economic values of fines,95 to
predict more decision-relevant variables for certain stakeholder
groups, such as water utilities.

Collaboration between AI and model developers, regulators,
and other decision-makers contributes to establishing a
consensus on what is achievable and appropriate in this
space. Improved clarity on these issues will (i) inform
benchmarking exercises; (ii) guide the identification of AI
tools that are fit-for-purpose in regulatory decision-making;
and (iii) support the development of appropriate ethics and
risk management procedures. The latter has been highlighted
as particularly relevant for enabling the responsible use of AI-
based approaches in water-related applications.68 Enabling

knowledge transfer between disciplines in the water quality and
AI fields would ensure future frameworks and standards used
for decision-making take into account recent innovations. It
would shed light on areas for which AI might not be required
or fit-for-purpose, because of costs, the need for ethical
judgments, or transparency and high levels of trust. This
suggestion to review frameworks and standards echoes calls for
improved approaches to benchmarking flood hydrology
models to better guide their uptake in practice.94

Work in this area requires research by social scientists as
much as AI engineers and computer scientists. AI engineers
and computer scientists can provide quantification of the
reliability and limits of AI tools in addressing decision-making
needs. Social scientists can help regulators understand their
attitudes toward AI-based outputs, related uncertainties, and
the role of risk preferences in influencing AI uptake in
decision-making. Social scientists can also help understand
public attitudes to AI-based outputs and help develop
participatory modeling pipelines that do not just enhance
public understanding but also actively inform decision support
systems.96

To conclude, the application of AI in water quality remains
at a relatively early stage. This Perspective identified a wide
range of potential applications spanning data generation,
operational decisions, and public engagement. To capture
this potential, it is important for researchers to complement
their traditional focus on technology testing and development
with a system-level view that considers how external and
organizational factors influence technology adoption. Inter-
disciplinary collaboration and clear and open-source examples
of AI applications in the water quality domain will be critical to
ensuring technical innovation and trust.
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McCormack, M.; Poulter, D.; Stephens, A. G.; Trembath,
P.Publishing Environmental Data APIs for use in AI workflows:
recommendations and demonstrators of a standard approach within the
NERC Environmental Data Service; NERC, 2025.
(92) Soiland-Reyes, S.; Sefton, P.; Crosas, M.; Castro, L. J.;

Coppens, F.; Fernández, J. M.; et al. Packaging Research Artefacts
with RO-Crate. Data Science 2022, 5 (2), 97−138.
(93) Akhtar, M., Benjelloun, O., Conforti, C., Foschini, L., Giner-

Miguelez, J., Gijsbers, P., Zhang, L.Croissant: A Metadata Format for
ML Ready Datasets. In Advances in Neural Information Processing
Systems; Curran Associates, Inc.: New York, 2024; Vol. 37, pp 82133−
82148.
(94) Beven, K. Benchmarking Hydrological Models for an Uncertain

Future. Hydrol. Process. 2023, 37 (5), No. e14882.
(95) Hamilton, A. L.; Reed, P. M.; Gupta, R. S.; Zeff, H. B.;

Characklis, G. W. Resilient Water Infrastructure Partnerships in
Institutionally Complex Systems Face Challenging Supply and
Financial Risk Tradeoffs. Nat. Commun. 2024, 15, 7354.
(96) Landström, C.; Peters, H.; Hughes, A. G.; Jackson, C. R.;

McKenzie, A. A.; Spencer, L.; Turnpenney, R.; Bryden, J. The
Wetland Explorer: A Digital Tool for Improved Community
Engagement with Water Quality Modelling for Decision-Making.
Environ. Sci. Policy 2025, 173, No. 104226.

Environmental Science & Technology pubs.acs.org/est Perspective

https://doi.org/10.1021/acs.est.5c15991
Environ. Sci. Technol. 2026, 60, 10405−10416

10416

https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.3233/DS-210053
https://doi.org/10.3233/DS-210053
https://doi.org/10.1002/hyp.14882
https://doi.org/10.1002/hyp.14882
https://doi.org/10.1038/s41467-024-51660-8
https://doi.org/10.1038/s41467-024-51660-8
https://doi.org/10.1038/s41467-024-51660-8
https://doi.org/10.1016/j.envsci.2025.104226
https://doi.org/10.1016/j.envsci.2025.104226
https://doi.org/10.1016/j.envsci.2025.104226
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.5c15991?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

