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ARTICLE INFO ABSTRACT

Keywords: Ecological and biodiversity crises are intensifying amid rapid advances in sensing, computation,
Al-enabled ecology and artificial intelligence (AI). AI offers unprecedented capabilities to understand complex
Al and domain expertise integration ecological systems, provided outputs are interpretable, applied responsibly, and evaluated
Biodiversity and climate crises by domain experts. When addressing key challenges, science-policy frictions arise through
solutions different requirements relating to timelines, managing uncertainty, and accountability.
Ecological data collection We present the Research-to-Decision (RED) framework to better align these differences,
Science-policy interface using a transdisciplinary approach across the ecological research cycle. The framework is
Statistics operationalised through embedding responsible Al, identifying where domain expertise should

lead, where Al can accelerate research, and where Al-human synergy is essential for producing
robust evidence for informed decision-making. Implementation pathways are identified:
research & technology, communication & policy alignment, and assets & infrastructure,
all underpinned by culture & people. Al synergy relies entirely upon human synergy, and
through bridge scientists and institutional change, the RED framework can unlock capacity to
tackle complex environmental challenges and support evidence-based policy development for
biodiversity conservation.
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1. Introduction

Exponential growth in human resource consumption has intensified biodiversity and environmental challenges,
demanding urgent action to secure a sustainable future for subsequent generations. International agreements such
as the Convention on Biodiversity and UN Sustainable Development Goals emphasise the need for evidence-based
strategies (United Nations, 2015). At the same time, technological advances have enabled massive scaling of sensing,
computation, and automated reasoning, including Artificial Intelligence (Al), to offer new opportunities to deepen our
understanding of complex ecological systems and support goals to increase biodiversity. We broadly define Al as a
suite of data-driven computational algorithms designed to perform tasks traditionally requiring human intelligence to
interpret or respond to. However, if Al is shorthand for a new suite of techniques to understand patterns in data, then the
advent of new methodological approaches is nothing new. One could have perceived the same issues when Bayesian
statistics became increasingly popular in the 1990s, which increased the range of methods available for data analyses.
As much promise as Al holds, it is an amplifier and using it in a traditional research cycle, where disciplines are siloed,
will accelerate ecological errors at scale because the associated algorithms’ interpretations and limitations are not well
understood (Han et al., 2023; Ren et al., 2023). Rather than approaching Al with scepticism, we can use it to harness
diverse knowledge and help overcome the limitations of siloed approaches to ultimately benefit the broader research
goal (Reynolds et al., 2025b). Domain experts can provide valuable knowledge that Al alone cannot replicate, making
their involvement essential in developing and validating AI solutions (Kendall-Bar et al., 2026). Given the societal
importance and diverse stakeholders involved in producing a strong evidence base, trust in Al outputs will only be
established when they are developed and interpreted together with human judgment.

However, to address global challenges effectively and urgently, research outputs much be better aligned with policy
needs. Here, we address the persistent challenges that separate evidence generation from decision-making, which
are differing timelines, approaches to uncertainty, and accountability requirements. These challenges create barriers
at the science-policy interface that are not fully addressed by existing approaches developed independently across
transdisciplinary research, science-policy engagement, Al-enabled ecology, and responsible Al.

We present the Research-to-Decision (RED) Framework, a transdisciplinary approach that reconciles these
challenges through the heterogeneous integration of responsible Al, domain expertise, and stakeholder perspectives
across the ecological research cycle. Stepping through the research cycle, we highlight emerging opportunities and
barriers that currently exist in the operational framework, but which are overlooked when disciplines operate in
isolation. Finally, we set out implementation pathways for embedding the framework in practice, overcoming domain
and discipline isolation and ensuring that Al is appropriately and responsibly embedded to maximise knowledge gain
and impact in addressing ecological and conservation problems.

2. Research-to-Decision (RED) Framework

Ecological research is increasingly impact-driven, seeking to inform policy and management decisions. However,
research and policy operate under different constraints, creating persistent barriers at the science-policy interface
that can limit the translation of evidence into decision-making. The different pressures underpinning research and
decision-making can be described as:

1. Aligning timelines: Research and policy often operate on different timescales with research developing to
accumulate evidence through long-term research programmes. By contrast, policy operates within time-bounded
decisions. To bridge this gap and help deliver timely insights to stakeholders, incremental approaches that
leverage existing knowledge can be implemented and new research can be undertaken such as systematic reviews,
meta-analyses, and expert elicitation (Bainbridge, 2014).

2. Managing uncertainty: Scientific uncertainty is typically framed through repeatability, replication, and long-term
frequencies, whilst decision-makers focus on specific outcomes within defined timeframes. Linking uncertainty
to adaptive management enables more effective decisions, especially when outcomes are reversible (Young
et al., 2014). Where Al is embedded in the research cycle, the use of uncertainty estimates, scenario-based
evaluation, and human-in-the-loop approaches are required to support transparent and flexible responses to
evolving evidence.
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3. Ensuring accountability: Both research and policy require transparency, although principles are applied
differently. Policymaking demands clear, consistent messaging and interpretable metrics. Research evaluates
existing metrics and contributes to the design of new metrics as further information becomes available. Within
Al-enabled systems, this necessitates explainable, auditable, reproducible, and replicable approaches, ensuring
that model outputs can be understood, scrutinised, and appropriately used within policy contexts.

Existing frameworks such as transdisciplinary research, science-policy interfaces, Al-enabled ecology, and
responsible Al have largely developed in parallel, and so only partially address the challenges of translating evidence
into action. As a result, analytical advances can be technologically beneficial but remain poorly aligned with
decision-makers’ needs and disconnected from the expertise required for their responsible use.

The Research-to-Decision (RED) Framework brings these complementary approaches together to better address the
challenges of aligning timelines, uncertainty, and ensuring accountability across the whole research cycle (Figure 1).
Co-creation and problem definition help align research activities with policy and management timescales. Study design,
data collection, processing, and modelling provide the mechanisms through which uncertainty is identified, quantified,
and interpreted. Communication, stakeholder engagement, and transparent analytical workflows support accountability
and responsibility by ensuring that assumptions, limitations, and quality remain visible throughout the decision-making
process. The RED Framework is operationalised through embedding Al heterogeneously throughout the research cycle,
because some stages benefit most from being led by domain expertise, some are accelerated by Al, and others require
strong Al-human synergy. Rather than treating Al as a stand-alone analytical tool, the framework identifies where
Al can enhance large-scale monitoring with automated data collection and interactive visualisation, where Al-human
synergy is critical to produce interpretable and credible results through correcting for bias and propagating uncertainty,
and where domain expertise provides integrity in decision-making, participatory stakeholder engagement, and applying
ethics for the thoughtful adoption of Al by quantitative experts in ecology.

We highlight the respective strengths from existing approaches that are integrated into the RED framework
across the full research-to-decision pathway: Transdisciplinary research helps overcome the limitations of individual
disciplines by engaging researchers from multiple domains and a wide range of stakeholders, facilitating discoveries
that extend beyond traditional disciplinary boundaries (Sutherland et al., 2013; Boyd et al., 2023). Stakeholders
commit to a shared goal and develop a common language to enable them to work together effectively in each step
of the research cycle. A transdisciplinary approach requires sustained engagement through co-constructing aims and
processes, allowing choices made at each stage of research to be integrated holistically and assessed in the context of
the entire cycle.

Science-policy research highlights that while domain-specific expertise is essential for successful research
outcomes, integration requires cross-disciplinary working and so bridges between research disciplines and policy are
developed (Cvitanovic et al., 2021).

Integrating ecological theory with advances in Al offers powerful tools to address complex environmental
challenges (Cheng and Liu, 2023; Pichler and Hartig, 2023), particularly where synergistic Al-ecology research can
advance both fields — ecology through the efficiency of using Al throughout the research cycle and Al through learning
from complex ecological systems (Han et al., 2023).

Responsible Al research frameworks have developed principles for the transparent, trustworthy, and socially
responsible use of Al, setting out a consistent approach that considers functional, legal, ethical, and philanthropic
elements wherever Al is embedded within the research cycle (McGovern et al., 2022; Cheng and Liu, 2023).
More recently, application driven machine learning (ADML), motivated by real world needs and stakeholders has
demonstrated how transdisciplinary research can deliver impact while also driving major methodological advances
such as physics informed neural networks and Fourier Neural Networks (Rolnick et al., 2025).

Moving from a researcher-led evidence-based approach to a participatory approach ensures that delivery partners
including stakeholders such as policymakers, Indigenous people, local communities (e.g. visitors, landowners, and
managers) co-produce the research process (Wheeler and Root-Bernstein, 2020). In conservation science, research
can be dominated by questions that ecologists are well suited to answer rather than those with the greatest potential
for real-world impact (Williams et al., 2020). Addressing this, a co-production approach requires early collaboration
between researchers and stakeholders to agree on the research questions, data requirements, modelling approaches
(including statistical or AI methods), and the level of accuracy needed to provide confidence in the outputs. Integrating
multiple knowledge systems such as Indigenous Knowledge to improve species habitat modelling can be used to support
better ecological outcomes and decision-making (Gryba et al., 2024; Murray et al., 2025). The RED Framework has
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Figure 1: The Research-to-Decision (RED) Framework addresses the persistent science-policy challenges of aligning
timelines, managing uncertainty, and ensuring accountability by integrating transdisciplinary research, science-policy
interfaces, Al-enabled ecology, and responsible Al. The framework is operationalised through embedding Al heterogeneously
across the entire research cycle; coloured circles indicate stages of the research cycle where domain expertise leads (green),
Al accelerates (orange), and Al-human synergy is critical (blue). The iterative cycle incorporates reflection (solid black
arrows) and feedback (hollow black arrows and dashed line) to support evidence-based decision-making. The cycle ends
when a challenge is solved or continues if the challenge needs to be iterated or redefined.

the potential to transform both stakeholder-driven research and fundamental scientific research to accelerate scientific
productivity (Al for Science Strategy, 2025; OECD, 2023).

3. Co-create & problem definition: Policy and decision-making

Understanding the broader societal context and anticipating future shifts in research framing are essential from the
outset to align outcomes with underlying motivations. Research outputs and dissemination underpin evidence, which
are evaluated to inform policy development (Kemp, 2018). While blue skies research may not be driven by current
policy, it can shape future decision-making through horizon scanning.

Effective relationships are crucial for policy-relevant research: policymakers can co-develop research aims whilst
delivery partners and researchers are involved in shaping policy from the outset, and so establishing and maintaining
trust is essential (Cvitanovic et al., 2021). Stakeholders must trust researchers to clearly communicate assumptions
and caveats, while researchers must trust that these will be considered in decision-making and policy development.
When applied effectively, this framework preserves academic freedom and stakeholder agency, strengthening timely
connections between research and decision-making, and helping maximise the value of publicly funded research.
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Al can only be effective in real-world contexts when the people who will use it help define the problem and the
criteria for success (Rolnick et al., 2025). Working with policymakers from the outset is necessary for Al to be useful
and responsible. Without this, models may be data-driven but irrelevant or misleading for decision-making. We extend
this argument and apply it to ecological and environmental challenges, where policy needs define the constraints of
the problem.

Underpinning the process requires multilateral communication rather than unilateral dissemination that occurs
towards the end of a research project and so is not solely the responsibility of scientists. For example, the European
Commission’s Joint Research Centre recognises the value of science-policy interface and has diverse expertise in
effective dissemination throughout various stages of the project cycle (Topp et al., 2018).

Terms relating to the interpretation of uncertainty such as significance, confidence, risk, and precaution are often
defined and interpreted differently across research and policy contexts. Therefore, it is critical to establish a common
language to avoid ambiguity and miscommunication that arise when domain-specific language is used within the
research community and terminology in policy and decision-making fields (Young et al., 2014).

4. Scope: Study design and sampling protocols

Ecological inference relies on robust study design, and statistical methods depend on representative sampling.
Similarly, Al algorithms require high-quality training data to minimise bias and generate reliable predictions. However,
obtaining sufficiently large, good quality samples for accurate inference and prediction are often constrained by
available resources. Controlling for external variables and documenting procedural changes, particularly in long-term
studies, ensures consistency and reliability across samples (Schweiger et al., 2016).

Achieving gold standard sampling protocols and study design in natural ecosystems is challenging due to
constraints on time, cost, accessibility, and rare species or population dispersion (Albert et al., 2010). Sampling
errors - non-detection, erroneous counts, selection bias, and observer bias - which are common in studies that
involve opportunistic sampling, can lead to biased data, estimates, inference, and predictions and ultimately ineffective
decision-making (Elphick, 2008). For example, Conn et al. (2017) showed a 40% bias in density estimates for a
population due to non-random sampling approaches. Adaptive study designs, which modify sampling protocols over
time, offer cost-effective solutions and improved performance but remain underutilised in ecological applications
(Henrys et al., 2024).

When the principles of sampling protocols cannot be met, acknowledging and accounting for resulting biases
and unavoidable stochasticity during analysis is critical (Conn et al., 2017). This facilitates understanding of how
sampling protocols influence analyses, which parameter estimates and algorithms are suitable for the chosen sampling
protocols, and where changes may be required to reduce potential bias. Retaining domain expertise through embedding
statisticians and Al data analysts in study design and analysis discussions with delivery partners and field ecologists
helps to identify data collection limitations and other viability constraints early so that they do not propagate forwards
through the remainder of the research cycle (Tiwari and Farag, 2025).

S. Collect: Data acquisition

Historically, ecological data were primarily collected through visual observations by trained ecologists, requiring
considerable time and strong taxonomic expertise. Over the past 30 years, data collection has increased substantially
in response to growing conservation needs (Tuia et al., 2022). This expansion has been driven in part by the emergence
of organised citizen science and community science initiatives, extending the spatial and temporal coverage of
observations. Simultaneously, advances in technology, with improved accessibility and reduced costs, have enabled
large-scale monitoring at higher spatial and temporal resolutions (D¢bicki et al., 2021), without the need for direct
human observation (Hartig et al., 2024). These data can be extracted from a wide range of sources, including imagery
(e.g. aerial and satellite data), audio recordings, radar, or DNA sequences (Besson et al., 2022).

Citizen science has an established body of research to understand and account for different types of reporting
bias and observation error arising from opportunistic recording (Johnston et al., 2020). In contrast, novel acquisition
approaches, particularly those obtained without explicit human guidance such as autonomous vehicles, new community
data or Al-derived outputs introduce new sources of bias and uncertainty (Buckland et al., 2023). These arise from
technical processes, such as PCR amplification errors in eDNA analyses or data artefacts from cloud masking in remote
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sensing. Furthermore, as datasets are increasingly reused beyond their original purpose, there is a growing need to
reconsider study design and ensure they are collected and stored appropriately for future use (Silva et al., 2023).

Addressing these challenges requires interdisciplinary collaboration to both identify the underlying causes of bias
and develop robust correction methods (Hartig et al., 2024). However, concerns have also been raised about both
targeted data collection and human bycatch (accidental capture of human data via technologies including camera
traps, drones, acoustic devices, and eDNA) (Sandbrook et al., 2021; Whitmore et al., 2023). Participatory and
technology-driven approaches offer substantial gains in scale, coverage, and efficiency; however, their successful
use depends on the development of methods capable of recognising and accounting for the biases and uncertainties
introduced by increasingly heterogeneous data sources.

6. Evaluate: Data processing

Al-enabled methods can extract ecologically meaningful metrics, such as species presence or abundance, from
large and complex datasets (Besson et al., 2022). Increasingly, autonomous vehicles, biologging devices, and other
automated data collection technologies integrate data acquisition with real-time analysis through approaches such as
edge computing. These advances require decisions about data processing and retention, often made at the point of
collection. This creates trade-offs where biologically important information may be lost if automated processing fails
to account for temporal changes in ecological signals. For example, detectors trained on historical data may degrade
in performance over time when a signal has changed characteristics, as demonstrated by blue whale (Balaenoptera
musculus) song frequencies declining over 60 years (Rice et al., 2022). Data processing and storage decisions are
also shaped by financial constraints and the environmental costs of computation, including carbon footprint, water
consumption, and land use (Krumm and Hoffman, 2020; Mytton, 2021).

The consequences of errors in fully automated systems can be substantial, particularly when outputs inform
conservation policy. For example, the automated processing of camera trap data may result in false negative or
misclassifications leading to erroneous conclusions about species absence, population trends, or behavioural change
(Collar, 1998). Without human oversight, periodic auditing, and transparent reporting of uncertainty, Al-driven data
processing systems are vulnerable to bias and the propagation of errors, potentially leading to incorrect conclusions
and impacting wildlife management in practice.

Ecological data management is context-dependent, and designing efficient, reproducible, and ethical data
processing pipelines requires transdisciplinary collaboration tailored to the research context. For relatively simple
datasets, such as observational behavioural data, a small team including an ethologist and statistician may suffice.
In contrast, processing multi-stream optical thermal infrared video and acoustic data from drones requires domain
expertise from computer scientists, mathematicians and engineers with image processing and audio classification
skills. Including ethicists into these teams is becoming increasingly important to ensure socially responsible Al
practices, identifying biases in training data and supporting principled modelling decisions (McGovern et al., 2022).

When considering data re-use, ethical issues around data sharing and privacy concerns need to be considered
so that contextually appropriate data are shared in a socially responsible manner (Carroll et al., 2021; Sandbrook
et al., 2021). Historically, data processing decisions were made on a project-specific basis, for example, researchers
collecting high-frequency acoustic data may store selected sound snippets, apply duty cycling, or retain summary
statistics generated onboard sensors (e.g., Todd et al. 2023). Data confidentiality or sensitivity when studying rare
or vulnerable species for conservation are examples where full datasets cannot typically be made publicly available,
although best practice guidance seeks to partially address these issues (Tulloch et al., 2018). The adoption of data
management frameworks such as the FAIR principles (Findable, Accessible, Interoperable, and Reusable; Wilkinson
et al. 2016) has supported the growth of global open science initiatives. Established repositories, such as GenBank
(Benson et al., 2013) and GBIF (Telenius, 2011), exemplify efforts internationally to maximise data usability and
facilitate future research. Complementary frameworks such as the CARE principles (Collective benefit, Authority to
control, Responsibility, Ethics) were developed for Indigenous Data Governance, recognising that responsible data
stewardship and use should align with cultural values and community interests (Carroll et al., 2021). Contemporary
ecological research increasingly relies on synthetic approaches, such as meta- and mega-analyses, which integrate
datasets across studies to address complex, questions (Eisenhauer, 2021). As a result, preserving data in formats that
enable reuse and scrutiny is critical, particularly as advances in generative Al increase the risk of producing plausible,
but fabricated, data (Taloni et al., 2023).
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7. Interpret: Modelling

The next step is drawing inferences about quantities of interest by fitting or training a process-based or empirical
model, (e.g., based on machine learning or statistical reasoning). The target of inference is typically model parameters
or predictions, although in some cases the model structure or functional form are also of interest (e.g. van der Vaart
et al. 2015). Capturing ecological processes within models is particularly important when extrapolating predictions to
novel conditions and interpreting parameters causally (Grace and Irvine, 2020). Successful examples of embedding
domain expertise into Al-driven ecological modelling include INQUIRE, which integrates ecologist-informed queries,
labelling strategies, and evaluation metrics for text-to-image retrieval benchmarks (Vendrow et al., 2024), and BioCLIP,
which incorporates the tree of life to inform model design in relation to the abundance and diversity of images (Stevens
et al., 2024).

While goodness-of-fit and predictive performance are commonly used metrics (Sequeira et al., 2018), a close fit
does not necessarily indicate a well-specified model when data are not representative of the underlying population
(Meng, 2022). Domain experts, whose knowledge extends beyond the sample, are better placed to assess whether
model outputs are ecologically plausible. For example, taxon experts have evaluated species distribution models based
on their ability to capture environmental preferences and predict suitable habitats (Beck et al., 2014).

Standardised training and evaluation datasets help computational researchers engage in model development,
improve benchmarking and comparison of models (Cole et al., 2023). Transparent benchmarks, such as ImageNet
(Russakovsky et al., 2015), have driven advances in Al methods. However, caution is required to ensure that
performance improvements on newly developed benchmarks align with measures of success defined by domain experts.
For example, ADML benchmarks, grounded in real-world applications and specific evaluation criteria, improve
interpretation by ensuring that model performance is assessed using ecologically meaningful measures rather than
generic metrics such as accuracy (Rolnick et al., 2025).

Statistical methods have benefitted from Al-driven advances in computational tools, such as large-scale
gradient-based learning on GPUs (Paszke et al., 2019). These developments enable complex deep learning approaches
that can jointly analyse multiple species and their interactions (Davis et al., 2023). Reinforcement learning, where
data-driven rules are used to develop hypotheses, has synergies with modelling based on ecological theory of
complex systems. Although these approaches are promising for prediction and understanding emergent properties,
incorporating social dimensions requires transdisciplinary collaboration, as this information is typically offline, and
may be harder to access at national and global scales (Han et al., 2023).

Uncertainty in deterministic or process-based models, such as those used in environmental monitoring, can be
communicated to policymakers through decision support approaches that integrate model outputs (Uusitalo et al.,
2015). However, propagating uncertainty through current Al models is challenging, as they often struggle to provide
well-calibrated uncertainty estimates (Wang, 2024). Statistical models are often interpretable by design, whereas many
Al models with millions of parameters are not. Improving transparency and interpretability of Al models is therefore
critical if they are to be used by decision-makers. Making predictions and potential biases from models understandable
to stakeholders is essential, requiring uncertainty propagation and development of explainable Al (XAI) approaches
(Arrieta et al., 2020).

8. Communicate: Communication of outputs

Effective communication requires integrating visualisation, uncertainty, and stakeholder engagement, forming
a critical pathway from research to decision-makers. Tailored outputs, such as interactive dashboards, support
co-creation, shared understanding, and policy evaluation (Raineri and Molinari, 2021). They are also increasingly
used by governments to present metrics and assess policy and intervention outcomes, e,g., the DEFRA Outcome
Indicator Framework, visualising a comprehensive set of indicators describing environmental change and the Scottish
Government Environment Strategy Monitoring Framework (Grainger et al., 2016). However, balancing visual appeal
with accuracy is crucial, and accessibility and inclusiveness must account for diverse user needs including disabilities
(Krause et al., 2024). Visualisation alone often struggles to represent uncertainty, especially in spatial data, highlighting
the need for complementary approaches. Storytelling, through infographics, or data comics, can be helpful in
establishing a narrative when communicating to a general audience.

Al offers opportunities to enhance communication through real-time updating, translation across audiences, and
customisation of outputs, supporting more responsive engagement. For example, generative Al has been integrated
into decision-support systems visualised using platforms such as PowerBI to evaluate research initiatives with the
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Sustainable Development Goals (da Silva Barros et al., 2024). However, Al has visualisation challenges, and clearly
conveying caveats, limitations, protocols, and data ‘frictions’, including how uncertainty is managed, helps build trust
and accountability, particularly when outputs are synthesised from multiple sources (Panagiotidou et al., 2022).

9. Discussion

The RED Framework integrates science-policy interfaces, disciplinary expertise, stakeholder perspectives, and
responsible Al within a single operational approach to align the requirements of research and policy for evidence-based
decision-making. It highlights that the successful integration of Al into ecological research depends on how it is
embedded and used within the research process rather than on the technology itself. Al is most effective as an
amplifier of well-designed, domain-informed research, and does not replace the need for human decision-making.
Its effectiveness depends on being embedded within transdisciplinary research where socially responsible Al can
accelerate parts of the research cycle and its assumptions, limitations and outputs can be interrogated by domain
experts and align with stakeholder needs.

Domain expertise is fundamental to co-creation and problem definition. They foster shared understanding of
scientific questions, instill trust and open dialogue among stakeholders, and help navigate differing priorities so can
provide a forum to address hesitation in embedding Al. Study design requires domain expertise to ensure valid,
unbiased and decision-relevant outcomes. Rapid advances in novel data collection technologies generate vast datasets,
allowing monitoring to be scaled, but methods are required to account for complex data and biases. Al can be used for
efficient data processing where Al-human synergy supports decisions for data retention and reuse. We emphasise
that AI methods do not replace statistical inference but rather extend the analytical toolbox because ecological
insights depend on integrating these approaches, particularly for quantifying and communicating uncertainty. Although
Al methods can identify patterns at scale, their outputs remain sensitive to training data, model assumptions, and
extrapolation beyond observed conditions, requiring domain expertise to assess ecological plausibility.

Here, we identify four key implementation pathways that will allow take-up of the opportunities the RED
Framework creates and address the current barriers that we have highlighted: research and technology, communication
and policy alignment, culture and people, and assets and infrastructure (Figure 2).

10. Establishing implementation pathways

10.1. Research and technology

As models grow more complex to accommodate diverse data-generating processes and derived quantities, robust
evaluation methods are essential to address issues like parameter identifiability, overfitting, and model robustness. To
support informed decision-making, insights from systematic reviews, meta-analyses, and expert elicitation should be
leveraged to strengthen the evidence base.

XAI provides a mechanism for connecting model outputs to ecological interpretation. XAl aims to make
machine learning models transparent, interpretable, and accountable by providing explanations for their predictions or
behaviours (Arrieta et al., 2020). However, the utility of XAI depends on whether these explanations are meaningful
within an ecological context and comparable to the interpretation of established statistical approaches. New approaches
and technologies for monitoring increase the likelihood of biased data relevant to the population and so simple
approaches, such as risk-of-bias software ROBITT (Boyd et al., 2022), are needed to identify when bias may
significantly affect analysis and alert researchers to potential pitfalls.

10.2. Communication and policy alignment

The EU AI Act 2024 sets out regulation on Al, providing opportunities for scientists and policymakers to work
together to address risks and challenges associated with Al, and develop socially responsible working, transparency,
and reproducibility. Operationalising these principles within the RED Framework, such as developing standardised
documentation of model assumptions, uncertainty reporting, and explainability requirements, are critical for building
trust in Al-enabled systems. The research community must consider ways to quantify uncertainty, distinguish between
aleatoric and epistemic sources, and convey this information in a clear, audience-appropriate manner.

10.3. Culture and people
Embedding AI throughout the research cycle requires human skills to be addressed as well as improved
technological advances (Royal Statistical Society, 2026). Key barriers arising from Al include the pace of technological
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Figure 2: Implementation pathways to support the Research-to-Decision (RED) Framework in ecological research. Four
complementary pathways help overcome barriers that currently exist. Together, key advances in research and technology,
communication and policy alignment, culture and people, and assets and infrastructure will align evidence generation with
decision-making.

development, unequal access to data and storage, ethical considerations, and interpretation and communication issues
(Kendall-Bar et al., 2026). Integrated research is commonplace in large-scale areas such as environment and climate
science (Tress et al., 2005; Vienni-Baptista et al., 2023), yet transdisciplinary approaches that bridge policy, research,
and stakeholders, are rarely fully undertaken in practice within research settings (Pohl, 2008). This implementation gap
highlights the need for institutional structures, career pathways, and training programmes that support transdisciplinary
research.

Bridge scientists are vital for overcoming discipline-specific language and misconceptions of different techniques
and theories, as they have strong metacognitive skills that facilitate collaboration across domains and disciplines
(Vienni-Baptista et al., 2023). Research cultures must reward cross-disciplinary careers, provide clear pathways, and
offer training that builds capacity beyond disciplinary silos (Cobbold et al., 2024). Application-led teaching that
introduces scientists to real-world data and full project lifecycles lay the foundation for transdisciplinary environments
(Rolnick et al., 2025). Effective transdisciplinary research requires dedicated time, space, and funding to build
relationships, support inclusive dialogue, and ensure continuity despite staff turnover. Long-term impact relies on
retaining knowledge across both scientific and stakeholder communities (Vienni-Baptista et al., 2023).

The expansion of Al-enabled ecological data collection raises ethical and social concerns (e.g., (Jackman et al.,
2023) that data collection could drift into surveillance, with potentially serious impacts for privacy, safety, and data
security (Sandbrook et al., 2021). These impacts could exacerbate existing power imbalances, a particular concern
given the oppression and exclusion that has accompanied some biodiversity conservation practices both historically
and today (Chaudhury and Colla, 2021). As Al becomes more effective, socially responsible practices are essential
(McCrea et al., 2024). These seek to solve technical and societal challenges while embedding values within wider
principles of fairness and justice, transparency, reliability and safety, privacy and security, and beneficence, recognising
that tensions between these values will vary by context and technology (Cheng and Liu, 2023).
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Data-centric FAIR principles promote data sharing and interoperability (Carroll et al., 2022) but do not address
historical inequities or power imbalances. CARE principles address these limitations through incorporating cultural
values into data use, and combining FAIR and CARE, such as the Nga Tikanga Paihere framework, can support more
equitable, socially responsible Al by addressing both technical and ethical dimensions of data reuse (Han et al., 2023).

10.4. Assets and infrastructure

The large volume of data that are now being generated creates challenges for data storage and retention, leading
to practical logistical issues and increasing demand for cloud storage and data sharing across (multi-national) teams.
Further, identifying when raw data holds long-term value for future use is critical and depends on research questions
and scale. Minimising information loss during transformation to derived metrics requires better tools and guidance,
and results should be reproducible.

Adopting green coding practices and developing energy-efficient methods can help reduce water and energy
consumption of data storage and high-performance computing (Guthrie, 2024). Collaborative environments such as
accessible cloud-based environments should be developed for sharing and executing analyses. Substantial scientific
insight has been gained from the contributions of volunteer scientists, and this type of engagement enables the training
of automated techniques using Al methodology.

11. Conclusion

Addressing modern environmental and ecological challenges requires more than innovative technical advances.
The RED Framework addresses the different demands of research and policy by aligning evidence generation and
decision-making within a single operational approach. The framework achieves this by embedding responsible
Al heterogeneously across the ecological research cycle and integrating domain expertise and stakeholder
engagement throughout. Co-creating with policymakers at the inception stage helps to align research timelines
with decision-making needs, so that evidence is available when it is required rather than after key decisions have been
made. Supporting rigorous science for evidence-informed decision-making requires Al tools to be developed and
implemented equitably within the ecological community, alongside socially responsible practices that minimise bias,
prevent incorrect inference, and incorporate diverse perspectives (Reynolds et al., 2025a). This includes the ability to
propagate uncertainty through the research cycle so that decision-makers can understand the strengths and limitations
of the evidence they are using. Making data, models, and assumptions transparent further strengthens accountability,
ensuring that outputs can be scrutinised and trusted in policy contexts.

Therefore, a cultural shift is required by the scientific community to embed this ethos. Funding bodies have
a role in enabling knowledge retention and career satisfaction for researchers, whilst governments should engage
with researchers to ensure policy integration is embedded within research planning (OECD, 2023). However, there
is an equally important obligation for researchers to engage with aspects that fall outside of traditional metrics of
research success. There is also a recognised need for sustained investment in constructing viable career paths and
support at an institutional level (Cobbold et al., 2024; Rolnick et al., 2025). By providing a practical route from
research to decision-making, the RED Framework offers a pathway for strengthening evidence-based conservation
and environmental management in an increasingly data-rich world. Environmental and ecological challenges will
accelerate, becoming substantially more difficult to solve, and it is essential that we embrace transdisciplinary
approaches, integrating Al responsibly into domain expertise, to tackle these challenges and facilitate the best possible
conservation outcomes.
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Artificial Intelligence (AI) Computer-based methods that perform tasks (e.g. analysing images
or audio for events of interest, language understanding, or general reasoning) that previously
required human intelligence.

Explainable AI (XAI) Refers to a set of Al methods and techniques that enable human users to
comprehend and interpret the output of Al systems.

Statistical inference The process of inferring the population properties of some variable(s) of
interest using information in the sample. Inference is sometimes divided into causal (concerned
with the effect of explanatory variables on a response), descriptive (the estimation of some
parameter describing the variable of interest in the population) and predictive (i.e. estimating
the values of the variable of interest where/when data are not available).

Interdisciplinarity Research/work practice that attempts to integrate knowledge and skills from
several disciplines.

Machine Learning (ML) refers to a set of Al methods that learn from data to predict outcomes.
Model A mathematical description or algorithm that is designed to represent a system.
Sample The subset of observation units in the population for which data are available.

Sample representativeness In a representative sample, the distribution of the variable of
interest mirrors its population distribution in expectation (i.e. on average over an infinite
number of possible samples collected in the same way). It is impossible to verify this theoretical
assumption in practice, so representativeness is sometimes defined in terms of key covariates,
which are measured for all population units, rather than the variable of interest (i.e. the
response).

Stakeholders The set of individuals, organisations, and other groups that have a vested interest
in the success of a project. This can encompass private individuals, local communities,
businesses, government, among other parties.

Statistical population The set of all observation units of interest. Observation units might be,
say, sites in a landscape or species in a taxon group.

Transdisciplinary Research/work practice that builds a conceptual framework transcending the
narrow scope of disciplinary worldviews and involving in the process of knowledge production
those stakeholders affected by or interested in the issue of concern (Bracken et al., 2015; Vienni-
Baptista et al., 2023).

Figure 3: Glossary of Terms
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