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1.Introduction

This document aims to support CGIAR researchers and their partners by providing
guidance, recommendations and resources on ethical considerations in using artificial
intelligence (AI) in food, land and water systems (FLWS) research and practice with
attention to equity and inclusion dimensions. This toolkit complements the GENDER Impact
Platform Ethics and Standards Toolkit and aligns with CGIAR’s core ethical values outlined in
the CGIAR Ethics Framework and the CGIAR Research Ethics Code.

In response to the rapid development and adoption of emerging Al technologies, the
toolkit presents key issues and practical recommendations for researchers to consider
across the research cycle, drawing on a comprehensive literature review and interviews
with experts in Al ethics and social inclusion (see Appendix 2 for a detailed methodology).

Al systems, as used in this context, refer to technologies that mimic aspects of human
cognition and behavior—interpreting real-world data, generating predictions, and
adapting through continuous learning (Benefo et al. 2022; Fu 2022; Manning et al. 2022).
(See also our glossary in Appendix 1.) These systems are increasingly central to a suite of
Al and agricultural technologies poised to transform FLWS research: not only in how we
conduct research and generate insights, but also in how we define best practice for
gender-related research and understand the downstream impacts of our research
outputs.

CGIAR and its partners steward some of the most valuable datasets available for training
Al systems that respond to the needs of rural communities in the global South. This gives
FLWS researchers a critical role in shaping how Al is used—and for whose benefit. Despite
the growing promise of Al and an expanding body of ethics literature, however, practical
guidance specific to FLWS research remains limited. Where ethical frameworks do exist,
they are often too abstract, overgeneralized, or insufficiently responsive to the situated
needs and constraints of researchers and communities working in FLWS contexts (Box 1).

Box 1. The limitations of Al ethics

Despite the development of over 50 ethics guidelines published by policy bodies,
research institutes and private companies, and the identification of more than 80
general Al-related ethical principles (Munn 2023), several persistent challenges hinder
meaningful implementation:

e Lack of consensus on key terms and societal benefit: Concepts like fairness,
accountability, and societal good lack universal definitions, varying by cultural
context and problem-framing (Cha et al. 2024; Fu 2022; Munn 2023). This
ambiguity allows some companies to practice ethics-washing—appearing to
follow ethics guidelines without making substantive changes to their practices
(Munn 2023).
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o Limited research focus: Al ethics often overlook guidelines that sectors like
gender, agriculture, and the global South need, leaving these areas under-
regulated (Gonzalez and Rampino 2024). Agriculture, in particular, has largely
escaped public scrutiny, limiting advocacy and accountability (Bronson and
Sengers 2022).

e Lack of measurable outcomes: The proliferation of Al ethical principles without
corresponding evaluation frameworks makes it difficult to assess the principles’
real-world impact. Downstream harms are often unpredictable, and without
standardized tools, it remains unclear whether these ethical challenges are
unique to agriculture or indicative of broader cross-sectoral issues (Gonzalez and
Rampino 2024; Manasi 2024).

o Ethics as an afterthought: In Al tool development, ethical considerations are
typically addressed late in the pipeline, after technologies are already built. For
FLWS researchers relying on these tools, this means inheriting ethical blind spots
and contending with reactive, patchwork solutions that emerge only when
problems arise (Munn 2023; Ruttkamp-Bloem 2023).

o Ethics fatigue in AI development: As bespoke Al tools for FLWS research are
developed, ethical considerations often fail to integrate seamlessly into the
innovation pipeline, instead being treated as external requirements that
interrupt core technical workflows. This misalignment can lead to frustration
among engineers, who may view ethical evaluations as burdensome compliance
tasks rather than integral to achieving impactful outcomes. Unlike the broader
concerns of fairness or societal benefit, ethics fatigue stems from the perception
that guidelines are disconnected from tangible results or the immediate goals of
technological innovation. Experts in Al ethics and social inclusion observe that,
without clearer integration into workflows or tools that demonstrate their value,
ethical practices risk being reduced to a superficial exercise, limiting their
effectiveness and undermining their credibility within development teams.

e Theory-practice gap: There is a disconnect between normative ethics—abstract
principles derived from various philosophical frameworks—and applied ethics,
which focuses on how research and development actors implement ethical
practices. Overarching ethical principles often fail to translate effectively across
different groups, stakeholders, or even within design teams, especially when it
comes to the practical task of incorporating them into tangible features,
interfaces and systems (Munn 2023; Sanderson et al. 2023).

o Expectation-reality gap: The hype surrounding Al creates unrealistic
expectations about its capabilities, reinforcing a gap between technological
promises and practical outcomes (Birhane et al. 2022; Kochupillai et al. 2022;
Prabhakar and Prakash 2023). Narratives of radical innovation are often driven by
developers seeking to avoid regulation and maintain control over technological
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progress (Birhane et al. 2022; Munn 2023; Ruttkamp-Bloem 2023). Hype may
encourage premature deployment of undertested tools, leading researchers to
overpromise, or apply Al in contexts where it is inappropriate. Alternatively, fear
of failure or reputational risk may lead to disengagement or inaction (Fu 2022;
Okaibedi Eke et al. 2022; Wakunuma and Eke 2024). Both responses compromise
responsible research practice and highlight the need for critical evaluation by
FLWS researchers.

e Environmental impact: The energy-intensive nature of training and deploying
AI models can have significant environmental consequences, contradicting
sustainability goals common in FLWS (Li et al. 2023). For instance, Al-driven
global supply-chain monitoring systems require substantial computational
power, increasing the carbon footprint of interventions designed to reduce food
loss and waste (Ryan et al. 2023). Moreover, the environmental costs extend
beyond carbon emissions: the production and deployment of Al systems rely on
resource extraction, energy consumption, and infrastructural expansion that
disproportionately burden communities in the global South and perpetuate
historical patterns of environmental injustice (Muldoon and Wu 2023). These
impacts are rarely considered in assessments of relative benefits versus harms
when research using Al is designed.

To guide our ethical approach, we draw from feminist perspectives on Al—approaches
that do not view Al systems as neutral technical artefacts, but as sociotechnical constructs
produced through intersecting systems of power, including gender, race, class and
geography (Ricaurte 2024). This framing highlights two key commitments: first, that Al is
grounded in human limitations—social, economic and environmental conditions that
influence both the design and use of technology; and second, that Al systems are
embedded within iterative cycles of FLWS research, development, deployment and
evaluation, where researchers’ ethical responsibilities emerge through engagement,
reflexivity and care, rather than from static rules or abstract principles (D'Ignazio and
Klein 2020).

Drawing on these commitments, we argue that for FLWS researchers, ethical
responsibilities extend beyond traditional human-subjects research. Responsible Al in this
context requires us to recognize that FLWS researchers are positioned within, and
contribute to, decisions across the Al life cycle. We therefore define Al research to include
how researchers:

o Frame research problems and design studies through the use of Al-driven
diagnostic tools and predictive models.

e Collect and curate data via automated sensors, remote sensing, and behavioral
monitoring, often producing training data that directly shapes Al systems.
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e Analyze and interpret findings using machine learning and big data analytics,
while also scrutinizing the accuracy, ethics and inclusiveness of these systems.

o Deploy, test and scale AI-powered applications such as advisory platforms and
decision-support tools for farmers, policymakers and other end users, engaging
with their efficacy, risks and distributional impacts (research about Al).

In this framing, “Al research” is not a bounded activity but a set of interconnected
practices through which FLWS researchers both make use of Al and generate knowledge
that feeds back into Al development, governance, and evaluation.

While many ethical responsibilities in research align with established research ethics
frameworks, Al raises new and urgent questions that demand broader, more reflexive
approaches. This toolkit is, therefore, designed not only to support general ethical
research conduct, but also to help researchers engage more critically and proactively with
Al-enabled tools as they intersect with research practice—ensuring that our work
advances equity, inclusion and accountability across the research cycle. While the
application of AL in FLWS research is still an emerging space, we draw on illustrative
examples where possible to ground abstract principles in concrete practices and support
their integration into real-world research contexts.

The inclusion of women, youth, and populations we seek to support through greater social
inclusion is essential to ensuring that Al serves rather than harms the communities we
work with (Chassin et al. 2022; UNESCO 2020; West and Kraut 2019). To be ethical in this
space requires more than procedural compliance; it demands that researchers recognize
their role in shaping Al's trajectory and take responsibility for its real-world implications.
This toolkit offers a flexible, reflexive resource to support that effort.

Our collected recommendations are given in a checklist form in Appendix 3.
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2.Research design

As in any FLWS research study, broadly defined, there must be a clear understanding of
whether the use of technology such as Al is appropriate or necessary, particularly in
contexts where populations such as women and ethnic minorities are at risk of being
treated unfairly or subjected to bias (Fu 2022) during research processes or engaging with
Al tools. While Al and data technologies hold immense potential to hold power to account,
they can just as easily reinforce existing power structures. Data intended as a tool for
equity can become a resource used by incumbent actors to sustain the unsustainable,
advancing their positions at the expense of the vulnerable (Ghosh 2024).

Before turning to complex Al implementations, cost-effective and context-appropriate
solutions should be considered when they can effectively address the challenges at hand.
As Ryan (2024) emphasizes, the idea of technological progress is not inevitable or neutral,
but socially and historically constructed, and we should be critical about when and how Al
is used. Overreliance on Al risks overcomplicating problems that could be more effectively
addressed through community-driven practices or low-tech innovations. Attempts to
correct algorithmic inequities by introducing more technical solutions—such as increased
surveillance or monitoring—may instead exacerbate the very issues they aim to resolve,
deepening mistrust and perpetuating existing imbalances (Katell et al. 2020). Instead,
ethical frameworks must shift the focus from what technology can do to what it should do,
prioritizing values and societal needs over unchecked innovation (Hagerty and Rubinov
2019).

2.1 Recommendations for research design

¢ Justify the use of Al
Clearly articulate how Al contributes to your research objectives, and whether it
adds significant value beyond the current expertise of a researcher. Avoid including
Al merely for novelty, funding appeal or societal/peer expectation of its use, and be
explicit about its value—especially for marginalized communities.

¢ Evaluate necessity before complexity.
Consider whether simpler, context-appropriate, or community-driven methods
could better meet your goals. Avoid defaulting to Al when low-tech or participatory
solutions may be more effective.

e Interrogate problem framing.
Ask who is defining the problem and who stands to benefit from the solution.
Ensure your research design does not reinforce dominant narratives or sideline
local knowledge systems.

¢ Anticipate power dynamics.
Be aware that Al can entrench existing inequalities, even when intended to
promote equity. Design research to challenge—not replicate—unjust structures of
authority and access.
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¢ Apply ethical scrutiny to prototypes.
Avoid deploying untested or low-quality Al tools without adequate safeguards.
Poorly governed Al (e.g., chatbots, Al decision-support systems) can erode trust,
mislead participants, and compromise institutional credibility.

o Shift from can? to should?.
Ground Al use in ethical reflection and societal relevance. Ask not just what Al is
capable of, but what aligns with the values and long-term well-being of the
communities involved.

2.2 Ethical principles and frameworks

A common pitfall in research that uses Al is the lack of attention to social inclusion and
ethics considerations from the very beginning, which many private-sector actors view as
economically unviable. Financial constraints in start-ups further hinder early engagement
with target communities, creating inconsistencies between stated values and actual
implementation (Ryan et al. 2023). Experts in Al ethics and social inclusion note that these
concerns are typically only addressed after failed onboarding attempts or limited impact
among certain users.

An intersectional lens to Al ethics recognizes how overlapping identities—such as gender,
race, and socioeconomic status—shape experiences of privilege and oppression. Rooted in
feminist theory and articulated by D'Ignazio and Klein (2020) in Data Feminism, this
perspective emphasizes that data is never neutral; it reflects the biases and power
structures present throughout all phases of development and use. For example, Al tools
are often developed and framed within an ethnocentric paradigm that frames dominant
Western norms and values as universal (Roche 2021). Similarly, ethical frameworks are
predominantly shaped by Western ideals of what is constituted as legitimate, good and
right. This orientation tends to marginalize alternative cultural perspectives on what may
count as ethical within specific contexts, thereby constraining opportunities and excluding
diverse ways of understanding ethics (Chassin et al. 2022; Manning et al. 2022).

This tension is illustrated in Fairbairn’s (2023) critique of data aggregation in open science.
In efforts to “set data free,” Indigenous Peoples’ knowledge is often decontextualized and
abstracted to fit standardized formats. This erasure of cultural specificity diminishes the
meaning embedded in relationships to land, kinship and community. For many
Indigenous Peoples’ communities, knowledge is not a static resource to be extracted, but
a relational process rooted in place and obligation. When Al systems are trained with
aggregated data stripped of this context, they risk reinforcing colonial logic and
perpetuating epistemic harm.
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Addressing these challenges requires a comprehensive intersectional feminist approach
to Al ethics, which we suggest can be guided by four key principles derived from D’Ignazio
and Klein (2020):

Conceptual principles for integrating social inclusion in research that uses Al

1. Challenging power dynamics: Structural and disciplinary limitations in studies
involving Al often manifest in how research problems are framed, leading to the
neglect of certain communities and their exclusion from the potential benefits of Al-
supported research. Challenging power dynamics involves working with
representatives of those communities and activists to ensure that marginalized
perspectives are recognized and validated (Ruttkamp-Bloem 2023).

2. Embracing pluralism: An intersectional feminist approach must reject the imposition
of dominant worldviews and instead focus on what it means to coexist equitably with
others. This involves respecting diverse perspectives and ensuring that multiple voices
with diverse perspectives, positions and goals may together inform the design and
implementation of Al systems (Roche 2021). For example, integrating non-Western
philosophies like Ubuntu— which emphasizes interconnectedness, solidarity and
mutual respect—can enrich and broaden the ethical foundation for Al development
(Gwagwa et al. 2022; Wakunuma and Eke 2024).

3. Contextualizing biases: What is often described as “missing” or “inaccurate” data is,
in many cases, the result of systematic exclusion rooted in unequal social relations.
Marginalized communities are frequently left out of data-collection not by oversight,
but by design. Retroactively auditing or correcting these omissions through technical
fixes is not enough. Ethical Al research must address the structural conditions that
produce exclusion in the first place—requiring a normative and cultural shift in how
research questions are framed, whose knowledge is valued, and how inclusivity is built
into the design process from the outset (Suresh et al. 2022).

4. Rethinking binaries and hierarchies: Data feminism recognizes the interdependence
of struggles and the need for solidarity across different identities and movements—
freedom for one group is inextricably tied to freedom for all, requiring a radical
reimagining of relationships, structures and priorities to achieve equitable outcomes;
for example, challenging gender binary and other forms of oppressive classification
(Suresh et al. 2022).

Depending on the research context and questions, applying each principle in isolation
may lead to conflicting imperatives. For example, embracing pluralism suggests that
amplifying local perspectives is critical—but not at the expense of tolerating practices that
perpetuate oppression or harm. In high-stakes situations that demand immediate action,
deliberative processes should not delay meeting urgent needs. In such cases, researchers
must carefully balance the application of the four principles to ensure that action and
ethical commitments are aligned.
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When collecting data to inform research design, there need not be trade-offs between
inclusion, responsiveness and scientific rigor—in fact, they can be mutually reinforcing.
Participatory approaches such as living labs and farmer field trials allow researchers to co-
define research priorities with farmers and gather data under real-world conditions. These
methods help align Al innovation with the lived realities of end users by generating high-
resolution, context-rich data that reflects diverse agricultural practices. In doing so, they
meet farmers’ immediate needs while also supporting the development of more
adaptable, trustworthy, and relevant Al tools—grounding technological advancement in
practical use (Gardezi et al. 2024).

To implement these principles, researchers can draw on a number of established
frameworks that offer actionable approaches grounded in real-world applications. While
many were originally developed to guide the design and development of Al tools—
particularly in participatory and justice-oriented settings—their emphasis on engagement,
reflexivity, care and contextual sensitivity also makes them valuable for researchers using
Al in data-collection, analysis or evaluation. These frameworks help translate ethical
principles into concrete research practices that shape outcomes, particularly when
working with marginalized communities or in complex field settings.

Recognizing the power dynamics behind how problems are defined is critical for avoiding
Al systems that reinforce the interests of dominant groups. Contextualizing historical,
social and cultural inequities enables more-inclusive solutions that address the root
causes of inequality rather than surface-level symptoms (Birhane et al. 2022; Fu 2022). In
agricultural extension, for example, Al tools such as recommendation engines or
diagnostic apps are often designed to support extension workers as trusted
intermediaries. However, when these tools obscure how recommendations are generated
or limit farmers’ access to the underlying data, they can reinforce information
asymmetries—centralizing the authority of extension staff and reducing farmers’ agency
to question or adapt the advice. Designing systems that support transparency,
explainability and co-interpretation can help rebalance these dynamics and incorporate a
broader range of perspectives (Leshed et al. 2018).

Al can strengthen agricultural decision-making by integrating localized knowledge,
particularly the perspectives of women farmers. Women's perceptions of issues like pest
impact or crop health are shaped by resource constraints that differ significantly from
those of men farmers, who often have better access to inputs and technologies (Foster
et al. 2023; Gwagwa et al. 2021).
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Box 2. Inclusive ethical frameworks

These ethical frameworks offer methods for research design and assessment that can be, or were designed to, apply to Al

research or development.

Ethical, Legal and Social Aspects (ELSA)
framework

Suited to upstream or exploratory research

The ELSA framework was originally
developed to support research into the
development and deployment of emerging
technologies, helping researchers assess
the ethical, legal and social dimensions of
innovation. While not specific to Al it offers
structured methods—such as scenario
planning, stakeholder consultations, and
normative deliberation—that can be applied
to Al-supported research processes in FLWS
contexts. ELSA is particularly useful for
finding concerns related to sustainability,
inclusion and accountability. Recent
adaptations include question sets to help
researchers navigate competing ethical
considerations and anticipate downstream
consequences (van Hilten et al. 2025). By
embedding ethics throughout the
development process, ELSA fosters
transparency, promotes equitable
outcomes, and helps researchers align Al
tools with the values and priorities of local
communities.

Algorithmic Equity Toolkit
Suited to auditing deployed tools

The Algorithmic Equity Toolkit provides
a structured and pragmatic method for
auditing and interrogating existing Al
tools. It is especially useful for
researchers seeking to ensure that
data practices, model interpretation,
and evidence use do not reproduce
existing power imbalances. The toolkit
includes tools such as bias audits,
equity-oriented checklists, and
participatory consultations that can be
applied throughout the research life
cycle. The toolkit also emphasizes the
importance of ensuring underserved
communities benefit equitably from Al
advancements, fostering trust and
expanding adoption in those
communities. This framework shows
how ethics can be operationalized to
directly address disparities and
improve inclusivity in agricultural Al
systems.

Multidimensional Digital
Inclusiveness Index (MDII)
framework

Suited to participatory, field-based
work with farmers

Originally developed to support co-
creation of digital tools, the MDII
framework also offers a participatory
approach to Al research. It emphasizes
inclusive, iterative research design
through structured engagement with
farmers, researchers and other
stakeholders. This enables ethical
challenges—such as unequal access to
digital tools or differing data-literacy
levels—to be found early and
addressed collaboratively. In research
contexts, MDII offers a roadmap for
adapting study design in response to
stakeholder feedback and for
promoting gender sensitivity and
contextual relevance across project
phases (Martins et al. 2024).
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Recommendations about ethical principles and frameworks

e Embed ethical principles from the start.
Apply the four principles of Data Feminism—challenge power dynamics, embrace
pluralism, contextualize biases, and rethink binaries and hierarchies—throughout your
research process. Where trade-offs arise, be transparent and assess whether the
benefits justify the risks.

e Choose context-appropriate ethical frameworks.
Match the framework to the use case (see Box 2)

o use ELSA for upstream or exploratory research
o apply the Algorithmic Equity Toolkit for auditing deployed tools
o select MDII for participatory, field-based work with farmers

e Use inclusive, participatory methods.
Implement principles through stakeholder workshops, bias audits, co-design
processes, or community validation. These methods are effective even in low-
resource environments and help democratize decision-making.

e Engage trusted local partners.
Work with organizations embedded in the community to ground your engagement
in local norms, values and needs. This encourages more relevant and respectful
interactions with participants (see the section on Research partnerships,
recruitment and training).

¢ Define ethical exit strategies.
Establish ex ante decision rules for halting research or deployment if ethical
standards are breached. These should apply to researchers, NGOs, and private-
sector actors alike—and be made transparent to all stakeholders before research
begins.

2.3 Research partnerships, recruitment and training

Ethical Al development requires interdisciplinary collaboration and partnerships across
technical, social and policy domains to balance diverse perspectives and account for
disciplinary nuances. However, Al development teams often lack diversity due to structural
inequalities—such as gender biases in recruitment; unequal access to science, technology,
engineering and mathematics education; and persistent workplace discrimination—which
limit the inclusion of women and other marginalized groups (Manasi 2024). This lack of
representation narrows the range of perspectives that inform critical decisions, such as
which data sources are deemed valid, what use cases are prioritized and how outputs are
communicated. For instance, if training data reflects only dominant farming models,
smallholder practices or gender-specific agricultural roles may be overlooked entirely.
Similarly, the design of decision-support tools without input from women farmers can
result in features that fail to account for their specific labor constraints or information
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needs (Kronqvist and Rousi 2023). These omissions are not simply oversights—they are
outcomes of structural barriers that exclude women from shaping Al systems. Prioritizing
partners with diverse and transdisciplinary backgrounds is therefore essential, both to
counter bias in technical design and to ensure that Al applications in FLWS are responsive
to the realities of all users.

Given CGIAR's commitment to the production of global public goods, partnerships with
private-sector and for-profit actors must be carefully considered to avoid conflicts of
interest and minimize potential harms. Powerful actors often extract data from less
powerful groups, modifying previously private spaces and times into monetized and
privatized terrains of exchange (Mann and Iazzolino 2021). This process includes the
privatization of Indigenous Peoples’ knowledge, where valuable cultural insights and
practices are appropriated and commercialized without fair compensation (Foster et al.
2023). By making these dynamics visible, markets can speculate on real-time data,
enabling financial actors to trade and bet based on their informational advantage. This
further entangles farmers’ actions with market fluctuations, increasing their exposure to
external economic forces (Bronson and Sengers 2022).

Proprietary Al tools also risk monopolizing sectors by limiting competition and restricting
customization for specific or emerging use cases. Technical lock-ins for tools reinforce
brand loyalty by restricting interoperability, forcing users into closed ecosystems that
prioritize dominant narratives and marginalize alternative knowledge systems and
innovations (Forney and Dwiartama 2022; Zheleva et al. 2017) For example, an Al-powered
logistics system requiring proprietary data formats may exclude smaller, independent
actors from adapting the technology to local needs. Researchers must ensure that all
partnerships adhere to CGIAR ethical standards, and that interoperability is preserved
consistent with the CGIAR Open and FAIR Data Assets Policy.

Recruiting diverse research teams can also be challenging because researchers in
traditional institutions often lack technical expertise to design Al-driven interventions or
collaborate effectively with engineers. This skills gap limits their ability to influence Al
systems’ design and critically engage with emerging technologies (Torero 2021). Al-
literacy initiatives can equip both researchers and developers with the tools to engage
critically with AL, communicate more effectively, build trust-based relationships, and
promote collaboration by demystifying complex Al systems (Long and Magerko 2020). For
instance, tailored training programs could focus on practical skills like understanding Al-
driven recommendations, identifying biases and navigating consent frameworks,
encouraging diverse user groups to meaningfully participate in the design and use of Al
tools (D'Ignazio 2022). Providers such as SheAl and the Inclusive Al Lab offer both free
and paid training courses on a range of Al topics.

While guiding principles, research ethics committees and institutional review boards play
a crucial role in enforcing standards, researchers must also integrate critical and reflexive
practices into their work, understanding integrity not just as individual conduct, but as a
commitment to designing research that is accountable to those it affects. Tools like the
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Ethics Pathways activity (Cha et al. 2024) allow researchers and developers to reflect on

their own biases, making them more sensitive to value conflicts, and thus better able to
measure and interpret where Al solutions do not align with participants’ lived realities.
Researchers should actively interrogate and address biases and inequities within their
work, viewing themselves as actors within systems of power.

Research teams should model or “prefigure” the societal changes they aim to achieve,
practicing inclusivity and equitable labor distribution within their own groups. These
actions demonstrate the desired societal transformation in the present, rather than
waiting for large-scale structural reform (D'Ignazio and Klein 2020; Suresh et al. 2022).

Recommendations about interdisciplinary collaboration and partnerships

Embed equity in partner selection.

Include diversity, inclusion and capacity-exchange criteria in calls for proposals.
Prioritize collaborations with national agricultural research and extension systems
and local actors, and ensure clearly defined roles for all team members, including
early-career researchers.

Assess private-sector partnerships for conflicts of interest.

Review partnerships with for-profit actors to ensure data ownership, usage rights,
and benefit-sharing align with CGIAR’s Open and FAIR Data policy and broader
ethical commitments.

Support mutual capacity building.

Ensure social scientists are equipped to engage with Al technologies, and that Al
developers receive training in gender, ethics and inclusion. Cross-disciplinary
literacy is essential for collaboration.

Invest in targeted training.

Use providers such as SheAl and the Inclusive Al Lab to offer technical or gender-
focused training. Refer to curated training resources at CGIAR Gender Equality and
Inclusion to build inclusive skill sets across teams.

Encourage critical self-reflection.

Use tools like the Ethics Pathways activity to examine how researcher positionality,
assumptions and values influence design decisions. Make reflexivity a routine part
of ethical engagement.

Model the values you aim to advance.

Structure research teams to reflect the equitable outcomes your project seeks.
Practice inclusive labor distribution and shared decision-making within your team—
prefiguring systemic change.
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3. Data collection

3.1 Informed consent and explainability

Explainability remains a cornerstone of ethical research involving AL. However, the
complexity and opacity of many Al models—especially deep-learning systems—pose
significant challenges to transparent communication. While researchers may understand
these systems mathematically, this knowledge often does not translate to participants,
particularly farmers and other community members with limited access to technical
education (Girmay and Felix 2025; Sanderson et al. 2023). This gap undermines the
informed-consent process in research studies, particularly in two scenarios:

o Intervention studies that evaluate the effects of Al-driven tools—such as weather
forecasts, market price alerts, or advisory platforms—on farmer behavior or decision-
making. In such cases, participants may feel compelled to use the Al tool because it is
framed as a beneficial service, even if they do not fully understand how it works or the
risks involved.

o Data-focused studies that collect information—such as farm practices, yields or voice
recordings—to train or fine-tune Al models. Here, the long-term implications of
contributing data may be unclear to participants, especially when data is reused across
contexts or incorporated into models that participants never directly interacted with.

In both cases, limited alternatives and the opaque nature of Al systems may pressure
participants into agreeing without fully informed understanding—particularly in contexts
where people have low digital literacy or receive few safequards for their data rights.
These conditions highlight the need for more context-sensitive, participatory consent
processes.

Conventional methods of obtaining informed consent are also difficult to apply in large-
scale or open-data projects. Challenges include explaining long-term risks of data reuse,
addressing language barriers in disclosure forms, and clarifying how sensitive or locally
specific knowledge might be used (Andreotta et al. 2022; Suresh et al. 2022). These
challenges are especially pronounced in marginalized communities, where legal and
technical support is limited.

In research contexts, it is important to distinguish between different types of Al studies.
For projects that involve direct interaction between participants and Al systems—such as
advisory platforms, digital surveys, or tools that request user input—consent procedures
must go beyond traditional disclosure. Researchers must clearly communicate how
personally identifiable or sensitive information will be stored, reused or removed, and
ensure participants understand their rights to opt out. In contrast, studies using publicly
available, de-identified datasets carry different risks, provided that re-identification is not
possible and appropriate safeguards are in place.
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Across these contexts, culturally appropriate consent frameworks—such as those co-
developed through participatory workshops—can help align ethical research goals with
local expectations and values.

In downstream Al applications, such as advisory tools used in agricultural extension,
trusted relationships also matter. Local advisors or extension officers can serve as
intermediaries, helping users make informed decisions by translating risks and benefits
into accessible, trusted terms (Chassin et al. 2022; D'Ignazio 2022; Rose et al. 2018). For
example, when farmers hear success stories from peers or advisors they trust, they may
feel more comfortable engaging with AI systems—provided that engagement is genuinely
voluntary and well-informed, according to an expert in Al ethics and social inclusion.

Recommendations about informed consent and explainability

e Clearly explain the research purpose and data use.
Describe what types of data will be collected—personal, behavioral or community-
generated—and how they could be used, reused, or shared in Al development.

o Emphasize voluntary participation and withdrawal rights.
Inform participants that their involvement is optional, can be withdrawn at any
time, and that control over future data use may be limited once it is anonymized.

¢ Disclose Al-specific risks and commit to data security.
Explain risks such as re-identification, unintended inferences and opaque algorithm
behavior. Guarantee de-identification, secure storage and restricted access to
sensitive data.

¢ Renew consent in long-term or high-frequency studies.
When data are collected repeatedly or over extended periods, obtain updated
consent at appropriate intervals to reflect new risks or uses.

e Provide a trusted, local point of contact.
Ensure participants can ask questions or raise concerns through a designated
individual or organization, especially in low-resource or multilingual contexts.

¢ Co-develop consent protocols with communities.
Collaborate with community members to create consent formats that reflect local
norms—such as oral, visual or narrative methods—while maintaining individual
consent as a core requirement.

e Openly document AI systems when feasible.
Share details about data sources, algorithmic processes and intended outputs to
promote transparency and accountability in research.

¢ Avoid black-box models in sensitive research settings.
Refrain from deploying opaque Al tools where outputs directly affect participants,
or where transparency and reproducibility are essential.
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¢ Tailor consent to the Al use case.
In data collection for training Al models, explain long-term implications. In
intervention studies, clarify how the Al system functions and interacts with
participants.

e Ethically justify the reuse of public datasets.
Even if data are publicly available, combining them with new analyses or contextual
insights can expose sensitive information in ways that create risks of re-
identification or stigmatization. Researchers should assess whether such reuse
meets ethical standards.

3.2 Data privacy, safety and security

Applications of Al in FLWS rely on extensive data collection, raising concerns about privacy
violations, misuse, potential cyberattacks, and unintended harms such as stigmatization
(Kochupillai et al. 2022). For example, data on farmers’ yields, land use, or soil
characteristics—while not personally identifiable—can still be sensitive. If made public or
shared without clear governance, such data could be exploited by corporations for
competitive advantage or resource extraction, without the knowledge or consent of the
communities involved. This risk is amplified when Al systems accelerate data aggregation
and analysis, underscoring the need to evaluate not only how data is protected, but also
who can access and benefit from it.

Al's expanded capabilities make it increasingly possible to re-identify individuals even
from anonymized data (Sanderson et al. 2023). Safeguarding sensitive data is critical for
building trust among stakeholders while protecting individual and community-level
information. Without proper oversight, tools like remote-sensing technologies can
inadvertently expose sensitive activities. Combined with contextual data, such exposure
increases risks of corporate exploitation, data breaches and malicious hacking (Kochupillai
et al. 2022; Prakash et al. 2021; Ryan et al. 2023).

A significant lack of public understanding about Al and information governance can grant
disproportionate power to those who collect, store and use data (Carbonell 2016).
According to experts in Al ethics and social inclusion, recognizing Al's inherent limitations
in design and data-collection can foster more grounded expectations among practitioners
and communities, leading to more realistic applications. Additionally, they observe that
many challenges in Al research parallel well-recognized issues in FLWS research,
suggesting that similar solutions—such as improved data handling and enhanced
community involvement—could be applied effectively.
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Recommendations about data privacy, safety and security

Publish a participant-friendly privacy and data-protection policy.
Clearly communicate how data will be collected, used, protected and deleted, using
accessible language and formats.

Respect original consent agreements.
Use data only for the purposes agreed upon at the outset. Seek renewed consent
before applying data in, or providing data for, any different context or use case.

Limit data collection to what is necessary.
Collect only data essential to the research purpose. Apply anonymization or
‘pseudonymization’ techniques to protect participant identities.

Follow best practices in information security.

Use secure channels for transmitting data and restrict access through PINs,
passwords and unique invitations. Reqularly audit access and ensure that only
authorized, active personnel can view sensitive data.

Avoid storing identifiable data longer than needed.
Define clear retention periods that comply with legal, ethical and institutional
guidelines. Delete or de-identify data once it is no longer required.

Anticipate risks through built-in safeguards.
In Al-related studies, embed safety mechanisms during research and testing to
detect and mitigate potential harms before tools are deployed.

Include participant-feedback mechanisms.
Enable users to question, challenge or comment on Al-generated outputs during
testing. Use their input to improve tools iteratively before deployment.

Use a human-in-the-loop approach.

Ensure researchers or trained staff review Al-generated recommendations before
they are shared with participants—especially when outputs carry financial, health
or livelihood implications.

Define when human judgment must override Al
Establish clear thresholds and protocols for when AI suggestions should be paused,
rejected or revised based on expert review or contextual concerns.

Refer to related standards and guidance.

Consult the sections on Informed consent and explainability and Deployment and
onboarding, and the CGIAR GENDER research ethics and standards toolkit for additional
guidance.
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4. Using secondary data

CGIAR collects a lot of data, and it is our ethical responsibility as researchers to ensure
that the data our research participants have shared lead to useful insights that generate
benefits for these communities. Most CGIAR datasets are open access and therefore
subject to further use by researchers as secondary data sources, especially when
combined with other data.

There are both risks and opportunities from Al-powered data processing and analytics
that use big data techniques and machine-learning models. In particular, the growing
availability of mobile and satellite data can facilitate Al-driven analyses to identify needs,
inform decisions, and address challenges specific to the global South. For instance, Al
applications could leverage satellite imagery to monitor agricultural practices, predict
harvests, or track food-waste trends, enabling informed decision-making in underserved
areas (Braun 2021). Another example shows how integrating climate-risk data with
gender-disaggregated labor statistics from the International Labor Organization was used
to create a geospatial map highlighting gender-specific vulnerabilities to climate change
(Koo et al. 2022). This analysis reveals where women'’s labor sectors may face heightened
climate risks, offering valuable insights for policymakers aiming to develop targeted
climate adaptation strategies that address gender-specific economic and environmental
challenges (Koo et al. 2022).

Existing datasets often reflect significant gaps and biases, which are mirrored and
amplified in Al systems. Overrepresentation of large-scale farmers and
underrepresentation of smallholders and Indigenous knowledge systems can skew Al
recommendations toward practices that do not meet the needs of marginalized groups
(Chassin et al. 2022; Friedman et al. 2024). Even efforts to fill data gaps using mobile
technologies can reproduce inequalities, since mobile data underrepresents people
without reliable access to digital services (Belsare et al. 2022; Kochupillai et al. 2022).
Without deliberate intervention, Al systems trained on biased datasets risk reinforcing
these kinds of structural exclusions rather than addressing them (Hagendorff 2024).

To mitigate these risks, researchers must ensure that secondary data are findable,
accessible, interoperable and reusable (FAIR), particularly for under-represented
populations. For example, ongoing efforts to develop a metadata schema for qualitative
data led by the Gender Equality and Inclusion aim to increase the use of this rich
contextual data in gender, youth and social inclusion FLWS research (Kruseman et al.
2024). Researchers are encouraged to review the CGIAR Open and FAIR Data Assets Policy
and relevant institution-level data policies, such as the International Food Policy Research
Institute (IFPRI) research data management and open access policy, for more information.

Platforms like DevelopMetrics use retrieval-augmented generation and fine-tuning
techniques to synthesize large datasets against predefined frameworks, allowing
researchers to interactively retrieve, curate and interpret data linked to domain-specific
concepts such as agricultural practices or gender indicators.
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While qualitative data are rarely publicly released given the risk of identifying research
participants, Al tools such as natural language processing can be used to analyze
previously collected data to supplement traditional qualitative analysis and uncover new
insights. For example, Jones-Garcia et al. (2021) used affective computing methods—for
example, automated emotion recognition and sentiment analysis—on interview
transcripts with farmers, uncovering insights difficult to obtain through conventional
approaches.

For quantitative data, harmonizing indicators across datasets enables more robust Al
applications. Using standardized frameworks, such as the Women's Empowerment in
Agriculture Index (WEAI), researchers can combine diverse datasets to generate new
insights. For example, a study in Bangladesh applied WEAI metrics in a phone survey to
capture the differential effects of COVID-19 on women during the early period of the
coronavirus outbreak in Bangladesh, demonstrating how secondary-data interpretation
can accelerate and deepen gender analysis (Ahmed et al. 2020).

Expanding the usefulness and real-world applicability of Al systems involves combining
open datasets with contextual data collected through systematic, community-driven
approaches (Fu 2022; Gerdes 2022). Involving target users—such as farmers—in
annotating and contextualizing data strengthens model relevance and equity.
Collaborative definition of socioeconomic variables enables more precise intersectional
analysis: encoding multiple identity categories together (e.g., a farmer who is a woman,
Indigenous, and from a remote area) teaches the model to recognize the complex realities
that shape people’s lives (Suresh et al. 2022).

4.1 Recommendations about secondary data

o Verify that secondary data meet ethical collection standards.
Confirm that the original data were collected in compliance with ethical norms,
especially regarding ongoing consent, confidentiality and community rights.

e Assess alignment with original consent.
Ensure secondary data reuse respects the scope of consent given by participants.
Where sensitivities exist—such as cultural knowledge or risk of re-identification—
consult communities and seek ethics review before reuse.

¢ Document data provenance and planned uses.
Clearly record where the data came from, how it will be used, and whether any
updates or notices are needed for communities or institutions involved in the
original study.

e Evaluate and mitigate potential harms from reuse.
Consider how secondary data might inadvertently expose individuals or groups to
harm. Mitigation strategies include limiting disaggregation, applying noise, or
using generalization and suppression (see Sondeck and Laurent 2025 for a practical
assessment framework).
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e Ensure transparency about the dataset’s origin and characteristics.
Provide metadata such as the source institution, collection period, access rights,
data structure, populations represented, and intellectual property status. Clear
documentation prevents misuse and misinterpretation, while enabling researchers
to judge appropriateness, limitations, and safeguards.
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5. Deployment and onboarding

Deployment refers to the process of making an Al system operational, while onboarding
involves integrating Al into the daily workflows and processes of the intended users and
organizations. There are five broad ethical issues during these stages that researchers,
developers and implementers should address:

e Ensuring compliance with ethical frameworks and regulatory guidelines to ensure
responsible use.

e Considering privacy and security by ensuring ongoing protection of user data and
compliance with informed consent obtained, and specific privacy laws applicable to
the countries where the Al system is in use. This also includes safeguarding Al
systems against malicious attacks and ensuring data protection.

¢ Implementing bias mitigation through regular checks to assess whether Al-
generated results remain accurate and appropriate for the intended context. This
includes identifying performance drift—where model accuracy or contextual
relevance declines over time—which can lead to unintended consequences or
harms, particularly for marginalized groups. Use transparent benchmarks and
engage interdisciplinary reviewers to reduce the risk of researcher-induced bias.

e Increasing the transparency, accountability and explainability of Al systems
such that users clearly understand how Al systems make decisions and produce
results.

¢ Building user capacity to interact with Al systems responsibly for researchers,
developers, implementers and farmers; and ensuring inclusive access—such as
using tailored training and support to ensure inclusive and informed use of Al

5.1 Compliance

Integrating Al ethics into workflows can be challenging due to limited resources and
resistance to changing well-established but unjust design norms (Mdiller et al. 2024). When
compliance is treated as a box-ticking exercise, there is a risk of shifting burdens onto
users through technical mechanisms rather than implementing meaningful internal
reforms (Chi et al. 2021). To avoid this, localized Al governance systems should be
established, fostering inclusive, context-sensitive solutions through phased testing and
collaboration with target communities. For example, co-creating governance protocols
with smallholder farmer cooperatives aims to ensure that decision-making reflects
community priorities rather than the agendas of global tech companies (Katell et al. 2020).

Participatory action research ethics—which acknowledges researchers’ positionality,
assumptions and convictions, and follows an iterative cycle of planning, action,
observation and reflection—offers a more effective alternative to compliance-based
models. Rather than treating ethics as an external checklist, this approach integrates
regular evaluations and ethical assessments throughout the research process. Social-
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justice assessments should involve smallholders directly and be based on their own
notions of success beyond yield or efficiency (Heldert 2021; Suresh et al. 2022). Flexible,
adaptive research processes are critical for identifying and addressing ethical dilemmas
and evolving needs (Ryan et al. 2021).

5.2 Privacy and security

Researchers must consider how Al systems can compromise participant privacy, safety
and security—often in ways that become visible only after data is repurposed or
integrated into downstream applications. For example, farmers participating in a study
that evaluates an AlI-powered advisory tool may unknowingly share sensitive data on
yields or land use. While collected for a research purpose, such data could later be used to
automate agricultural processes or devalue farmers’ local knowledge and expertise
(Hanrahan et al. 2021).

Although open data is often promoted as a public good—enhancing transparency,
collaboration, and innovation (Bronson and Sengers 2022)—it also creates risks of
exploitation when local knowledge is shared without proper protections or compensation
(Fairbairn et al. 2023). Even when consent is obtained at the point of collection, data
reused in training Al systems may be put to purposes not originally anticipated,
complicating ethical oversight (Andreotta et al. 2022). Interoperability across systems can
further heighten privacy risks if robust security measures and clear governance
mechanisms are not in place (Dubey et al. 2023).

5.3 Bias mitigation

Beyond issues of data representation, Al technologies often encode cultural and gender
biases into system design and outputs (Birhane et al. 2022). These biases are not simply
technical flaws; they are reflections of deeper societal inequalities embedded into the data
itself. For example, Al language models have been found to reinforce gender stereotypes
through word associations, such as linking certain professions to specific genders (Jun
2024). Even efforts to address gender bias can inadvertently perpetuate traditional
divisions. Large language models that ostensibly promote gender equality, for instance,
sometimes reinforce portrayals of women as “planners” and men as “physically intensive
workers”—stereotypes that often go unchallenged because they are seen as “natural” or
“inevitable.”

Several technical approaches have been developed to mitigate bias within Al systems. For
example, de-biasing methods applied to hiring algorithms have disentangled grammatical
gender signals from job recommendations, resulting in fairer outputs (Sabbaghi and
Caliskan 2022). Similar techniques could be adapted for agricultural Al systems to correct
gendered disparities in advisory content (Singh et al. 2024). See Parraga et al. (2022) for a
comprehensive review of de-biasing methods.

Two recent studies illustrate the persistence of deeper biases even when adversarial
testing—deliberately probing a system with challenging or sensitive inputs to expose
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weaknesses—is used to detect and address them. Koo et al. (2025) evaluated five large
language models by analyzing their responses to agricultural queries posed by women
farmers in India. Although the models varied in depth, nuance and relevance to the local
context, they consistently struggled to fully eliminate gender biases. Global nonprofit
technology organization Digital Green applied a similar approach to stress-test its
FarmerChat Al chatbot, probing for gender-harmful, gender-responsive and gender-
transformative outputs. While FarmerChat avoided overt stereotypes, it struggled with
more nuanced issues such as gender-based violence, labor equity, and the specific
challenges faced by women farmers such as time poverty and limited decision-making
agency (Singh et al. 2024).

Both studies underscore that while technical interventions like de-biasing and adversarial
testing are important, they cannot fully resolve the deeper structural inequalities
embedded within data, system design and institutional priorities. Addressing these
challenges requires fundamental shifts in how cultural and gendered assumptions are
integrated into the design, evaluation and governance of Al systems.

5.4 Transparency, accountability and explainability

Al systems often operate as opaque black boxes, making it difficult for users to understand
how data is prioritized, labeled or analyzed (Kochupillai et al. 2022). This lack of
transparency undermines trust, as erroneous decisions remain inaccessible and
unexplained (Fu 2022). Instead, Al models should strive to provide clear, accessible
explanations for why certain people, places or variables were prioritized during
development (Bi et al. 2023; Kochupillai et al. 2022).

Practical strategies include visualizing model performance through simple charts,
dashboards or feature-attribution maps—such as illustrating how soil-quality metrics
influence crop recommendations (Girmay and Felix 2025; Manning et al. 2022).
Transparency reports that document model objectives, data sources, assumptions and
known limitations can further increase accountability. Real-time monitoring systems can
also support ongoing evaluation and traceability of transparency goals, alerting
developers to potential drift, bias, or failures in explainability over time.

While technical mechanisms are essential, transparency must also be grounded in user-
centered communication: explanations must be adapted to users’ literacy levels,
languages and contexts. Only then can explainability efforts truly support equitable and
meaningful engagement with Al tools.

Integrated feedback mechanisms offer users a practical way to hold Al systems
accountable. Features like feedback buttons, SMS reporting, or embedded community
forums allow farmers to flag errors, suggest improvements and share experiences directly
with developers (Eichler Inwood and Dale 2019). By giving users a voice in model
refinement, these systems make transparency tangible, ensuring that Al tools remain
responsive to farmers’ real-world needs and concerns.
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5.5 Inclusive access and capacity building

Generalized onboarding materials or training programs often fail to account for the
diverse needs of users, particularly smallholder farmers and underrepresented groups
with limited resources or technical skills (Pappa 2024). There are many hidden costs and
barriers that can constrain specific groups from participating and benefiting from training
programs.

Systemic challenges such as limited access to education, land and financial resources can
restrict socially marginalized farmers’ ability to adopt and benefit from AI technologies
(Chassin et al. 2022; Dubey et al. 2023). These barriers are further exacerbated by limited
digital literacy, lack of access to internet or mobile phone infrastructure, geographic
distance or remoteness, and the absence of multilingual Al services—perpetuating
inequitable resource allocation and limiting marginalized communities’ access to
agricultural innovation.

Enabling women in rural areas to access Al-driven agricultural services requires
addressing practical challenges like those listed above, plus unreliable networks, limited
charging options, and lack of internet or directories. Analog solutions, such as distributing
printed posters showing service numbers or promoting solar chargers, can significantly
improve access and usability (Schumann 2023). Offering short-term, low-cost rental
options for software and hardware can broaden access for a wider network of farmers
(Ryan et al. 2023). For instance, flexible financial models that allow farmers to trial AI-
powered tools before committing to full adoption can build confidence and stimulate
innovation (Fleming et al. 2021).

Al struggles to properly account for the onboarding needs of different languages and
cultures during onboarding and ongoing use. Many farmers in rural areas struggle with Al
systems that lack support for Indigenous Peoples’ languages, which often do not have
formal dictionaries or sufficient linguistic data to train Al tools (Dubey et al. 2023). In
response to this gap, Farm Radio International, in collaboration with CGIAR, developed
Longa—an automated speech-recognition tool that transcribes, translates and analyzes
audio data in local languages such as Luganda and Swahili. Longa has been used to
support the design of context-specific radio programs and agricultural advice tailored to
the unique needs of underserved groups, including women and young farmers.

Where possible, software best practices such as open-source licensing can support
dynamic, farmer-driven data-collection and real-time updates on conditions, crop
selections, and practices (Sanderson et al. 2023). Systems that allow contextual
customization through notes, images and personalized inputs can help Al-generated
recommendations align with farmers’ decision-making processes and practical realities
(Bi et al. 2023; Friedman et al. 2024).
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5.6 Recommendations for deployment and onboarding

e Conduct regular ethical-compliance reviews.
Continually assess whether project activities align with ethical standards, legal
frameworks and community expectations throughout deployment and use.

e Stress-test models for robustness and fairness.
Incorporate adversarial testing to reveal hidden biases, ethical blind spots, and
system weaknesses under real-world conditions.

¢ Minimize data collection and protect identities.
Only collect data essential to the research scope. Apply anonymization or
pseudonymization techniques to reduce privacy risks, especially in low-trust or
high-risk contexts.

¢ Ensure transparent data processing and informed consent.
Clearly explain what data is collected and how it will be used, and obtain explicit
consent before collection—whether the tool is deployed for research purposes or
as a product that collects user data during engagement.

¢ Develop and maintain an incident-response plan.
Establish procedures to respond quickly to data breaches or security failures,
including user notifications and institutional accountability.

¢ Publish transparency reports and enable real-time monitoring.
Reqgularly document data sources, usage practices and system updates. Use
monitoring systems to detect performance drift or privacy violations early.

o Embed feedback loops into Al tools.
Create channels for users—such as farmers or advisors—to report errors, offer
suggestions or raise concerns. Use this input to guide iterative improvements.

¢ Tailor user training to diverse needs and constraints.
Design onboarding to account for differences in access, digital literacy, and
language. Consider barriers such as connectivity, cost and literacy when planning
delivery.

o Design explainable and user-friendly AI outputs.
Ensure Al models generate clear, easily understandable recommendations.
Support understanding through visualizations, plain-language summaries, or local-
language interfaces.

CGIAR Gender Equality and Inclusion Ethical use of Al in FLWS research: a guide for equity and inclusion



28

6. Special topics

6.1 User research

User research is critical for tailoring Al tools to the everyday lives, values and knowledge
networks of the specific people FLWS research targets, such as smallholders, women,
young people, Indigenous Peoples and other under-represented groups.

Without insights from local people, researchers and developers of Al tools risk
confirmation bias, sometimes leading them to design high-tech, innovation-driven
solutions that fail to address users’ real needs. This concern was raised by an expert in Al
ethics and social inclusion, who emphasized the importance of adapting design to local
needs. These tools may also fail to function reliably in harsh farming conditions
(Rubambiza et al. 2022). For example, overly complex or poorly designed Al interfaces can
overwhelm users, particularly those with limited digital literacy or experience (Friedman
et al. 2024). In some regions, Al-driven agricultural advisory systems designed to empower
women farmers have been underutilized because they require attending training sessions
in public spaces where women'’s presence is culturally restricted—a challenge noted by an
Al ethics and social inclusion expert.

Failure to involve users in the design process can create perceptions of surveillance or
inadequate data protection, reducing user acceptance and leading to friction related to (or
rejection of) Al technologies. For example, farmers may resist adopting Al-based crop-
monitoring tools if they fear their data could be misused by corporations or government
agencies (Kochupillai et al. 2022).

User research requires comprehensive needs assessments that capture users’ lived
experiences, values, and socioeconomic realities. These insights should inform decisions
about system deployment, long-term maintenance, user onboarding, and resource
requirements (Rose et al. 2018). Engaging users from the start helps lay the foundation for
relationships that can evolve over time. Iterative engagement is often crucial for adapting
to local realities and supporting more equitable and sustainable outcomes (Benefo et al.
2022; Fleming et al. 2021; Heldert 2021; Ruttkamp-Bloem 2023).

Participatory research methods are especially valuable not only for aligning Al research
goals with the lived realities of target communities, but also for challenging the underlying
structures that produce exclusion and inequality. For example, in Bangladesh, community
members produced their own videos to represent themselves during the design process,
amplifying local knowledge and contesting external assumptions about their needs
(Bartindale et al. 2023). Similarly, participatory action research in mixed-gender settings
has been shown to challenge traditional gender roles and foster more equitable decision-
making partnerships (Chassin et al. 2022), contributing to broader cultural shift (Gonzalez
and Rampino 2024) and helping to prevent the reproduction of structural harms in
technology deployment (Sloane et al. 2022).
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Additionally, users who contribute to design processes or share their data should be
formally acknowledged and fairly compensated (Sloane et al. 2022). Co-design initiatives
could offer financial incentives, certificates of recognition, or profit-sharing models to
reward farmer contributions—with careful consideration of ethical safeguards to avoid
coercion, particularly among vulnerable populations, and oversight by institutional review
boards.

CalcuCafé and NkhukuProbe illustrate the value of embedding user-centered design.
CalcuCafé simplifies cost modeling for Peruvian coffee farmers, supporting collaboration
within cooperatives and decision-making for production. NkhukuProbe helps Malawian
poultry farmers monitor coop conditions in real time, enabling them to proactively
manage environmental factors. Both tools integrate ongoing user feedback, ensuring
cultural and technological relevance while strengthening farmers’ decision-making agency
(Hope Chidziwisano et al. 2021; Leshed et al. 2018). These examples demonstrate how
participatory, user-centered Al design can foster trust, sustainability and empowerment in
agricultural practices (see Doggett et al. 2023 for an extensive review of human-computer
interactions research in FLWS).

Researchers are encouraged to refer to the Methods section of the CGIAR User Research
Toolkit, which gives an overview on the most common user-research methods, how to plan
for them, and hands-on implementation advice and support on how to adapt standard
human-research methods to the context of agriculture in the global South.

Recommendations about user research

o Refer to the Methods section of the CGIAR User Research Toolkit.
Use this resource to plan and adapt user-research methods to agricultural settings
in the global South, with guidance on implementation and ethical practice.

¢ Conduct comprehensive needs assessments.
Investigate users’ daily realities, resource constraints, values and cultural norms to
inform deployment, onboarding and long-term support strategies.

¢ Use participatory-research methods.
Engage users in the design, testing and refinement of Al tools. Techniques like co-
design workshops, community media, and participatory action research help align
tools with local priorities and challenge structural inequalities.

e Ensure users are fairly acknowledged and compensated.
Recognize user contributions to design and data-collection. Where appropriate,
offer noncoercive incentives—such as financial compensation, certificates or
shared benefits—in line with institutional review or ethics board approvals.
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6.2 Monitoring and evaluating ethical AI systems

Ethical Al development requires clear goals, robust theories of change, and iterative
processes—as emphasized by experts involved in Al ethics and inclusive innovation.
However, the lack of measurable indicators for gender-focused outcomes complicates
their monitoring and evaluation. Donors and funders often prefer results-driven
narratives, but metrics are frequently reduced to surface-level data, such as ‘number of
app downloads’, which has little to do with meaningful engagement (Steinke et al. 2021).
This disconnect leads to underfunding and neglect of systemic gender-responsive
interventions, experts noted.

Standardized performance metrics are essential for assessing Al systems and ensuring
their alignment with ethical principles such as equity, inclusion and transparency (Munn
2023; Sanderson et al. 2023). However, benchmarking ethical Al remains a rapidly evolving
and complex field—particularly in FLWS contexts, where inclusiveness, cultural
appropriateness, and accountability may be as important as technical accuracy.

The MDII framework (Martins et al. 2024) and the accompanying MDII scorecard
dashboard (Nisansa et al. 2024) offer one promising approach. Developed specifically to
assess and promote inclusiveness in digital innovations within agricultural systems, the
MDII framework supports both quantitative and qualitative evaluation across seven
dimensions: accessibility, beneficial impact, usage effectiveness, ethical and responsible
innovation, co-creation and governance, risks and harms, and supportive ecosystem. Each
includes subdimensions, metadata and direct feedback from tool beneficiaries, providing
a nuanced understanding of performance and enabling iterative improvements.

Importantly, the MDII dashboard has already been piloted in agricultural settings where it
helped highlight disparities in access and engagement, particularly among women
farmers, leading to concrete changes in platform design and outreach strategies
(Singaraju et al. 2025). These kinds of tools show how ethics and inclusion can be
systematically embedded into evaluation, not just assumed.

At the same time, ethical evaluation must remain adaptive. As Al applications diversify—
from predictive models to participatory decision-support tools—additional tools and
benchmarks may be needed to assess dimensions such as explainability, power
asymmetries, or environmental impact. Future versions of this toolkit will aim to
incorporate such emerging approaches, particularly those co-designed with stakeholders
in the global South.

Maintaining ethical relevance, however, requires more than a one-time evaluation. Given
the swift pace of innovation in fields such as climate adaptation, static or outdated models
risk providing irrelevant or inaccurate advice, eroding trust and reducing the effectiveness
of Al-enabled tools (Hagendorff 2024). Regular, context-specific data-collection and
validation are essential for refining models, addressing weaknesses, and ensuring that Al
systems continue to serve the evolving needs of farmers and other users (Suresh et al.
2022).

CGIAR Gender Equality and Inclusion Ethical use of Al in FLWS research: a guide for equity and inclusion



31

Recommendations about monitoring and evaluating Al systems

e Apply the MDII framework from the outset.
Use the MDII to embed ethical and inclusion-focused goals—such as accessibility,
co-creation and equity—throughout the research and development process.

e Use the MDII scorecard dashboard to guide improvement.
Monitor a platform’s performance across multiple dimensions using real-time
feedback from users. Adapt the tools iteratively based on insights from
marginalized groups, especially women and underserved communities.

¢ Go beyond surface-level metrics.
Avoid overreliance on indicators like downloads or usage statistics. Instead, assess
engagement, empowerment, and user satisfaction—especially among target
populations in FLWS contexts.

¢ Adapt evaluation strategies to evolving tools and contexts.
As Al use cases shift, develop new benchmarks that capture their explainability,
power asymmetries, environmental impacts, and other emerging priorities.

¢ Ensure ongoing validation and context-specific updates.
Continually update models using locally relevant data. Regularly test for relevance,
accuracy and unintended impacts, to maintain users’ trust and the tool’s
effectiveness over time.

6.3 Communicating research using generative Al

Many researchers are now using generative Al (GenAl) tools to summarize and
communicate research findings.

In a randomized experiment Keenan et al. (2024) tested how readers across 10 countries
(Bangladesh, Egypt, Ethiopia, Ghana, India, Kenya, Malawi, Nigeria, Rwanda, Sudan,
Tajikistan and Uganda) evaluate the quality and trustworthiness of research blog posts
written by humans versus by ChatGPT. They find that disclosing the use of Al signals
transparency and maintains credibility, without undermining readers’ trust in the content
of the blog posts (see the IFPRI research write-up here).

However, broader ethical considerations must be considered when using GenAl in
research communication. Studies highlight risks such as the introduction of factual
inaccuracies (“hallucinations”), stylistic homogenization that can erode diversity of
expression, and the potential for over-trusting Al-generated content. There are also
concerns about the inadvertent leakage of sensitive information when unpublished data is
used (Hagendorff 2024).
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Recommendations about communicating research using AI

o Disclose the use of Al tools clearly and consistently.
Signal transparency to readers by stating when and how AI was used. For example:
“An initial draft of this post was generated using ChatGPT from author prompts,
then revised and edited.”

¢ Use Al to increase accessibility, not erase expertise.
Simplify complex content to reach broader audiences, but tailor its tone and
technical depth to your readers. Balance clarity with intellectual rigor.

¢ Review and revise all AI-generated outputs.
Check for factual accuracy, contextual relevance and originality. Edit your drafts to
retain the voice of the research team and avoid stylistic flattening.

e Ensure fairness and inclusion in adapted content.
Carefully edit your work to avoid biased language, stereotypes or examples that
may alienate or disadvantage certain groups, particularly in diverse cultural
settings.

¢ Protect sensitive and unpublished information.
Do not put confidential or unpublished data into Al tools unless explicit safeguards
are in place to ensure privacy and prevent leakage.

e Maintain human oversight at every stage.
Treat Al as a supportive tool—not a substitute—for ethical judgment, contextual
interpretation and communicative intent.

6.4 Using generative Al assist with research processes

GenAl tools are extremely useful for increasing researchers’ productivity by simplifying
data analysis, and coding tasks." These include:

e support for writing tasks such as editing, summarizing, proofreading and
translating text

¢ rapidly synthesizing information from diverse sources, generating summaries and
identifying key themes in research

e generating code snippets, offering suggestions, providing debugging assistance,
and automating repetitive coding tasks

Al tools can also expand the opportunities for collaboration with researcher partners in
low- and middle-income countries, reducing the need for prior coding knowledge and
specialized training in analytical techniques.

" This section is aligned with IFPRI’s Al approach and acknowledgment guidance.
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For experimental research studies, Chang et al. (2024) recommend 12 best practices that
researchers can do to accurately, credibly and ethically use GenAl to enhance
experimental research.

Recommendations about using AI to help with research

o Disclose GenAl use clearly and consistently.
Follow institutional guidance on how to acknowledge AI contributions. Before
submitting papers, check journal-specific requirements regarding Al use,
authorship and disclosures.

¢ Review all AI-generated outputs for accuracy and quality.
Always verify the factual integrity, relevance and tone of Al-generated content
before using it in research or communication.

e Protect privacy and data security.
Do not put unpublished or sensitive data into GenAl tools without safeguards.
Ensure models do not allow public training using your data.

e Use GenAl to increase accessibility and reduce barriers.
Apply GenAl to support tasks such as summarizing text, editing, debugging code,
translating or simplifying language—while retaining human oversight.

e For experimental research (adapted from Chang et al. 2024)

o Use GenAl to assist with pre-treatment procedures, provided that
researchers remain actively involved in reviewing and refining outputs to
prevent any compromise in research quality.

o Prohibit public model training on entered data and ensure the AI platform
provides strong privacy protections.

o Elicit informed consent when GenAl is used in a way that may affect
participants, ensuring ethical transparency.

o Use GenAl to suggest possible mediators (channels of impact) and
moderators (factors shaping effect sizes), and to explore design variations
that test whether findings are likely to hold in other settings or at larger scale.

o Do not delegate experimental procedures to GenAl without piloting,
documenting and reviewing its roles and outputs.

o Check whether GenAI changes the fairness or consistency of the
experiment—for example, whether everyone gets the same treatment, follows
instructions the same way, or stays unaffected by others’ treatments—and
adjust the design if it puts validity at risk.

o Re-initialize GenAlI models consistently and design prompts that capture the
intended constructs.
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Critically assess training data and, when appropriate, manually train or fine-
tune models to suit analytical tasks.

Document and stress-test GenAl results to ensure replicability and
transparency for the broader research community.

Reassess resource allocation across research stages in light of GenAl’s
changing trade-offs.

Ensure AI-generated hypotheses are interpretable by humans, even when
aided by machine-learning techniques.

Remember that GenAl is not a replacement for human creativity, innovation,
quality or ethical reasoning.

6.5 Mitigating increased risks of gender-based violence

Researchers should pay attention to the increasing risk of gender-based violence (GBV)
that women and girls may be exposed to because of the introduction of Al systems.>
Generative Al for example, can be weaponized through automated harassment
campaigns, creation of non-consensual or manipulated images, and synthetic narratives
aimed at defaming individuals—practices that already disproportionately harm women
and girls online.

See Chowdhury’s paper on Technology-facilitated gender-based violence in an era of
generative Al for more information.

Recommendations about mitigating risks of GBV

Establish an anonymous reporting system for GBV.
Provide confidential mechanisms for participants or users to report
harassment, abuse or other harms linked to Al use or research participation.

Follow local ethical protocols for support and referral.
Ensure your research complies with country-specific procedures regarding GBV
response, including referral pathways and duty of care.

Refer to CGIAR’s GBV Guidelines.

Consult the CGIAR Guidelines for Ethical Engagement with Gender-based Violence in
Food Systems Research for detailed recommendations on safeguarding women
and girls, and responsible engagement.

2This section is aligned with IFPRI’s Al approach and acknowledgment guidance.
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Appendixes

Appendix 1. Glossary

Accessibility

The usability and availability of information, tools or technology, ensuring that data can be
obtained and used by both humans and machines. Accessibility includes appropriate
authorization protocols and can be public or restricted (Manning et al. 2022).

Accountability

The mechanisms by which it is possible to track and explain how and why decisions are
made, who makes those decisions, and the basis for those decisions. It includes
answerability, liability and responsiveness (Manning et al. 2022).

Artificial intelligence

Computational technology that seeks to mimic, to differing extents, human abilities to
perceive their environment, process information, make decisions and take steps to
achieve predetermined goals (Manning et al. 2022).

Artificial intelligence research

In FLWS, Al research refers to how researchers engage with and shape decisions across
the Al life cycle, including problem framing, data collection, analysis and deployment. It
includes research with Al (using Al tools), for Al (producing data and knowledge that train
or guide systems), and about Al (evaluating performance, ethics, and impacts).

Bias

A prejudice against, or inclination toward, certain individuals or groups that is often
considered unfair or unbalanced. Bias can arise in the algorithm’s development process,
in the training of datasets, and in Al-generated decision-making (Krongvist and Rousi
2023; Manasi 2024).

Black box
AI system architectures whose internal decision-making processes are opaque, making it
difficult for humans to understand how outputs are generated from inputs.

Data feminism

An approach to data science and technology that exposes and challenges power
imbalances, promoting fairness and inclusivity in how data is collected, interpreted and
used (D'Ignazio and Klein 2020).

Deployment

The stage when an Al system is moved from development into real-world use. This is
when it starts producing outputs or making decisions that affect people, organizations or
environments (Muldoon and Wu 2023).

Ethics-washing
The practice by which technology developers—often private companies—self-regulate
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through vague and unenforceable “codes of ethics” that create the appearance of
responsible behavior without meaningful accountability (Pizzi 2023).

Exclusion
The inability to participate effectively in economic, social, political and cultural life, often
resulting in alienation and distance from mainstream society (Gwagwa et al. 2022).

Fairness

A principle concerned with preventing the reproduction and reinforcement of existing
biases in Al systems. Fairness aims to ensure equitable treatment and outcomes across
different social groups, particularly those historically marginalized or under-represented
(Hagendorff 2024).

Generative Al (GenAl)

Al systems designed to generate content or outputs—including text, audio, simulations,
video and code. Unlike traditional Al, GenAl is typically unsupervised and trained to mimic
patterns in data rather than being developed for a specific, predefined purpose
(Wakunuma and Eke 2024).

Hallucinations

Errors in Al outputs that arise from reasoning mistakes within language models or from
incorporating misinformation provided by humans. Hallucinations can also involve the
unintended leakage of private or sensitive information by large language models
(Hagendorff 2024).

Identifiable data
Information that can directly or indirectly link to an individual, such as names, addresses
or unique identifiers (UNESCO 2020).

Inclusion

The process of improving the conditions under which individuals and groups can
participate in society, enhancing the ability, opportunity and dignity of those
disadvantaged due to their identity (Gwagwa et al. 2022).

Informed consent

An individual’s voluntary and intentional authorization for the use of their personal data,
given with substantial understanding of how the data will be used, repurposed and
potentially affect them, despite challenges such as opaque algorithms and limited
alternatives (Andreotta et al. 2022).

Intersectionality

A framework recognizing that systems of power—such as race, gender, class and others—
are interdependent and mutually reinforcing. It highlights how overlapping social
identities create unique experiences of disadvantage and privilege (Suresh et al. 2022).

Internet of Things (IoT)
A system of interconnected physical devices and sensors that collect, transmit and share
data over the internet. In agriculture, IoT enables real-time monitoring and control of
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factors such as soil conditions, crop growth, irrigation, and equipment performance—
supporting data-driven decision-making and automation (Han and Rodriguez 2023).

Legitimacy

The perception that the actions of an individual or organization are desirable, proper or
appropriate within a socially constructed system of norms, values, beliefs and definitions
(Manning et al. 2022).

Machine learning
A method that enables computers to automatically improve their performance on a given
set of tasks by learning from data, without being explicitly programmed (Fu 2022).

Onboarding

The initial process by which users are introduced to an Al system and begin to interact
with it. This includes setting up the system, receiving instructions, adjusting preferences,
and learning how to use the tool (Muldoon and Wu 2023).

Open data

Data that can be freely accessed, used, modified and shared by anyone for any purpose,
subject only to requirements that preserve provenance and openness (Fairbairn et al.
2023).

Primary data
Data collected firsthand by researchers specifically for their current study, using methods
such as surveys, interviews or experiments (UNESCO 2020).

Responsible Al

The design and development of Al systems that are ethical, lawful and socially
accountable. Responsible Al denotes having clear accountability, control and authority
over the system and its outcomes (Okaibedi Eke et al. 2022).

Responsibility

The obligation to ensure safety, trust and ethical behavior in technology design and use.
Responsibility encompasses both proactive and reactive considerations of how Al systems
affect users and society (Manning et al. 2022).

Safety

The prioritization of safe cultures and practices in Al development, rather than purely
innovation-driven goals. Safety also addresses the risk of misuse by malicious actors and
the unintended consequences of Al deployment (Hagendorff 2024).

Secondary data
Data originally gathered for a different purpose, but repurposed for new research or
analysis (UNESCO 2020).

Sensitive data
Information that must be protected against unauthorized disclosure, including personal
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identifiers, health records, financial details, or data whose release could cause harm
(UNESCO 2020).

Traceability

The ability to follow the history, movement and location of an object (e.g., a product,
ingredient or service) through specified stages of production, processing, and distribution.
Traceability systems often use record keeping to improve consumer confidence and
reduce information asymmetry across supply chains (Manning et al. 2022).

Transparency

The characteristic of being visible and open, enabling the disclosure of relevant, accurate
and reliable information that facilitates trust and informed decision-making by
stakeholders (Manning et al. 2022).

User-centered design (UCD)

An approach in which systems are adapted to align with existing user needs and
workflows, often proving more effective than requiring users to change their behavior
(Rose et al. 2018).
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Appendix 2. Methodology: domain expert interview protocol

This study used a semistructured interview protocol to gather insights from domain
experts in Al ethics, social inclusion and FLWS research. The approach aimed to explore
ethical challenges, gender dynamics, and best practices in applying Al technologies to
agricultural contexts.

Interview structure

Interviews followed a semistructured format, balancing guided discussion with flexibility
for participants to introduce new insights. Questions covered themes such as:

o ethical challenges in Al design, including biases in data and algorithms

e gender dynamics and their influence on agricultural decision-making

e cultural and contextual factors in Al deployment

e policy, governance and frameworks for gender-sensitive Al development
Logistics

Interviews lasted 45-60 minutes and were conducted remotely via a secure, virtual
meeting platform. Each session was recorded, transcribed and supplemented with
interviewer notes to capture context and tone.

Post-interview

Transcripts were reviewed and coded using qualitative analysis software (NVivo) to
identify key themes, ethical principles, challenges and actionable recommendations.
Follow-up questions were addressed via email as needed.

Ethical considerations

The study was approved by the IFPRI Internal Review Board. Participants provided
informed consent and chose whether to be acknowledged or remain anonymous.

Participants

Domain experts included academics and practitioners identified through literature
reviews, professional networks and referrals. Further participants were added through
ongoing searches and recommendations from initial interviewees. A total of 10 key
informants were interviewed, of which six were women.
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Appendix 3. Checklist of collected recommendations

Al ethics for inclusive and equitable FLWS research

Acknowledge that AI systems are not neutral.

Recognize Al as a sociotechnical system shaped by power relations—including
gender, race, class, and geography—and reflect this understanding throughout
your research design and implementation.

Align AI use with CGIAR's core ethical values.

Draw on feminist perspectives to move beyond abstract, externally developed
ethics frameworks. Use grounded, situated approaches that reflect the lived
realities of communities in the Global South.

Engage affected communities across the Al lifecycle.
Involve women, youth, and marginalized groups not just as users, but as co-
creators and decision-makers in the design, testing, and deployment of Al systems.

Practice reflexivity and care, not just compliance.

Treat ethical responsibilities as dynamic and iterative—emerging through
engagement and accountability, not fixed rules. Regularly question whose interests
are served and whose knowledge is prioritized.

Design for inclusion at every stage of the research cycle.

Ensure equity is integrated into problem framing, data collection, model training,
evaluation, and scaling. Avoid reinforcing structural exclusions by centering
diverse, context-specific knowledge systems.

Hold yourself accountable for downstream impacts.

Recognize that research outputs may shape future Al applications. Anticipate
potential harms, challenge extractive practices, and design for long-term benefit,
not just innovation.

Support the ethical use of CGIAR datasets.
Steward data responsibly by ensuring that training datasets reflect the needs of
underrepresented groups and that use cases prioritize equity over efficiency.

Conceptual principles for integrating social inclusion in research that uses Al

Challenging power dynamics: Structural and disciplinary limitations in studies
involving Al often manifest in how research problems are framed, leading to the
neglect of certain communities and their exclusion from the potential benefits of
Al-supported research. Challenging power dynamics involves working with
representatives of those communities and activists to ensure that marginalized
perspectives are recognized and validated (Ruttkamp-Bloem 2023).
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e Embracing pluralism: An intersectional feminist approach must reject the
imposition of dominant worldviews and instead focus on what it means to coexist
equitably with others. This involves respecting diverse perspectives and ensuring
that multiple voices with diverse perspectives, positions and goals may together
inform the design and implementation of Al systems (Roche 2021). For example,
integrating non-Western philosophies like Ubuntu— which emphasizes
interconnectedness, solidarity and mutual respect—can enrich and broaden the
ethical foundation for AI development (Gwagwa et al. 2022; Wakunuma and Eke
2024).

e Contextualizing biases: What is often described as “missing” or “inaccurate” data
is, in many cases, the result of systematic exclusion rooted in unequal social
relations. Marginalized communities are frequently left out of data-collection not by
oversight, but by design. Retroactively auditing or correcting these omissions
through technical fixes is not enough. Ethical Al research must address the
structural conditions that produce exclusion in the first place—requiring a
normative and cultural shift in how research questions are framed, whose
knowledge is valued, and how inclusivity is built into the design process from the
outset (Suresh et al. 2022).

e Rethinking binaries and hierarchies: Data feminism recognizes the
interdependence of struggles and the need for solidarity across different identities
and movements—freedom for one group is inextricably tied to freedom for all,
requiring a radical reimagining of relationships, structures and priorities to achieve
equitable outcomes; for example, challenging gender binary and other forms of
oppressive classification (Suresh et al. 2022).

Recommendations for research design

e Justify the use of Al
Clearly articulate how Al contributes to your research objectives, and whether it
adds significant value beyond the current expertise of a researcher. Avoid including
Al merely for novelty, funding appeal or societal/peer expectation of its use, and be
explicit about its value—especially for marginalized communities.

o Evaluate necessity before complexity.
Consider whether simpler, context-appropriate, or community-driven methods
could better meet your goals. Avoid defaulting to Al when low-tech or participatory
solutions may be more effective.

e Interrogate problem framing.
Ask who is defining the problem and who stands to benefit from the solution.
Ensure your research design does not reinforce dominant narratives or sideline
local knowledge systems.
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Anticipate power dynamics.

Be aware that Al can entrench existing inequalities, even when intended to
promote equity. Design research to challenge—not replicate—unjust structures of
authority and access.

Apply ethical scrutiny to prototypes.

Avoid deploying untested or low-quality Al tools without adequate safeguards.
Poorly governed Al (e.g., chatbots, Al decision-support systems) can erode trust,
mislead participants, and compromise institutional credibility.

Shift from can? to should?.

Ground Al use in ethical reflection and societal relevance. Ask not just what Al is
capable of, but what aligns with the values and long-term well-being of the
communities involved.

Recommendations about ethical principles and frameworks

Embed ethical principles from the start.

Apply the four principles of Data Feminism—challenge power dynamics, embrace
pluralism, contextualize biases, and rethink binaries and hierarchies—throughout your
research process. Where trade-offs arise, be transparent and assess whether the
benefits justify the risks.

Choose context-appropriate ethical frameworks.
Match the framework to the use case (see Box 2)

o use ELSA for upstream or exploratory research
o apply the Algorithmic Equity Toolkit for auditing deployed tools
o select MDII for participatory, field-based work with farmers

Use inclusive, participatory methods.

Implement principles through stakeholder workshops, bias audits, co-design
processes, or community validation. These methods are effective even in low-
resource environments and help democratize decision-making.

Engage trusted local partners.

Work with organizations embedded in the community to ground your engagement
in local norms, values and needs. This encourages more relevant and respectful
interactions with participants (see the section on Research partnerships,
recruitment and training).

Define ethical exit strategies.

Establish ex ante decision rules for halting research or deployment if ethical
standards are breached. These should apply to researchers, NGOs, and private-
sector actors alike—and be made transparent to all stakeholders before research
begins.
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Recommendations about interdisciplinary collaboration and partnerships

Embed equity in partner selection.

Include diversity, inclusion and capacity-exchange criteria in calls for proposals.
Prioritize collaborations with national agricultural research and extension systems
and local actors, and ensure clearly defined roles for all team members, including
early-career researchers.

Assess private-sector partnerships for conflicts of interest.

Review partnerships with for-profit actors to ensure data ownership, usage rights,
and benefit-sharing align with CGIAR’s Open and FAIR Data policy and broader
ethical commitments.

Support mutual capacity building.

Ensure social scientists are equipped to engage with Al technologies, and that Al
developers receive training in gender, ethics and inclusion. Cross-disciplinary
literacy is essential for collaboration.

Invest in targeted training.

Use providers such as SheAl and the Inclusive Al Lab to offer technical or gender-
focused training. Refer to curated training resources at CGIAR Gender Equality and
Inclusion to build inclusive skill sets across teams.

Encourage critical self-reflection.

Use tools like the Ethics Pathways activity to examine how researcher positionality,
assumptions and values influence design decisions. Make reflexivity a routine part
of ethical engagement.

Model the values you aim to advance.

Structure research teams to reflect the equitable outcomes your project seeks.
Practice inclusive labor distribution and shared decision-making within your team—
prefiguring systemic change.

Data collection

Recommendations about informed consent and explainability

Clearly explain the research purpose and data use.
Describe what types of data will be collected—personal, behavioral or community-
generated—and how they could be used, reused, or shared in Al development.

Emphasize voluntary participation and withdrawal rights.
Inform participants that their involvement is optional, can be withdrawn at any
time, and that control over future data use may be limited once it is anonymized.

Disclose Al-specific risks and commit to data security.
Explain risks such as re-identification, unintended inferences and opaque algorithm
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behavior. Guarantee de-identification, secure storage and restricted access to
sensitive data.

Renew consent in long-term or high-frequency studies.
When data are collected repeatedly or over extended periods, obtain updated
consent at appropriate intervals to reflect new risks or uses.

Provide a trusted, local point of contact.
Ensure participants can ask questions or raise concerns through a designated
individual or organization, especially in low-resource or multilingual contexts.

Co-develop consent protocols with communities.

Collaborate with community members to create consent formats that reflect local
norms—such as oral, visual or narrative methods—while maintaining individual
consent as a core requirement.

Openly document Al systems when feasible.
Share details about data sources, algorithmic processes and intended outputs to
promote transparency and accountability in research.

Avoid black-box models in sensitive research settings.
Refrain from deploying opaque Al tools where outputs directly affect participants,
or where transparency and reproducibility are essential.

Tailor consent to the AI use case.

In data collection for training Al models, explain long-term implications. In
intervention studies, clarify how the Al system functions and interacts with
participants.

Ethically justify the reuse of public datasets.

Even if data are publicly available, combining them with new analyses or contextual
insights can expose sensitive information in ways that create risks of re-
identification or stigmatization. Researchers should assess whether such reuse
meets ethical standards.

Recommendations about data privacy, safety and security

Publish a participant-friendly privacy and data-protection policy.
Clearly communicate how data will be collected, used, protected and deleted, using
accessible language and formats.

Respect original consent agreements.
Use data only for the purposes agreed upon at the outset. Seek renewed consent
before applying data in, or providing data for, any different context or use case.

Limit data collection to what is necessary.
Collect only data essential to the research purpose. Apply anonymization or
‘pseudonymization’ techniques to protect participant identities.
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Follow best practices in information security.

Use secure channels for transmitting data and restrict access through PINs,
passwords and unique invitations. Regularly audit access and ensure that only
authorized, active personnel can view sensitive data.

Avoid storing identifiable data longer than needed.
Define clear retention periods that comply with legal, ethical and institutional
guidelines. Delete or de-identify data once it is no longer required.

Anticipate risks through built-in safeguards.
In Al-related studies, embed safety mechanisms during research and testing to
detect and mitigate potential harms before tools are deployed.

Include participant-feedback mechanisms.
Enable users to question, challenge or comment on Al-generated outputs during
testing. Use their input to improve tools iteratively before deployment.

Use a human-in-the-loop approach.

Ensure researchers or trained staff review Al-generated recommendations before
they are shared with participants—especially when outputs carry financial, health
or livelihood implications.

Define when human judgment must override Al
Establish clear thresholds and protocols for when Al suggestions should be paused,
rejected or revised based on expert review or contextual concerns.

Refer to related standards and guidance.

Consult the sections on Informed consent and explainability and Deployment and
onboarding, and the CGIAR GENDER research ethics and standards toolkit for additional
guidance.

Recommendations about secondary data

Verify that secondary data meet ethical collection standards.
Confirm that the original data were collected in compliance with ethical norms,
especially regarding ongoing consent, confidentiality and community rights.

Assess alignment with original consent.

Ensure secondary data reuse respects the scope of consent given by participants.
Where sensitivities exist—such as cultural knowledge or risk of re-identification—
consult communities and seek ethics review before reuse.

Document data provenance and planned uses.

Clearly record where the data came from, how it will be used, and whether any
updates or notices are needed for communities or institutions involved in the
original study.
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¢ Evaluate and mitigate potential harms from reuse.
Consider how secondary data might inadvertently expose individuals or groups to
harm. Mitigation strategies include limiting disaggregation, applying noise, or
using generalization and suppression (see Sondeck and Laurent 2025 for a practical
assessment framework).

e Ensure transparency about the dataset’s origin and characteristics.
Provide metadata such as the source institution, collection period, access rights,
data structure, populations represented, and intellectual property status. Clear
documentation prevents misuse and misinterpretation, while enabling researchers
to judge appropriateness, limitations, and safeguards.

Recommendations for deployment and onboarding

e Conduct regular ethical-compliance reviews.
Continually assess whether project activities align with ethical standards, legal
frameworks and community expectations throughout deployment and use.

e Stress-test models for robustness and fairness.
Incorporate adversarial testing to reveal hidden biases, ethical blind spots, and
system weaknesses under real-world conditions.

¢ Minimize data collection and protect identities.
Only collect data essential to the research scope. Apply anonymization or
pseudonymization techniques to reduce privacy risks, especially in low-trust or
high-risk contexts.

¢ Ensure transparent data processing and informed consent.
Clearly explain what data is collected and how it will be used, and obtain explicit
consent before collection—whether the tool is deployed for research purposes or
as a product that collects user data during engagement.

o Develop and maintain an incident-response plan.
Establish procedures to respond quickly to data breaches or security failures,
including user notifications and institutional accountability.

¢ Publish transparency reports and enable real-time monitoring.
Regularly document data sources, usage practices and system updates. Use
monitoring systems to detect performance drift or privacy violations early.

e Embed feedback loops into Al tools.
Create channels for users—such as farmers or advisors—to report errors, offer
suggestions or raise concerns. Use this input to guide iterative improvements.

e Tailor user training to diverse needs and constraints.
Design onboarding to account for differences in access, digital literacy, and
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language. Consider barriers such as connectivity, cost and literacy when planning
delivery.

Design explainable and user-friendly AI outputs.

Ensure AI models generate clear, easily understandable recommendations.
Support understanding through visualizations, plain-language summaries, or local-
language interfaces.

Special topics

Recommendations about user research

Refer to the Methods section of the CGIAR User Research Toolkit.
Use this resource to plan and adapt user-research methods to agricultural settings
in the global South, with guidance on implementation and ethical practice.

Conduct comprehensive needs assessments.
Investigate users’ daily realities, resource constraints, values and cultural norms to
inform deployment, onboarding and long-term support strategies.

Use participatory-research methods.

Engage users in the design, testing and refinement of Al tools. Techniques like co-
design workshops, community media, and participatory action research help align
tools with local priorities and challenge structural inequalities.

Ensure users are fairly acknowledged and compensated.

Recognize user contributions to design and data-collection. Where appropriate,
offer noncoercive incentives—such as financial compensation, certificates or
shared benefits—in line with institutional review or ethics board approvals.

Recommendations about monitoring and evaluating AI systems

Apply the MDII framework from the outset.
Use the MDII to embed ethical and inclusion-focused goals—such as accessibility,
co-creation and equity—throughout the research and development process.

Use the MDII scorecard dashboard to guide improvement.

Monitor a platform’s performance across multiple dimensions using real-time
feedback from users. Adapt the tools iteratively based on insights from
marginalized groups, especially women and underserved communities.

Go beyond surface-level metrics.

Avoid overreliance on indicators like downloads or usage statistics. Instead, assess
engagement, empowerment, and user satisfaction—especially among target
populations in FLWS contexts.
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Adapt evaluation strategies to evolving tools and contexts.
As Al use cases shift, develop new benchmarks that capture their explainability,
power asymmetries, environmental impacts, and other emerging priorities.

Ensure ongoing validation and context-specific updates.

Continually update models using locally relevant data. Regularly test for relevance,
accuracy and unintended impacts, to maintain users’ trust and the tool’s
effectiveness over time.

Recommendations about communicating research using AI

Disclose the use of Al tools clearly and consistently.

Signal transparency to readers by stating when and how AI was used. For example:
“An initial draft of this post was generated using ChatGPT from author prompts,
then revised and edited.”

Use Al to increase accessibility, not erase expertise.
Simplify complex content to reach broader audiences, but tailor its tone and
technical depth to your readers. Balance clarity with intellectual rigor.

Review and revise all AI-generated outputs.
Check for factual accuracy, contextual relevance and originality. Edit your drafts to
retain the voice of the research team and avoid stylistic flattening.

Ensure fairness and inclusion in adapted content.

Carefully edit your work to avoid biased language, stereotypes or examples that
may alienate or disadvantage certain groups, particularly in diverse cultural
settings.

Protect sensitive and unpublished information.
Do not put confidential or unpublished data into Al tools unless explicit safequards
are in place to ensure privacy and prevent leakage.

Maintain human oversight at every stage.
Treat Al as a supportive tool—not a substitute—for ethical judgment, contextual
interpretation and communicative intent.

Recommendations about using AI to help with research

Disclose GenAl use clearly and consistently.

Follow institutional guidance on how to acknowledge Al contributions. Before
submitting papers, check journal-specific requirements regarding Al use,
authorship and disclosures.

Review all AI-generated outputs for accuracy and quality.
Always verify the factual integrity, relevance and tone of Al-generated content
before using it in research or communication.
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e Protect privacy and data security.
Do not put unpublished or sensitive data into GenAl tools without safeguards.
Ensure models do not allow public training using your data.

¢ Use GenAl to increase accessibility and reduce barriers.
Apply GenAl to support tasks such as summarizing text, editing, debugging code,
translating or simplifying language—while retaining human oversight.

e For experimental research (adapted from Chang et al. 2024)

O

Use GenAl to assist with pre-treatment procedures, provided that
researchers remain actively involved in reviewing and refining outputs to
prevent any compromise in research quality.

Prohibit public model training on entered data and ensure the Al platform
provides strong privacy protections.

Elicit informed consent when GenAl is used in a way that may affect
participants, ensuring ethical transparency.

Use GenAl to suggest possible mediators (channels of impact) and
moderators (factors shaping effect sizes), and to explore design variations
that test whether findings are likely to hold in other settings or at larger scale.

Do not delegate experimental procedures to GenAl without piloting,
documenting and reviewing its roles and outputs.

Check whether GenAI changes the fairness or consistency of the
experiment—for example, whether everyone gets the same treatment, follows
instructions the same way, or stays unaffected by others’ treatments—and
adjust the design if it puts validity at risk.

Re-initialize GenAI models consistently and design prompts that capture the
intended constructs.

Critically assess training data and, when appropriate, manually train or fine-
tune models to suit analytical tasks.

Document and stress-test GenAl results to ensure replicability and
transparency for the broader research community.

Reassess resource allocation across research stages in light of GenAI's
changing trade-offs.

Ensure AI-generated hypotheses are interpretable by humans, even when
aided by machine-learning techniques.

Remember that GenAl is not a replacement for human creativity, innovation,
quality or ethical reasoning.
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Recommendations about mitigating risks of GBV

e Establish an anonymous reporting system for GBV.
Provide confidential mechanisms for participants or users to report
harassment, abuse or other harms linked to Al use or research participation.

¢ Follow local ethical protocols for support and referral.
Ensure your research complies with country-specific procedures regarding GBV
response, including referral pathways and duty of care.

e Refer to CGIAR’s GBV Guidelines.
Consult the CGIAR Guidelines for Ethical Engagement with Gender-based Violence in
Food Systems Research for detailed recommendations on safeguarding women
and girls, and responsible engagement.
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