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Abstract
In this work, I introduce the Curated Information Framework (CIF) as a participatory model for governing artificial intel-
ligence (AI) systems. I argue that meaningful AI governance must be understood as integrating practices of resistance 
to technological determinism, reclamation of community authority and sovereignty in technological use domains, and 
reimagining of a collaborative future rather than disclosure and use alone. Using agricultural AI as a central case, I show 
how prevailing transparency regimes often reinforce technocratic power by releasing information in forms that remain 
inaccessible or misaligned with the lived realities of those most affected. Drawing on participatory agricultural research 
and democratic epistemology, I reconceive transparency as epistemic curation: the role-specific, participatory, and iterative 
organization of information to support shared understanding across stakeholders. Through analysis of a case study involv-
ing an autonomous apple-picking system, I show how CIFs can redistribute interpretive authority among engineers, grow-
ers, farmworkers, and regulators, enabling communities not only to understand AI systems but to contest their terms of 
evaluation and deployment. I argue that such frameworks resist epistemic injustice, refuse extractive models of expertise, 
and reclaim governance authority for communities whose labor, land, and knowledge are entangled with AI systems. In 
doing so, I offer a practical and normative account of how AI governance can be re-imagined as a democratic, context-
sensitive, and community-embedded process.
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scientific expertise is privileged over farmers’ lived, local, 
and (often) intergenerational knowledge. PAR challenges 
that hierarchy by insisting that knowledge is situated, plu-
ral, and co-produced, and by directly involving farmers and 
local communities in defining research questions, methods, 
and applications. In doing so, it resists technocratic control 
and redistributes epistemic authority toward those most 
affected by agricultural change.

This same struggle over power animates the governance 
of current AI systems. In dynamic, embodied systems such 
as agricultural AI, naive transparency can itself become a 
form of exclusion when information is disclosed in ways 
that overwhelm, misalign with lived experience, or pre-
serve expert control over interpretation. CIFs respond to 
this problem by reframing transparency as a participatory 
and democratic practice rather than a dump of technical 
information. Importantly, I am not trying to save transpar-
ency as a maximal ideal of disclosure; nor am I willing 
to throw away transparency in its entirety. Instead, I am 
rejecting transparency as a unitary, self-justifying ideal and 

1  Introduction

As artificial intelligence (AI) systems become increasingly 
embedded in agricultural, ecological, and social life, the 
central question of governance is not simply how much 
information institutions disclose, but who has the power 
to define what counts as knowledge, whose understanding 
matters, and who is authorized to interpret technological 
risk. Both participatory agricultural research (PAR) and 
Curated Information Frameworks (CIFs) begin from the 
recognition that dominant, top-down models of expertise 
often reproduce epistemic injustice by treating affected 
communities as passive recipients of knowledge rather than 
as agents capable of shaping it. In agroecology, this problem 
appears in the traditional pipeline model of research, where 
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replacing it with more demanding questions that ought to 
be answered: what information should be shared, by whom, 
when, and for what purpose. The CIF is an attempt to dis-
place naive transparency. I am arguing that while maximal 
disclosure is often useless or harmful, abandoning transpar-
ency altogether would give up on the important demand that 
institutions remain answerable to those affected by their sys-
tems. CIFs core structure focuses on role-specific informa-
tion tiers, participatory construction, and iterative revision, 
and creates a mechanism through which disenfranchised 
communities can help determine what information mat-
ters, how it should be communicated, and how AI systems 
should be assessed over time. In that sense, CIFs do more 
than improve understanding: they function as a counter-
measure to epistemic injustice by redistributing interpretive 
responsibility, respecting epistemic diversity, and enabling 
governance that is contextual, co-constructed, and oriented 
toward the reclamation of power by those whose lives are 
shaped by AI. Importantly, PAR provides the philosophical 
and political foundation for this project, while CIFs trans-
late the needs of communities into a model of AI gover-
nance grounded in democratic accountability and shared 
authority over knowledge.

To develop this argument, I draw not only on PAR but 
also on democratic epistemology. Democratic epistemology 
helps clarify why inclusive and pluralistic knowledge prac-
tices are not merely ethically attractive but epistemically 
valuable: communities with diverse standpoints can iden-
tify risks, blind spots, and evaluative concerns that narrow 
technical perspectives may miss. These together reveal why 
prevailing AI governance models so often fail: they orga-
nize knowledge in ways that preserve existing asymmetries 
of authority and sustain patterned forms of ignorance about 
what communities actually need to know.

I develop these claims through two central moves. First, 
I underscore the philosophical foundations of PAR by 
exploring how agricultural knowledge can be organized in 
ways that challenge hierarchical expertise, foreground co-
production, and treat communities as active participants in 
the governance of innovation, providing us a model for how 
participatory research in AI development can redistribute 
interpretive authority and reclaim knowledge sovereignty. 
Second, the paper applies these insights to agricultural AI 
through a case study involving creating a CIF related to an 
autonomous apple-picking system. This case illustrates how 
concepts such as reliability, error, success, and account-
ability do not carry a single self-evident meaning across 
stakeholder groups. Engineers may understand reliability 
in terms of measurable system performance, while growers 
may interpret it in relation to crop timing, economic pre-
dictability, and seasonal pressures; farmworkers may relate 
it to changing labor conditions, safety, and surveillance; 

regulators may frame it through compliance and liability. 
CIFs provide a way of mediating amongst these divergent 
but legitimate standpoints without reducing them to a sin-
gle technical vocabulary and while respecting the situated 
knowledge of each knower.

The broader contribution of the paper is both practical 
and normative. Practically, it offers the CIF as a model for 
designing governance processes for dynamic AI systems 
that are more responsive to the realities of those who live 
and work with them. Importantly, CIFs are a tool in the 
toolbox towards a broader regulatory architecture. They are 
not themselves a complete regulatory methodology. Nor-
matively, it argues that participatory information design 
can function as a form of resistance to epistemic injustice, 
a refusal of extractive models of expertise, and a means of 
reclaiming governance authority for affected communities. 
In this respect, the paper contributes to wider debates about 
how AI systems might be governed in ways that do not sim-
ply mitigate harm within existing structures of power, but 
instead transform the terms under which authority, account-
ability, and understanding are distributed.

Ultimately, meaningful AI governance ought to inte-
grate practices of resistance to technological determinism 
as a path forward; to allow for reclamation of community 
authority and sovereignty in technological use domains; 
and to reimagine the future of AI governance as one that is 
collaborative and continuously iterative, in the hands of the 
communities which the evaluated system affects.

2  Participatory agricultural research: 
philosophical foundations

Participatory research is an approach to knowledge produc-
tion that emphasizes collaboration, co-creation, and reflex-
ivity. Rather than treating research subjects as a passive 
object of study, participatory research models involve them 
as co-creators and co-investigators in the research process. 
[9, 64] This approach is particularly well suited to agricul-
tural practices and agronomy itself, where farming is deeply 
contextual, place-based, and dynamic. [6]

A core feature of participatory research is that it chal-
lenges the conventional distinction between experts and 
lay people. In traditional, agricultural scientific research 
paradigms, knowledge is assumed to be “created” in uni-
versities and laboratories, then passed along through a 
unidirectional pipeline until it reaches farmers in the field. 
This technology-transfer paradigm often discounts farmer 
contributions, focusing on technological adoption over 
situated understanding. Such an epistemic structure helps 
explain why these approaches can lead to compounding 
environmental challenges. When research and intervention 
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design exclude farmer’s experiential and ecological situ-
ated knowledge, agricultural challenges are more likely to 
be framed as discrete technical problems requiring scalable 
inputs (such as pesticides) rather than complex ecological 
dynamics. Resultingly, interventions may fail to account 
for local variation and long-term system effects. This has 
led to such challenges as the “pesticide treadmill.” Dis-
cussed since the 1970 s, this treadmill is the phenomenon 
where insects evolve to become resistant to pesticides, lead-
ing to more application, higher concentration, and/or new 
chemicals being used, leading to still further resistance. [7] 
While the evolution of pests is a biological process, it is 
also shaped by governance structures which privilege stan-
dardized technological fixes over participatory, context-
sensitive approaches. Farmers may possess early insights 
into resistance abilities and ecological imbalance, but in 
non-participatory research systems, such knowledge goes 
unincorporated.

In this sense, the persistence of the pesticide treadmill 
reflects not only ecological dynamics, but epistemic as well 
as institutional failure: a system of knowledge which mar-
ginalizes actors who may be the most attuned to the environ-
ments being managed. As Warner notes, “the [traditional] 
extension practice that helped create industrial agriculture 
is unlikely to be able to help it manage the environmental 
problems that result from this kind of farming.” (Warner 
2008:3) [65] This happens, in part, because it continues to 
rely on the same non-participatory assumptions that pro-
duced the initial problems.

This linear model is both epistemically flawed and ethi-
cally problematic, as it discounts the rich, context-dependent 
knowledge that farmers and growers accumulate through 
lived experience in the field. In contrast, participatory agri-
cultural research complements agroecology by involving 
farmers and other stakeholders in every stage of the research 
process, engaging them in knowledge production. Recog-
nizing farmers as vital custodians of agricultural systems, 
the PAR approach values local knowledge and integrates it 
with scientific research. Farmers collaborate with research-
ers to identify challenges, set research priorities, and par-
ticipate in experimental design, implementation, and data 
collection, often conducted directly in their fields. This two-
way exchange of knowledge allows for the opportunity to 
blend scientific insights with local knowledge, as well as 
potentially traditional ecological knowledge (TEK), equip-
ping farmers with tools and skills to adapt and manage 
their systems effectively while valuing local and traditional 
knowledge as both legitimate and indispensable parts of the 
scientific process. [49, 67] While PAR does not necessarily 
have to involve TEK, it often benefits from incorporating it, 
depending on the context and goals of the research.

The iterative nature of this research ensures its relevance 
and practicality by incorporating continuous feedback 
from participants. [49] Key philosophical features of par-
ticipatory agricultural research are (i) knowledge as a co-
production process; (ii) democratization of expertise; and 
(iii) reflexivity in research practices through integrating and 
incorporating feedback from farmers and other stakehold-
ers themselves. This differs from the extractive or hierarchi-
cal models we have discussed; in particular, the technology 
pipeline model. As we will uncover in Sect. 3, PAR allows 
us to have a much richer epistemic picture of agroecological 
findings.

The epistemic shift in PAR aligns with broader move-
ments in feminist epistemology, indigenous studies, and 
science and technology studies (STS) that critique the sup-
posed neutrality of, and universalizability of, scientific 
knowledge. [33] Donna Haraway (2013) argues that all 
knowledge is situated, meaning it is shaped by the social, 
historical and ecological contexts by which it emerges. 
[32] Participatory research embodies this idea by valuing 
the lived experiences of farmers, recognizing that the deep 
place-based knowledge they have offers insights which for-
mal institutions often overlook. Haraway’s account of situ-
ated knowledge supports this emphasis on partial, embodied 
and accountable perspectives, as it is objectively grounded 
in limited location and "views from somewhere". [32] Har-
away also suggests that knowledge regimes can be studies 
through material-semiotic practices and field sites through 
which objects, boundaries and scientific authority are pro-
duced. [31] As such, site visits themselves become analyti-
cally rigorous and key to qualitative work, as is the case 
with this work.

Harding (1991) expands on this, advocating for epistemic 
pluralism, which suggests that multiple forms of knowing 
(including indigenous and experiential knowledge) ought to 
be integrated to achieve a more just and holistic understand-
ing of the world. [33] In PAR, epistemic plurality challenges 
the conventional hierarchy that privileges scientific, over 
experiential, knowledge. The traditional pipeline model of 
agricultural extension, for example, treats farmers as pas-
sive recipients of technological innovation and scientific 
works; PAR replaces this with a framework that recognizes 
farmers as co-researchers and collaborators. [35] This shift 
acknowledges that the sustainability of farming systems 
relies upon not only technological advances but also the 
deep contextual knowledge of those working the land daily.

There is a stark contrast between objectivist epistemol-
ogy, and this richer, situated, participatory knowing. Partici-
patory research fosters new epistemic communities, where 
knowledge is co-produced; in the context of agriculture, par-
ticipatory research foregrounds the knowledge of those most 
directly engaged with the land, acknowledging that farming 
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expertise cannot be boiled down to controlled experiments 
or abstract models, but emerges through embodied, practi-
cal, and collective experiences. [52] As such, participatory 
research fosters new epistemic communities, where knowl-
edge is co-produced, blending both lived experience and 
scientific inquiry. Such an approach to information organi-
zation is both a refusal of extractive informational asym-
metry, as well as allowing the organization of information 
to act as a site of democratic engagement.

There is also the role of reflexivity to consider: participa-
tory research is a continuous process, a cycle of learning, 
feedback and adaptation based on learning and feedback. 
This epistemically pluralistic framework not only enriches 
our understanding of agroecological processes, but also 
democratizes knowledge production, making it more inclu-
sive and responsive to local needs.

The ethics of participatory research stem from its commit-
ment to justice, autonomy, and empowerment of local and 
traditional actors; conventional agricultural research often 
perpetuates epistemic injustice, wherein the knowledge of 
farmers (in particular those from Indigenous communi-
ties, smallholders, and women) is systematically devalued. 
[65–67] PAR seeks to rectify this through ensuring that 
those most affected by agricultural challenges are actively 
engaged in defining research questions, methodologies, and 
applications, bringing an “emic (insider) perspective”. [53] 
In other words, PAR challenges these injustices directly, 
recognizing local knowledge as legitimate and valuable in 
the ethics of knowledge production.

PAR also addresses the role of power in research. Par-
ticipatory models resist technocratic control, and encourage 
autonomy in agricultural communities. Such knowledge 
production is a collaborative effort where scientific, prac-
tical, and ecological concerns must align, requiring ongo-
ing negotiation and adaptation to the specificities of place 
and practice. In following these calls for collaborative 
research, work, and respect for TEK, we may well make 
strides towards what Kyle Whyte (2016) calls respecting the 
“collective capacity” of indigenous peoples and landscapes. 
[66] In doing so, such participatory models of information-
sharing grant authority over the meaning of information to 
groups other than the technocratic authority, making rec-
lamation of governance authority possible (as will be dis-
cussed in Sect. 6).

Beyond epistemic justice, participatory research embod-
ies an ethic of care: care for land, care for local communities, 
and for future generations. (Thompson 2017) By integrating 
ethical considerations into research design, participatory 
approaches align closely with the principles of ecological 
resilience, sustainability, and social equity. We ought not to 
treat governance and participatory research as something 
that can be captured by purely quantifiable outputs. This is 

a push against purely objectivist knowledge regimes, which 
are in tension with TEK.

PAR cannot survive in a vacuum. Institutional structures, 
policy frameworks, and long-term funding mechanisms are 
critical to sustaining such collaborative research initiatives. 
Warner (2008) highlights that, while participatory models 
empower farmers, their success depends on institutional 
backing that facilitates ongoing engagement and knowledge 
exchange. PAR plays a crucial role in shaping sustainable 
agriculture by fostering resilient farming systems based on 
local adaptation, biodiversity, and farmer autonomy. [28] 
Participatory models require institutional support, policy 
alignment, and frameworks that enable long-term farmer-
researcher partnerships. [64]

Participatory Agricultural Research represents a para-
digm shift in agricultural knowledge production, chal-
lenging traditional scientific hierarchies by incorporating 
farmers and stakeholders as co-creators of knowledge 
alongside researchers. This transition challenges the tradi-
tional paradigms of agricultural science, which have his-
torically positioned researchers and scientific institutions 
as primary knowledge producers while relegating farmers 
and their communities to the role of passive recipients of 
scientific advancements, and gives us a foundational model 
for the refusal of extractive informational asymmetry in the 
face of AI adoption.

The broader significance of PAR stems from its abil-
ity to democratize knowledge, empower communities, 
and transform agricultural systems into more sustainable 
and just systems of production. Participatory agricultural 
research fosters agroecological knowledge, democratizes 
expertise, and embraces farmer-led innovation. By embrac-
ing epistemic plurality, fostering farmer involvement and 
autonomy, and integrating both scientific and experiential 
knowledge, PAR offers a pathway towards a more resilient 
agricultural system. Moving forward, a commitment to par-
ticipatory research will be essential for building just and 
sustainable systems that prioritize collaboration, care, and 
ecological wisdom, particularly in the face of novel techno-
logical adoption such as Agricultural Artificial Intelligence. 
[62, 66]

3  Agricultural AI, or AgAI

Artificial Intelligence (AI) systems increasingly act not 
merely as informational tools but as dynamic systems 
embedded within physical and social environments. Such 
AIs adapt through retraining, respond to hyper-local condi-
tions, and interact continuously with human users [50]. Addi-
tionally, they actively, iteratively reshape the environments 
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they are designed to impact, sometimes to the detriment of 
those who engage with said environment. [19]

Agricultural AI (AgAI) provides a particularly reveal-
ing domain in which to examine these conditions and chal-
lenges. AgAI systems operate directly on land, crops, labor 
practices, and ecosystems. Their ethical and social impacts 
are highly context-dependent, varying by region, crop, and 
community. Moreover, these systems are embedded within 
complex social relations involving engineers, growers, 
farmworkers, regulators, and Indigenous or local knowledge 
holders. Local knowledge may be defined “as situated, prac-
tice-based expertise developed through sustained interac-
tion with a particular ecological and/or social environment; 
it is often contrasted with generalized scientific knowledge 
in that it is hyper-specific, experiential, and context-bound” 
(LaRosa 2025:136; see also Thompson 2010; Ludwig et al. 
2018). [41] [45, 60] As will be uncovered in the following 
section, AgAI requires coordination across diverse forms of 
expertise.

AgAI systems possess three features that distinguish them 
from many other non-physical AI applications, underscor-
ing their dynamic nature and exemplifying the challenges 
that lay at the heart of attempting to govern such systems. 
Importantly, they are materially embedded in the world and 
co-evolve with it; are context sensitive; and are socially 
entangled. These features often overlap, and the presence of 
one feature can contribute to the presence of others. Current 
AgAI development practices ought to consider each of these 
features in turn, as well as collectively.

First, such systems co-evolve with their context of 
deployment. Unlike recommendation algorithms or large 
language models, AgAI systems act directly on physical 
environments, altering crops, soil, labor conditions, and 
ecosystems. However, the co-evolution here should not be 
understood solely as physical; the sociocultural becomes 
material and salient for for AgAI’s co-evolution in the sense 
that traditions, institutions, and values become embedded in 
both our stewardship of land, and of technological systems 
themselves. Cultural norms and social policies leave a last-
ing impact on our AI systems, as well as the datasets they are 
trained on. In this way, AgAI systems exist in material con-
texts that are simultaneously physical and sociocultural, with 
their dynamic nature meaning they transform these contexts 
even as they themselves change. A governance challenge 
emerges from such materiality: as AgAI are co-evolving 
with their physical and sociocultural contexts, effects tend 
to have a spillover effect. Decisions made by an algorithm 
are influenced by, and in turn stand to reshape, policy and 
farming practices. Additionally, as AgAI becomes the norm 
in agricultural praxis, said systems can entrench particular 
labor or growing practices. This may generate path depen-
dency, where (regardless of consequences of use) stopping 

the use of a dynamic system becomes costly and difficult. 
Governance approaches must therefore be able to anticipate 
and respond to downstream systemic consequences of cur-
rent design and adoption decisions.

Second, such systems are context-sensitive. Performance 
and impact vary dramatically across regions, crops, and 
farming practices. A system optimized for one orchard may 
perform poorly, or dangerously, in another. Governance 
models that presuppose centralized, technological-expert-
driven regulatory architecture becomes ill-fitted to the needs 
of AgAI, as such governance models lack the context-sen-
sitivity needed to appropriately capture and integrate local 
knowledge and expertise. We have long seen the limitations 
of technocratic approaches called into reproach where lay 
knowledge and situated expertise are epistemically signifi-
cant (see Longino, 2002; Bucchi, 2009; Friedman, 2019). 
[5, 23, 44] These limitations become increasingly important: 
should both local and hyperlocal conditions go unacknowl-
edged, these systems risk technical as well as epistemic fail-
ure. For example, AgAI trained on generalized datasets risk 
misclassification of weeds or crops; mismanagement of irri-
gation for a unique block or orchard; or making recommen-
dations inappropriate for the microclimate of the area. The 
issue is not merely technical failure in the familiar sense of 
“garbage in, garbage out”; rather, agriculture is a domain in 
which the conditions of successful action are partly consti-
tuted by situated ecological and practical knowledge. The 
adequacy of an AgAI system, therefore, cannot be deter-
mined solely at the level of generalized model performance; 
it must also be assessed in relation to the local conditions 
that define what competent performance is in the first place. 
AgaI exposes the limitations of technocratic governance: 
where local knowledge is constitutive rather than supple-
mentary, centralized expertise alone is insufficient. AgAI is 
distinctive, not because it alone requires contextual calibra-
tion, but because the relevant context is both materially and 
operationally embedded in the object of governance itself.

Beyond technical failure, neglecting local knowledge and 
Traditional Ecological Knowledge (TEK) constitutes epis-
temic injustice. [67] [48] Miranda Fricker (2007) defines 
epistemic injustice as the wrong done to someone in their 
capacity as a knower, expanding on this in 2017 to encapsu-
late practices whereby marginalized groups are denied full 
participation in knowledge practices that impact them. [21, 
22] In agricultural practices, when developers and regulators 
privilege abstract models over lived experience, discount-
ing said lived experience as “anecdotal” due to prejudicial 
judgements, farmers and land stewards are denied credibil-
ity and authority in shaping the systems which impact their 
environments, leading to epistemic injustice. With both 
technical and epistemic failures in mind, a “one-size-fits-
all” approach which ignores the context-sensitive needs of 
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AgAI (as it currently stands without just knowledge integra-
tion) may well lead to technical as well as epistemic failure 
events with catastrophic results. As such, granting authority 
over the meaning of information and making reclamation 
of governance authority possible becomes critical for just 
AI adoption.

Lastly, AgAI are socially entangled. These systems 
exist, not only in material systems, but also in sociopoliti-
cal relations, engaging with labor, land stewardship, and 
livelihoods. AgAI’s context-dependency, coupled with 
their embeddedness, leads to distinct entanglement issues. 
Though this is an implication of the previous two points, 
social entanglement deserves to be acknowledged in its own 
right. AgAI systems operate within networks of growers, 
farmworkers, engineers, regulators, and communities whose 
livelihoods and knowledge systems are directly affected by 
technological changes. Through these systems’ use, we see 
a blurring of public and private boundaries: though systems 
may operate on private farms, their visibility and knowl-
edge about use shapes labor dynamics; their deployment 
may shape biodiversity; and said use may impact regulatory 
obligations related to emissions and environmental impacts. 
[47] [46] AgAI are not isolated technical tools, but are 
instead infrastructural actors, co-constituting landscapes, 
economies, and farming itself. Their public nature as actors 
creates an epistemic uncertainty: who is entitled to over-
sight, who bears responsibility, and who should participate 
in governance gets called into question. Fragmented over-
sight which ignores social entanglement lacks the epistemic 
and contextual sensitivity needed in dynamic, multi-actor 
systems (for further discussion on this point, see LaRosa 
(2025)). [41]

These three features, along with the above analysis, ren-
der one-size-fits-all governance models applied to AI sys-
tems inadequate at best. Local, user level governance is the 
focal point of the CIF; it is intended to help provide shared, 
locally-applied implementation rather than a sweeping reg-
ulatory framework. Governance must be capable of mediat-
ing amongst multiple epistemic communities with distinct 
priorities, vocabularies, and risk perceptions. It must also be 
materially reflexive, epistemically plural, and participatory: 
such governance ought to draw on local expertise as well as 
TEK alongside analytically rigorous methods to inform the 
approach to the system. Importantly, however, governance 
surrounding these systems must first address the concerns 
that arise when we attempt to have transparent governance 
of dynamic AI—and grapple with the challenges that arise 
when we have informational overload. Justifiable AI gover-
nance requires that any approach ought to be contextual and 
co-constructed. As such, we ought to turn to the concept of 
transparency, and to how curation of information can serve 
our goals.

4  Transparency beyond disclosure: curated 
information frameworks

Transparency is treated as an unqualified good in AI ethics: 
more transparency is assumed to yield more accountability, 
justifiable trustworthiness, and better governance. [20, 34, 
42] This assumption underlies many regulatory proposals 
that emphasize too-broad an access to source code, datas-
ets, or performance metrics. In another camp, we have those 
who argue that transparency is only sometimes a good; or, 
indeed, may be a red herring (see Creel (2020), Durán and 
Jongsma (2021), and Sullivan (2022)). [11, 15, 58] Simi-
larly, we have many who have argued that explainability 
and interpretability of AI systems are not unqualified goods. 
[27, 37, 43] While these arguments are not necessarily 
couched in the language of transparency, they are largely 
making the same point that I am: naive transparency is nei-
ther achievable nor desirable in many AI contexts, and as 
such, we should be seeking something more.

Proprietary constraints, security risks, and sheer sys-
tem complexity limit what can be disclosed. [24, 51] More 
importantly, even when disclosure is possible, it does not 
guarantee understanding. [3, 55] [69] Raw performance 
metrics, disclosures, or code repositories are often unin-
telligible to those most affected by AI systems, including 
workers and local communities. [29, 63] By providing all 
available information but withholding the tools necessary to 
interpret or understand said information, such transparency 
can foster a form of selective ignorance whereby the audi-
ence believes they have the information but lacks a coherent 
understanding of the subject itself (what Dotson might call 
third order epistemic oppression (Dotson 2014)) [17] [14] 
What is needed is not mere informational access, but quali-
tative forms of understanding, without which transparency 
can leave audiences formally informed yet substantively 
disoriented. [38]

Justifiable transparency, therefore, should not be under-
stood as the maximal release of information, but as the 
provision of information that is adequate for the purposes 
of accountability, decision-making, and ethical evalua-
tion. We ought to seek improved interpretive capacity by 
knowers. This shift reframes transparency as a relational 
and intentional practice, rather than an absolute ideal with-
out additional context. Philosophical work on transpar-
ency emphasizes this point. Kevin Elliott’s 2022 taxonomy 
identifies multiple dimensions of transparency (purpose, 
audience, content, mode, and danger), highlighting that 
transparency must be evaluated relative to who needs to 
know what, and why. [18] Elliott’s taxonomy calls for 
audience-specific modes of disclosure while respecting 
interpretive capacity: regulators, community members, and 
operators of systems will need different kinds of information 



1 3

Page 7 of 17    407 AI and Ethics           (2026) 6:407 

to make sense of the systems embedded in their material and 
cultural landscapes. Any form of rich knowledge, such as 
those affecting and being affected by dynamic systems, can-
not be reduced to a single, universal model without risking 
what epistemic injustice, erasure or marginalization of ways 
of knowing embedded in material and cultural worlds. From 
this perspective, indiscriminate disclosure can function as a 
form of opacity, obscuring rather than clarifying ethical and 
practical stakes. [41]

Building on these insights, the Curated Information 
Framework (CIF) was created as a model for context-sen-
sitive transparency in dynamic AI governance. CIF creation 
and implementation rejects the notion that transparency 
consists of exposing systems “as they are.” Instead, this 
approach, as it is both a methodology and a governance tool, 
treats transparency as a practice of knowledge curation: the 
selective, structured, and audience-specific presentation of 
information designed to support meaningful understanding 
in a way that gives power back to the knower. Per Wilholt 
(2020), proper curation can facilitate knowledge acquisi-
tion, and enable a more informed decision. As such, we 
may see various forms of authority emerge, allowing for 
a more robust governance of AI systems. [68] CIFs oper-
ate via selective, purposeful information sharing, grounded 
in a commitment to democratic epistemology [13, 24, 61] 
Unlike naive or full transparency, curation (as proposed by 
Elabbar (2023)) emphasizes relevance, clarity, and usability 
that factors in a stakeholder’s educational background and 
specific goals. [16]

A CIF is thus defined by three core features: 

1.	 Role-specific information sharing, which aligns disclo-
sures with the needs and capacities of distinct stake-
holder groups;

2.	 Participatory construction, in which affected com-
munities help determine what information matters to 
each stakeholder community and how it should be 
communicated;

3.	 Iterative revision, recognizing that both AI systems and 
social contexts evolve over time.

The CIF’s strongest advantage is not more participation, 
but what happens after participation. It is better than exist-
ing methodologies, not because it is more participatory; but 
because it is better for AI adoption in that it converts par-
ticipation into an ongoing communication infrastructure. 
Whereas participatory methods can surface lived experi-
ences, local knowledge, and stakeholder values, the CIF 
goes further, asking how said knowledge becomes timely, 
role-specific, useable, and revisable guidance for those who 
are affected by and live alongside an AI system.

Participatory research already argues that communities 
ought to help define and analyze problems that affect them. 
Cornwall and Jewkes (1995) define participatory research 
as a shift away from extractive expert-led inquiry, while 
Chamber’s (1994) Participatory Rural Appraisal (PRA) 
emphasizes methods that allow local communities to share, 
analyze, plan and act on their own knowledge. [8, 10] Par-
ticipatory AI literature has identified a major weakness in 
current participatory practices: participation is often vague, 
uneven, or merely symbolic. Birhane et al. (2022) warn 
that participatory AI can suffer from unclear expectations, 
co-opting, and conflation with weaker forms of consulta-
tion; Delgado et al. (2023) argue that AI design lacks clarity 
about what meaningful stakeholder agency truly entails; and 
Groves et al. (2023) find that participation in commercial 
AI labs is often piecemeal and has little decision-making 
impact on the technology. [4] [12, 30] The CIF responds 
to these gaps by making participation legible as outputs 
and obligations: local lexicons, explanation profiles, public 
toolkits, interface prototypes, warnings, disclosure formats, 
and continuing revisions. Additionally, AI documentation 
frameworks such as datasheets for datasets may improve 
technical documentation, but it does not assist in public-
facing AI adoption as thoroughly as the CIF: the CIF, rather 
than primarily documenting for technical or downstream 
users, asks how information should be curated for different 
audiences with different stakes, literacies, languages, and 
decision points. [26]

CIFs are explicitly grounded in a more democratic epis-
temology, which holds that knowledge relevant to collective 
decision-making is distributed across social groups rather 
than concentrated amongst technical experts alone. [29] By 
treating transparency as a curatorial, ongoing, community-
embedded process, CIFs shift the focus from disclosure, to 
that of understanding. Transparency as a process through 
the implementation of a CIF therefore becomes a means of 
coordinating diverse forms of knowledge about a system, 
rather than merely a symbolic gesture of openness that 
evades responsible information sharing. Trustworthiness in 
AI governance becomes a relational achievement, accom-
plished via governance processes that affected and engaged 
communities see as responsive and revisable. Justifiable AI 
governance, should we seek to have such a thing, ought to 
be both contextual and co-constructed; as will be discussed 
in Sect. 6, CIFs allow for these criteria to manifest.
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5  Case study: an autonomous apple-picking 
system

To illustrate the development and operation of CIFs in prac-
tice, we ought to examine a real-world 2024 case study 
conducted in partnership with AgAID. This section devel-
ops the Curated Information Framework (CIF) through 
an extended case study centered on the development and 
early-stage evaluation of an autonomous apple-picking sys-
tem in the Pacific Northwest of the United States of Amer-
ica, developed by Dr. Joseph Davidson and his lab out of 
Oregon State University, and serves as a proof of concept 
for how curated, participatory transparency can function 
as an understanding mechanism for dynamic AI systems 
and provide people with the preconditions to enable just 
governance.

Traditional transparency approaches, such as releasing 
performance metrics or technical documentation, do little to 
bridge these interpretive gaps and stand to reinforce existing 
hierarchies of expertise. [40, 56] CIF development, and an 
in-vivo workshop, were therefore designed to mediate these 
differences.

The process unfolded in six phases: 

1.	 Curated interviews to identify stakeholder concerns and 
informational priorities;

2.	 Pre-workshop surveys to assess baseline understanding;
3.	 Participatory lexicon-building, using a case study, 

around such contested terms as “failure,” “risk,” and 
“autonomy”;

4.	 Collaborative, clear mapping of who needs to know 
what, when, and how, as well as potential dangers of 
sharing said information;

5.	 Publication of the resulting framework as an open, revis-
able document; and

6.	 Iterative follow-up as the system evolved.

The CIF methodology focuses on qualitative, rather than 
quantitative, output, as governance and participatory action 
cannot be effectively captured through quantitative measures 
alone. While the participatory orientation of the CIF aligns 
similarly to participatory design, the CIF is not intended as a 
design methodology. As a form of participatory governance, 
it operates adjacent to such methodology through using par-
ticipatory tools, but its main function is to become an infor-
mational infrastructure for AI adoption. Where participatory 
methodologies focus on how knowledge is produced, the 
CIF focuses on how knowledge is communicated, updated, 
and made actionable during or after inquiry. The CIF trans-
lates stakeholder knowledge, technical system behavior, 
and institutional responsibilities into practical, role-specific 

guidance that can be reviewed as technologies, contexts, 
and user needs shift and change over time.1

The resulting CIF specified, for each stakeholder group, 
the form, content, and dissemination of relevant informa-
tion. For example, farmworkers were determined to need 
safety-oriented explanations tied to observable system 
behaviors, whereas growers were determined to need eco-
nomic and operational summaries.

5.1  Context and system description

The autonomous apple picker focused on by Davidson's 
lab integrates computer vision, robotic manipulation, and 
machine learning to identify, grasp, and harvest apples 
within commercial orchard environments. Unlike non-
autonomous AI robotics, the highlighted dynamic system 
operates in highly variable field conditions, interacting with 
living plants, uneven terrain, and human laborers. Its per-
formance is therefore shaped, not only by internal technical 
parameters, but by local ecological and social factors. Dur-
ing early evaluations, the following (hypothetical but realis-
tic) failure scenario was presented to participants:

“You are working with an autonomous apple picker that 
has a dexterity and grip similar to that of a human apple 
picker. The apple picker is being used in an orchard block 
of jazz apples. The autonomous picker identifies an apple, 
attempts to grasp that apple, fails, and moves on to the next 
tree. The system left over half the ripe apples on the tree. 
The system does not offer a reason as to why it failed to pick 
the apples, nor a reason as to why it moved on to the next 
tree. A human picker is following the system, and picks the 
apples it does not. Given this situation, what would it mean 
for the autonomous apple picker to be/have X?”

Interestingly, the case study’s system successfully navi-
gates orchard rows and identifies ripe fruit, but fails to grasp 
more than half of the apples, leaving them on the tree without 
providing any explanation for its behavior. A human picker 
follows behind the machine, compensating for its missed 
harvest. Importantly, the human picker is not provided 
a rationale as to why the autonomous picker neglected to 
pick the fruit. This scenario deliberately foregrounds opac-
ity at the level that matters most to end users: not algorith-
mic opacity per se, but the absence of interpretable reasons 
for action and failure. Early stakeholder assessments using 
this case study as a foil for contested terms revealed signifi-
cant epistemic mismatches between stakeholders. One key 
example would be the difference in approaches to the notion 
of “reliability”, as will be explored in Sect. 5.2.

1  For a robust breakdown of the methodology, see Appendix (Curated 
information framework methodology).
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5.2  Epistemic mismatches and the limits of Naive 
transparency

Initial stakeholder engagement revealed deep epistemic 
asymmetries across participant groups. This is thrown into 
sharp relief when examining definitional interpretations of 
system “reliability”, determined via anonymized interviews 
conducted by myself. Engineers tended to interpret system 
reliability in terms of measurable performance metrics such 
as success rates, or mechanical tolerances. One interviewee 
stated for a system to be reliable meant "performing at 
tolerance function". Growers framed reliability economi-
cally, focusing on yield consistency, labor substitution, and 
return on investment ("I mean, what is the ROI?" is a quote 
from one grower when questioned about reliability of the 
apple picker in question). Farmworkers, by contrast, under-
stood reliability through embodied interaction: whether the 
machine moved predictably, respected spatial norms, and 
could be safely anticipated to act without harm to them-
selves or others ("Will it hurt me?" was a common refrain in 
the interview, applying not only to reliability but also trust-
worthiness). These tendencies were determined by myself.

Crucially, none of these interpretations were reducible to 
one another. It was predetermined that releasing raw perfor-
mance data or technical documentation would not have rec-
onciled these divergent understandings. As others who came 
before me have uncovered, such disclosure risks reinforcing 
agnotological failures, producing ignorance through over-
load, misalignment, or misplaced authority (see Bawden 
and Robinson (2009) and Schaffer et al. (2019)). [2] [54] 
This illustrates a central claim of the CIF approach: trans-
parency without doing sufficient interpretive work is not 
only unsatisfactory but potentially harmful in deployment 
scenarios when it comes to socially entangled, dynamic AI 
systems.

5.3  CIF methodology: six phases of participatory 
information-sharing design

To address said epistemic mismatches, I implemented a six-
phase CIF methodology, designed to elicit, organize, and 
iteratively refine role-specific informational needs. Stake-
holder groups were determined via collaboration between 
myself and AgAID, as well as through a snowball sampling 
method.

Phase 1: Curated interviews
Structured interviews were conducted with stakehold-

ers across the agricultural value chain, including engineers, 
growers, farm labor representatives, extension specialists, 
and researchers. Interview questions were co-developed 
with institutional partners and pared down to essential 

prompts to respect participants’ time while surfacing core 
informational priorities.

Phase 2: Pre-Workshop surveys
Participants completed surveys assessing baseline 

assumptions about who should share information about the 
system, at what stages of deployment, through which chan-
nels, and for which audiences. These surveys provided an 
initial map of epistemic expectations and revealed signifi-
cant divergence across groups.

Phase 3: Participatory Lexicon-building
In a facilitated workshop, participants engaged in small-

group discussions centered on the above apple picker failure 
scenario. Using a curated vocabulary list drawn from inter-
view data, groups explored what terms such as “reliability,” 
“failure,” “autonomy,” and “accountability” meant in this 
specific context. The aim was not to fix definitions, but to 
surface how meanings shift across epistemic roles.

Phase 4: Collaborative information mapping
Participants then identified (i) what information each 

stakeholder group needs, (ii) when it should be shared, (iii) 
in what form, and (iv) by whom. Participants also (v) identi-
fied and articulated potential harms or dangers of sharing 
said information for each community group. This phase 
translated abstract concerns into concrete informational 
responsibilities, revealing that different groups require qual-
itatively different kinds of explanations rather than different 
quantities of the same data.

Phase 5: Framework synthesis and publication
The resulting CIF was collaboratively drafted in-vivo 

as an open, editable document specifying role-based infor-
mation tiers. For example, farmworkers prioritized expla-
nations of system behavior and safety protocols, growers 
emphasized operational reliability and economic impact, and 
regulators focused on environmental and labor implications. 
The framework was released for two weeks as an editable 
document to all participants, and then closed and published 
as an open-source resource to contributors through AgAID 
to encourage adaptation and iterative upkeep.

Phase 6: Iterative evaluation and revision
Post-workshop surveys mirrored the pre-workshop sur-

veys, allowing the team to assess shifts in understanding 
and alignment. Although long-term iterative upkeep was 
limited by project timelines, the CIF methodology explic-
itly builds in protocols for ongoing revision as technologies 
and community tolerance for failure evolve, recommending 
an updating every three months with a reconvening of com-
munity parties and newly identified stakeholders annually.
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5.4  Outcomes: situated transparency and epistemic 
infrastructure

The primary outcome of the CIF process was not consensus 
on system performance, but the construction of an epistemic 
infrastructure capable of supporting disagreement without 
misunderstanding. By epistemic infrastructure, I mean the 
organized social, technical, and communicative system that 
determines how knowledge becomes understandable, use-
able, and reviseable for affected participant communities. 
Participants reported greater confidence in their ability to 
interpret system behavior, articulate concerns, and identify 
when expectations had been violated. Importantly, the CIF 
did not eliminate opacity at the technical level. Instead, it 
redistributed epistemic responsibility: engineers remained 
accountable for system design, but the burden of interpreta-
tion no longer fell unjustly on non-technical stakeholders. 
In this sense, CIFs function as countermeasures to epistemic 
injustice, ensuring that those affected by AI systems are not 
excluded from meaningful understanding due to erroneous 
transparency practices. Critically, CIFs balance an openness 
of the information surrounding an AI system with intelligi-
bility, rejecting the idea that disclosure without guidance is a 
justified governance practice. In this sense, CIFs function as 
countermeasures to epistemic injustice, ensuring that those 
affected by AI systems are not excluded from meaningful 
understanding due to erroneous transparency practices.

5.5  The apple picker as proof of concept

The autonomous apple picker case demonstrates that 
appropriate, understandable AI deployment depends less 
on maximal disclosure, and more on situated explicability. 
Information must be curated according to relevance, digest-
ibility, and actionability, relative to the epistemic role of 
the recipient. When transparency is treated as a practice of 
democratic coordination rather than a full data release, it 
can support a Baierian form of trust between the deploying 
community and affected agents without demanding techni-
cal expertise from all participants (see Grasswick (2010) on 
earning epistemic trust with lay communities via knowledge 
sharing) [1, 29].This case therefore underscores that Curated 
Information Frameworks stand to provide a viable, ethically 
grounded mechanism for governing dynamic, embodied AI 
systems in context-sensitive domains such as agriculture. 
Situational transparency is transparency as a relational, con-
textual practice, where explanations must be tailored to the 
lived experience of stakeholders so they can understand, 
evaluate, question, and act on AI systems which affect them. 
By embedding appropriate, situated transparency within 
participatory processes, CIFs transform explanation from a 

technical artifact into a shared, contextual, co-constructed 
social practice of participatory information-sharing.

6  Participatory information-sharing design 
as resistance, refusal, and reclamation

Participatory, information-sharing design should be under-
stood both as an improved method of transparency, and as 
a normative intervention into the distribution of epistemic 
authority in AI governance. It can function simultaneously 
as a resistance to epistemic injustice, a refusal of extractive 
models of expertise, and a means of reclaiming governance 
authority for affected communities. [14, 21, 29] In many 
governance settings, technical actors determine what counts 
as relevant information, which risks matter, and what forms 
of explanation are adequate, while affected communities 
are positioned as recipients of already-curated knowledge. 
Such an arrangement is not neutral; it privileges expert 
standpoints and reproduces epistemic injustice by denying 
communities standing as credible interpreters of the very 
conditions that shape their lives. [14, 21]

Participatory information-sharing design resists this 
structure by treating the organization of information itself 
as a site of democratic engagement. Rather than assuming 
experts first generate understanding, and then transmit it 
outward, it begins from the premise that meaningful under-
standing must be co-constructed across different social 
positions and forms of experience. This matters because 
transparency, by itself, does not guarantee understandabil-
ity, uptake, nor allow for contestability. Institutions may dis-
close substantial information while preserving control over 
its framing and practical meaning. Under such conditions, 
affected groups may be told more while remaining unable 
to challenge what the information omits, what standards it 
encodes, or how success and failure are being defined. [41] 
Participatory information-sharing design resists this pat-
tern by asking not only what information should be shared, 
but who gets to decide what is relevant, intelligible, and 
action-guiding.

This resistance is especially important in domains such as 
agriculture, where local, lived, experience-based knowledge 
has typically been subordinated to formal expertise. The 
CIF is intended to intervene at a local context, rather than 
attempting to change the regulatory landscape overall. The 
CIF is not intended as a tool to change the aforementioned 
landscape; like any tool, it will be subject to the limitations 
of its deployment and institutions that deploy said tool.

Growers, farmworkers, and local communities often pos-
sess detailed understandings of ecological variability, labor 
conditions, potential failures, and practical constraints that 
do not map neatly onto technical metrics. When AI systems 
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are explained only through abstract performance measures, 
these forms of knowledge are not merely overlooked: they 
are displaced by narrower conceptions of what counts as 
legitimate understanding. Participatory information-sharing 
design counters this displacement by treating community 
knowledge as constitutive of governance rather than as 
optional feedback. In that sense, it acts as a resistance prac-
tice: it challenges informational orders that render affected 
communities visible only as end users, data sources, or risk 
bearers rather than as knowers.

At the same time, participatory information-sharing 
design functions as a refusal of extractive models of exper-
tise. Extractive expertise draws on communities for labor, 
data, practical insight, or situational feedback without shar-
ing corresponding authority over interpretation or decision-
making. In such arrangements, community participation is 
valued instrumentally, insofar as it improves system perfor-
mance, adoption, or legitimacy, but not insofar as it entitles 
participants to shape the goals, evaluative criteria, or gov-
ernance structures of the system itself. [6, 65]. A participa-
tory approach refuses this asymmetry. If communities are 
expected to contribute their situated knowledge to the devel-
opment or assessment of AI systems, then they must also 
have a standing in shaping the informational environments 
through which those systems are understood and governed. 
Refusal here is structural, rather than merely oppositional: 
it rejects a model in which institutions absorb community 
knowledge while insulating themselves from community 
judgment.

Participatory information-sharing design also makes 
possible the reclamation of, or reassertion of a particular 
community’s, governance authority. Governance author-
ity is exercised not only in formal decision-making, but 
earlier, when categories are defined, risks prioritized, per-
formance thresholds established, and informational inter-
faces structured. To reclaim governance authority, then, is 
not simply to gain a voice at the end of a process, but to 
participate in shaping the informational conditions under 
which judgments become possible in the first place. This is 
where the Curated Information Framework (CIF) becomes 
normatively significant. By organizing information in role-
specific, participatory, and revisable ways, CIFs redistribute 
not only access to information but authority over its mean-
ing. Engineers and regulators may still contribute techni-
cal and legal expertise, but they no longer monopolize the 
terms of interpretation. Growers, workers, local residents, 
and other stakeholders become participants in determining 
what counts as a meaningful explanation, which uncertain-
ties deserve emphasis, what kinds of failure matter most, 
and how acceptable system behavior should be judged over 
time. [41]

CIFs do not, by themselves, democratize AI governance 
or redistribute institutional authority. Rather, they provide 
an epistemic and communicative infrastructure through 
which such possibilities can be made more practicable. In 
particular, the CIF translates complex technical information 
into usable, situated knowledge for affected agricultural 
communities; creates a structured process for interviews, 
surveys, workshops, lexicon-building, said CIF construc-
tion, and iterative updates; and helps stakeholders articulate 
what reliability, transparency, trustworthiness, safety, and 
accountability mean to them in relation to specific agricul-
tural technologies.

CIFs should be understood as necessary but insufficient 
supports when taken alone for more accountable and par-
ticipatory AI governance: though they can make agricul-
tural technologies more legible, contestable, and responsive 
to affected communities, their capacity to alter institutional 
power depends on if they are embedded in procurement, 
design workflows, extension services, regulatory review, 
and ongoing accountability mechanisms. The limitation of 
the CIF is made clear within the broader governance con-
straints identified in digital agriculture scholarship, includ-
ing adoption barriers, farmer identity and labor impacts, 
data ownership, privacy, ethics, agricultural knowledge 
systems, economics, and management (see Klerkx et al. 
2019); fragmented and unclear agricultural data governance 
arrangements that may weaken farmer trust (see Jouan-
jean et al. 2020); and the need for responsible innovation 
approaches that emphasize anticipation, reflexivity, inclu-
sion, and responsiveness without treating participation as 
a guaranteed democratic outcome while pushing for open 
deliberation (see both Stilgoe, Owen and Macnaghten 2020; 
and Gardezi et al. 2022). [25, 36, 39, 57] CIFs are therefore 
not a complete solution to the sociopolitical economy of 
AgAI, but a concrete mechanism for making transparency 
more situated, actionable, and institutionally usable.

The importance of the CIF approach is therefore not that 
they maximize data access, but that they generate a shared 
understanding of informational needs surrounding a system. 
Their primary outcome is not disclosure for its own sake, 
but rather improved interpretive capacity among partici-
pants. Stakeholders become better able to understand sys-
tem behavior through understanding vocabulary used, better 
identify when performance diverges from local expectations, 
and raise concerns when said expectations are violated. This 
shift is normatively important because it moves governance 
away from passive reception and toward an active engage-
ment. Communities are no longer asked simply to accept 
technical systems built elsewhere; they themselves partici-
pate in deciding what information matters, how it should be 
communicated, and how AI should be evaluated in a lived 
context.
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CIFs produce this situated transparency by balancing 
openness with intelligibility. They do not reject disclosure; 
rather, they reject the assumption that disclosure alone is 
sufficient for trustworthy governance. They organize infor-
mation in ways responsive to the differing roles, forms of 
knowledge, and practical stakes of those interacting with a 
system. In this respect, the CIF model offers a procedural 
pathway toward what NIST describes as “trustworthy AI,” 
while grounding that aspiration in lived contexts rather than 
abstract standards alone. [59] Trustworthiness, on this view, 
is not merely a property verified through compliance, but a 
relational achievement made possible by governance pro-
cesses that communities can recognize as responsive to their 
experiences and open to revision in light of their concerns.

The implications extend beyond agriculture. As AI sys-
tems increasingly mediate human relationships with their 
environments, regulators face a recurring problem: tech-
nical transparency without epistemic translation can erode 
rather than build trust. [16, 41] CIFs offer a replicable and 
ethically grounded response. They align the governance of 
intelligent systems with the situated interpretive capacities 
of those affected by them. In doing so, they show why justifi-
able and trustworthy AI governance must be contextual and 
co-constructed. It must resist epistemic injustice by chal-
lenging hierarchies of credibility and interpretation, refus-
ing extractive models of expertise by demanding reciprocal 
authority, and reclaiming governance authority by enabling 
affected communities to shape the categories, standards, 
and informational structures through which AI systems are 
evaluated and contested.

7  Conclusion

Curated Information Frameworks offer a practical response 
to AI integration concerns by treating transparency as a par-
ticipatory, role-specific, and iterative process of epistemic 
coordination. In doing so, CIFs do more than improve com-
munication: they create conditions under which affected 
communities can contest, interpret, and help govern the sys-
tems that structure their environments and livelihoods. Read 
through the lens of Participatory Agricultural Research, 
CIFs can be understood as part of a broader effort to reclaim 
authority over situated knowledge from narrow technocratic 
institutions and redistribute it toward those most affected by 
technological change.

Their significance lies not only in making AI more intel-
ligible, but in resisting epistemic injustice by affirming that 
farmers, workers, and local communities are not merely end 
users of technical systems, but knowers and governors of 
systems and their usage in their own right. CIFs provide 
an important mechanism within a larger democratic AI 

governance toolkit: one that centers local expertise, sup-
ports shared understanding, and makes room for ongoing 
revision as systems and communities evolve. The broader 
lesson of this work is therefore that trustworthy AI gover-
nance is not achieved by disclosure alone, but by building 
participatory institutions capable of aligning technical sys-
tems with the lived realities, values, and authority of the 
communities they affect. In pursuit of meeting these needs, 
CIFs are a uniquely well-situated tool in the governance 
toolbox of regulators and communities alike.

Curated information framework 
methodology

Creating inteviews

Step 1: collaborative question development with 
partner institutions

To ensure the interviews effectively address the specific 
informational needs of the partnering (redacted for peer 
review), we initiated the process by developing the inter-
view questions collaboratively. This phase involved: Iden-
tifying Key Themes and Objectives: Working closely with 
the institution, we defined the core themes and objectives 
the interview seeks to address. By aligning our questions 
with these goals, we ensured that the interview results will 
yield actionable insights. Drafting Initial Questions: After 
defining objectives, we generated a list of potential ques-
tions covering the identified themes. These initial questions 
serve as a foundation for deeper refinement. Iterative Feed-
back and Refinement: We then shared the initial draft with 
institutional partners for feedback, refining the questions to 
ensure they are clear, relevant, and respectful of the inter-
viewee’s time and perspective. This collaborative approach 
ensured the questions were well suited to the needs of both 
the institution and the interviewee.

Step 2: paring down to essential questions

To keep interviews focused and efficient, we limited the 
question set to no more than 10 questions. This process 
involved: Prioritizing Core Questions: We identified the 
most essential questions, ensuring each aligns closely with 
the institution’s objectives. Eliminating Redundancies: Any 
overlapping or tangential questions were removed, resulting 
in a streamlined set of questions that capture the necessary 
information concisely. Ensuring Flexibility: We structured 
questions to allow for elaboration, enabling participants to 
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expand on their responses if they chose, while also accom-
modating time constraints.

Step 3: establishing initial contact and 
communication

Connecting with interviewees required a strategic approach, 
especially given the varied ways communities respond to 
outreach. We initiated contact through: Initial Outreach: We 
reached out to potential participants directly by phone and/
or email, leveraging our partner institutions’ many existing 
relationships with a variety of individuals. In a few cases 
where we could not rely on existing contacts, we also cold-
called particular participant types. Snowball Sampling: 
Through our institutional network, and trusted community 
partners, we connected with community members who can 
vouch for the project. Snowball sampling allowed us to 
build rapport within communities where trust is paramount, 
such as farming networks.

For instance, the farming community required endorse-
ment from a trusted insider before engaging with the 
interview process with (redacted for peer review). We 
acknowledge the support of key individuals, such as 
(redacted for peer review), as their assistance was instru-
mental in making interpersonal connections and fostering 
community trust.

Step 4: timing and interview duration

In designing the interview, we sought to be sensitive to par-
ticipants’ schedules and preferences. To maximize engage-
ment while respecting participants’ time, we implemented 
the following guidelines: Target Interview Length: We 
aimed for a 45 min interview duration. This length allowed 
for a thorough conversation without imposing too much 
on the participant’s time. Flexibility for Longer Conver-
sations: While the interview was designed to last no more 
than 45  min, we remained open to continuing as long as 
the interviewee is willing to share. This flexibility respected 
participants who may feel comfortable speaking at length 
on certain topics, ensuring they feel heard and valued.

Phase 2: conducting in-person interviews

Step 1: In-person interviewing for optimal 
engagement

To cultivate a conversational atmosphere, we prioritized 
face to face in person interviews wherever possible. This 
approach fostered a more relaxed environment, encouraging 
openness and engagement. Key considerations included: 

Zoom or Phone Alternatives: In cases where face to face 
interviews are not feasible, we offered Zoom or phone inter-
views. However, we acknowledged that remote formats 
may impact the conversational dynamic, and we adapted 
our approach accordingly. Adapting to Participant Needs: 
We were mindful of the individual needs of interviewees, 
understanding that factors such as familiarity with the inter-
view topics and educational background may require adjust-
ments. Translation services and simplified explanations 
were made available when necessary, ensuring the interview 
process was inclusive and accessible.

Step 2: documentation of responses

Accurate documentation is essential for capturing partici-
pants’ insights authentically. Our approach to documenta-
tion includes:

Longhand notetaking: To remain fully engaged in the con-
versation, (redacted for peer review)documented responses 
manually. This approach allowed us to capture the inter-
viewee’s tone and mannerisms more naturally than a digital 
transcription might allow. Recording Direct Quotes: To pre-
serve the authenticity of participants’ voices, we included 
several direct quotes in our notes. This practice enhanced 
the richness of the data and provided the institution with an 
accurate reflection of participants’ perspectives.

This methodology reflects a commitment to respectful, 
participant centered interviewing. By curating the process 
from question development to documentation, we ensured 
the interview experience was both informative for the insti-
tution and considerate of the participant’s time and insights.

Phase 3: methodology for creating curated 
information framework

 Step 1: initial framework outline

The process began with creating a rough outline for the 
information sharing framework. This outline provides a 
foundational structure for expansion and refinement based 
on qualitative input from motivators of the project (for our 
purposes, these were (redacted for peer review) as well as 
technologists). Key aspects to consider in this draft process 
ought to be:

Core areas of focus: We identified initial information 
sharing needs of the project, such as the partner agents that 
would be involved and affected by the technology, stages 
of technology development and deployment, and meth-
ods of communication for each partner group throughout 
the project life cycle. Guiding Principles: We addressed 
critical concerns regarding information sharing, including 
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transparency, frequency of information sharing, and audi-
ence needs. Preliminary Structure: We outlined the roles that 
exist, as well as potential responsibilities various partners 
may have in the information sharing process. This created 
a flexible foundation that could accommodate adjustments 
based on stakeholder feedback. This initial outline served 
as a starting point, setting the stage for deeper refinement 
based on the input gathered through qualitative interviews 
(as were conducted in Phase 2).

 Step 2: refining the framework through qualitative 
interviews

Building on the preliminary outline, the framework was 
expanded and adjusted according to the insights gained 
from informational interviews with key stakeholders. This 
phase involved:

Analyzing primary partner interviews: [2] We engaged 
stakeholders in interviews to gather their views on the 
framework’s relevance and effectiveness. We then focused 
on open ended questions that allow participants to express 
their expectations, concerns, and priorities regarding infor-
mation sharing in AI development (for more detail on this 
step, see Phase 2). Identifying Themes: We analyzed inter-
view responses to identify recurring themes, patterns, and 
unique perspectives. For example, stakeholders may have 
specific insights into what information is critical at differ-
ent development stages, or who should be responsible for 
dissemination. Incorporating Feedback: We integrated this 
qualitative feedback into the drafted Curated Information 
Framework, refining its structure and content to better align 
with initial stakeholders’ expectations and the realities of 
the deployment context.

This step ensured that the framework reflected the collec-
tive expertise of the stakeholders, enhancing its practicality 
and relevance as a draft document prior to in-vivo editing.

Step 3: pre-workshop survey

To establish a baseline understanding of participants’ per-
spectives on information sharing, a survey was sent to all 
interviewees prior to the workshop. This survey addressed 
core questions that explore various aspects of information 
dissemination:

Survey focus: The questions revisited core information 
sharing topics, including: (i) who should share informa-
tion about AI; (ii) the stages at which information should 
be shared; and (iii) the target audiences for information, and 
(iv) preferred methods of dissemination. Survey Questions: 
Participants were asked to answer questions on: (i) who 
should be responsible for sharing information about AI; (ii) 
at what stage of development and deployment information 

should be shared; (iii) with whom the information should 
be shared; and (iv) how it should be disseminated. Baseline 
Data Collection: The survey responses provided valuable 
data on participants’ initial perceptions and expectations, 
which can be compared to postworkshop results to assess 
changes in understanding or perspective.

The pre workshop survey results help tailor workshop 
content to participant needs and inform discussions on 
information sharing best practices.

 Step 4: workshop facilitation and engagement

We conducted a collaborative workshop to engage all par-
ticipants as partners in the framework’s development. The 
workshop consisted of two primary parts:

 Part I: developing a working lexicon through case 
study evaluation

Case study analysis: Participants were presented with a 
case study relevant to the AI technology being researched. 
This exercise served as a practical and concrete basis for 
discussing the types of information that should be shared, 
the appropriate terminology, and any existing gaps in com-
munication. Lexicon Development: Through discussion, 
participants collaboratively developed a working lexicon, 
defining key terms and concepts that are essential to effec-
tive information sharing. This shared language enhanced 
communication clarity in the framework and fostered a uni-
fied understanding among all partners.

 Part II: real-time framework development
Collaborative refinement: Participants actively contrib-

uted to refining the framework in real time, suggesting 
modifications based on their expertise and the insights gath-
ered from the case study discussion. This collaborative pro-
cess ensured the framework was well aligned with practical 
needs. Feedback and Adjustments: Facilitators captured real 
time feedback from participants, documenting suggestions 
and integrating them into the evolving framework. This iter-
ative approach allowed for immediate testing of ideas and 
adaptations to better meet the needs of the group.

The workshop emphasized the role of each participant 
as a co-creator of the framework, fostering a sense of own-
ership and partnership in the project, as well as within the 
AI system. This was critical, as it may alleviate shelfware 
concerns for such systems in the future.

 Step 5: post-workshop survey

Following the workshop, a second survey was sent to all 
participants to gauge whether the workshop influenced their 
understanding or perspectives on information sharing. This 
postworkshop survey was identical to the pre-workshop 
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survey, allowing for a direct comparison of responses. Key 
aspects of the survey included:

Survey focus: The questions revisited core information 
sharing topics, including: (i) who should share informa-
tion about AI; (ii) the stages at which information should 
be shared; (iii) the target audiences for information; and (iv) 
preferred methods of dissemination. Note: this focus is the 
same as the pre-workshop survey. Evaluating Impact: By 
comparing pre- and postworkshop responses, we assessed 
whether participants’ understanding or attitudes toward 
information sharing evolved. This data will highlight the 
workshop’s effectiveness in fostering alignment and enhanc-
ing the clarity of information sharing practices.

The survey results will inform any necessary adjustments 
to the framework, ensuring it remains responsive to partici-
pant needs and expectations.

Step 6: open source sharing and ongoing updates

The finalized framework was shared as an open source 
resource, accessible to all partners and relevant stake-
holders. The goal is to provide a flexible, practical guide 
for information sharing that can be adapted to various AI 
deployment contexts. Ongoing updates ought to be planned 
to ensure the framework remains relevant as technology and 
community needs evolve:

Continuous revision: As the AI technology matures and 
becomes more embedded in the community, the framework 
can be periodically reviewed and updated using the same 
methodology, incorporating new feedback and address-
ing emerging challenges. Monitoring Tolerance Levels for 
Failure: Regular updates will take into account the evolving 
tolerance level for failure within the community, ensuring 
that the framework’s guidance aligns with both stakeholder 
expectations and ethical standards for deployment. Open 
Access: By making the framework open source, we encour-
age wider adoption, adaptation, and feedback from a broader 
community, promoting a culture of transparency and col-
laboration in AI information sharing.

This methodology provides a structured, collaborative 
approach to developing and refining an information shar-
ing framework that is both practical and adaptable, support-
ing responsible AI deployment through curated, meaningful 
communication.

Results: autonomous apple pickers: a case example 
of the curated framework

The effort to create a shared lexicon or dictionary of terms 
was accomplished through the use of the following case 
study:

You are working with an autonomous apple picker that 
has a dexterity and grip similar to that of a human apple 
picker. The apple picker is being used in an orchard block 
of jazz apples. The autonomous picker identifies an apple, 
attempts to grasp that apple, fails, and moves on to the next 
tree. The system left over half the ripe apples on the tree. 
The system does not offer a reason as to why it failed to pick 
the apple, nor a reason as to why it moved on to the next 
tree. A human picker is following the system, and picks the 
apples it does not. Given this situation, what would it mean 
for the autonomous apple picker to be/have X ?

Groups of five, with a total of 36 participants, began with 
brief introductions and identified the moderator; they then 
assigned a group reporter to summarize the discussion, as 
well as a notetaker. They read the case study above, and 
reviewed an assigned vocabulary list, pulled from the most 
commonly-used terms found in the pre-meeting interviews. 
Participants were then encouraged to discuss what each 
word meant to them personally. Importantly, this exercise 
is about exploring context and making terms more concrete, 
not solving a problem or conclusively defining terms. There 
are no right or wrong answers; rather, the aim is to foster 
participants to think deeply about the terms and what they 
mean in their own usage.

Participants then analyzed the words, reflecting on how 
each word’s meaning might shift when applied to the case 
study. Participants were then encouraged to define each 
word in the context of the case. Groups were given 25 min 
to complete this work in small groups, and then encouraged 
to share their insights with the group and report back over 
the course of 45 min.

From here, the meeting moved on to crafting the final, 
group-approved iteration of the Curated Information Frame-
work. Working off of the drafted CIF, created in response to 
both the interviews as well as pre meeting survey, groups 
of five worked together to (i) identify their audience cat-
egory, and (ii) complete the further categories as they saw 
applicable. The work was done collaboratively in a small 
group, and then after 35  min, pulled back together to the 
larger group for in-depth analysis and discussion. The latter 
half of the discussion took 45 min to complete.

The meeting closed with all participants agreeing to the 
CIF as it stood, with an understanding that the final product 
would be sent out for assessment and commentary prior to 
any dissemination external to the working group. This pro-
cess has now concluded, and the most contemporary version 
of the CIF as it relates to autonomous apple pickers can be 
seen in (redacted for peer review).
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