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Existing CSCW and organization management literature suggests that knowledge is a central construct
when developing, deploying, and using technological systems that are embedded in multi-stakeholder supply
chains. Yet, it has rarely been the focus of comprehensive empirical investigations across LLM and broader AI
supply chains. In this work, we draw on semi-structured interviews with 71 LLM practitioners to examine the
knowledge required to produce responsible LLM systems, and how practitioners acquire it within LLM supply
chains. Our findings not only reveal knowledge blindspots, but also a knowledge access and translation gap,
where practitioners recognize knowledge needs but cannot fulfill them. We explain these gaps by showing
how knowledge exchanges occur (proactively or serendipitously), which organizational arrangements and
tools facilitate them (e.g., knowledge intermediaries), and which barriers undermine them (including limited
visibility, lack of mutual understanding, and unclear responsibility for sharing and maintaining knowledge).
We further synthesize knowledge needs into a multi-dimensional taxonomy that characterizes knowledge
based on its abstraction, theme, and lens. We then discuss how this taxonomy can serve both as a practical
resource for organizations of the responsible LLM supply chain to improve actionability and accountability (for
example, by supporting precise communication, prompting self-reflection, and facilitating mutual blindspot
identification), and as a methodological tool to reframe, revise, and disambiguate research and policy works
on responsible AI notions related to knowledge. We hope to inspire future work in the CSCW community by
outlining research opportunities to support practitioners in accessing, exploiting, and sharing relevant LLM
knowledge across the supply chain.

CCS Concepts: • Human-centered computing → Empirical studies in HCI; Empirical studies in collabo-
rative and social computing; HCI theory, concepts and models; • Computing methodologies → Artificial
intelligence; • Social and professional topics→ User characteristics;Management of computing and
information systems; Socio-technical systems.
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Fig. 1. Example of knowledge needs along an LLM supply chain that our interview participants were involved
in. A bank considered deploying an LLM system to enable customer self-service, and hiring another organization
to develop this system. The system’s outputs may vary in accuracy and offensiveness across customer groups,
potentially harming the customers and the bank’s reputation. Addressing this requires multiple forms of LLM-
related knowledge. The bank must understand potential LLM harms and request mitigation from the LLM provider
organization. This organization, in turn, must grasp the bank’s and customers’ values to assess and reduce
offensiveness. The developers in this organization need to accordingly select an appropriate base model, apply bias
mitigation techniques, and coordinate with data annotation companies to align training data with the bank’s values.
Meanwhile, legal teams must ensure regulatory compliance of the system in light of applicable AI regulations.

1 Introduction
Knowledge is necessary to develop and use any technology [22, 61, 63], and is also one of the
main assets of any organization [60, 119, 149]. Software systems powered by Large Language
Models (LLMs) rely on a particularly complex technology. Technically, LLM-powered systems
build on a foundation model containing a multitude of probabilistic components [72]. Socially,
they can cause diverse harms if not developed responsibly [17, 130, 150]. Thus, knowledge in
its various dimensions (as we unpack through this paper), is a necessary ingredient in creating
actionable and accountable responsible AI practices. That is why we argue that studying the needs
for knowledge of practitioners who produce LLM systems is the first step to foster responsible LLM
systems. Normative notions of transparency, explainability, and literacy in AI testify to this: they
are well-spread in both research and policy documents [7, 11, 19, 57, 71, 79, 96, 105, 111], they are
being adapted to LLM systems [82, 91, 92, 99], and their common denominator is knowledge for
responsible AI.1

Organizationally, the development of LLM systems spans a complex and rapidly-evolving supply
chain of practitioners and organizations [33, 135, 155]. In such a multi-stakeholder setting, the
example in Figure 1 illustrates that different actors in the LLM supply chain need diverse knowledge.
Furthermore, it shows that “having knowledge” is not simply an individual consideration: actors can
acquire this knowledge via diverse types of knowledge exchanges (e.g., during collective decision-
making activities, or when relying on others’ artifacts). Responsible outcomes, thereby, depend on
whether relevant knowledge can be recognized, accessed, shared, interpreted, and acted upon across
myriad practitioners, artifacts, and organizational boundaries. Finally, the example also highlights
how such knowledge can serve as a necessary vehicle for shaping actionable and accountable
organizational structures: given the availability of knowledge and the appropriate facilitation of

1We focus on knowledge requirements within LLM supply chains. Given that LLMs are a subset of broader AI systems, we
can build on existing research in AI literacy, explainability, and transparency, assuming that the principles and challenges
identified in these areas are also relevant to LLM-specific contexts.
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exchanges, clear accountability boundaries can be charted out for stakeholders throughout the
supply chain.

Despite this pivotal role of knowledge and the potential it can offer as a starting point that helps
tackle barriers to responsible AI, relatively little is understood about the practices and needs of these
actors, e.g., LLM developers, engineers, managers, policymakers, or designers, remain under-studied
[37].2 Despite some research on practitioners involved in designing AI algorithms and applications
[28, 68, 88, 98, 127, 140], most of the focus has been cast on the users of the systems at the end of
the supply chain or on stakeholders impacted outside the chain [14, 116]. Moreover, studies cover
only a few knowledge types (e.g., excluding know-how) in comparison to information science and
organization management literature [125, 147], and rely on the self-reported needs of individual
practitioners [68, 89, 157, 159] without exploring their potential blindspots that the knowledge of
others in the chain could make visible. Furthermore, these past studies do not comprehensively
report on the benefits of, conditions for, and barriers to knowledge exchanges across the supply
chain actors. Without such a comprehensive understanding of knowledge needs, and without taking
stock of current knowledge strategies and challenges, we cannot orient future research efforts
toward facilitating this necessary knowledge transmission and exploitation across the supply chain.
Acknowledging this gap, we tackle the following research questions:

• RQ1: How do knowledge exchanges occur among practitioners in the LLM supply chain, for what
purposes, and under what conditions?

• RQ2: What kinds of knowledge might these practitioners have or need for setting up responsible
LLM systems?

To answer these questions, we identify knowledge exchange practices and recurring knowledge
needs through 71 semi-structured interviews and in-situ observations with various practitioners
working for organizations that develop, deploy, and use LLM systems. We then synthesize these into
a comprehensive and unified taxonomy of LLM knowledge. Our study shows that the LLM supply
chain does not only fragment knowledge across practitioners, but also constitutes an invaluable
resource for learning about making LLM systems responsible. Yet, we need to tackle organizational
problems (e.g., visibility, responsibility allocation) and leverage initial strategies for knowledge
exchanges (e.g., shared spaces, asynchronous tools) to help practitioners fully take advantage of
this opportunity. To do so, our knowledge taxonomy should be extended in the future to support
different types of knowledge exchanges (e.g., serendipitous or proactive), while we enrich our
understanding of knowledge needs and develop organizational incentives for knowledge exchanges.

Ultimately, this paper makes three contributions to CSCW research on knowledge, supply chains,
and responsible AI:

(1) An empirical account of knowledge gaps in supply chains and knowledge exchange practices
including barriers and facilitators.

(2) A multi-dimensional knowledge taxonomy that practitioners, researchers, and policymakers
can rely on in their respective work.

(3) A synthesis of implications which inform the future design of tools, processes, and organizational
structures that facilitate knowledge exchanges.

2We also lack studies around the knowledge practices in supply chains focused on predictive AI systems (preceding LLMs
systems). Yet, we scope our work around LLM supply chains due to their urgency and for consistency purposes.
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2 Background & Related Work
2.1 Knowledge as Essential for the Development of AI and Other Technologies
While knowledge is recognized as essential by social science and human-computer interaction
(HCI) researchers [5], its definition varies [84]. In this work, we adopt a broad definition that
reflects diverse forms of knowledge identified in AI and HCI research [57, 93, 105, 107, 133, 141]
—“Knowledge is the combination of data and information, to which is added expert opinion, skills,
and experience, to result in a valuable asset which can be used to aid decision making” [125].3
Education researchers [22, 61, 63] have shed light on the types of knowledge about technologies,
their functioning and usage, that is necessary to technology developers.

Given this complexity, such research needs to be extended to AI technologies and, in particular,
generative LLM systems [150]. In the past, AI research has implicitly made a case for adopting the
lens of knowledge, hinting at AI practitioners’ lack of knowledge and low AI literacy as a cause of
flawed practices and harmful AI systems [13, 13, 46, 140]. Studies have uncovered the knowledge
of AI that some AI stakeholders have, primarily end-users, decision-subjects, or developers (e.g.,
[52, 68, 89, 98]). Subsequently, researchers have developed explainability tools [10, 53, 75, 94],
transparency tools [18, 24, 52, 57, 62, 89, 90, 94], and literacy frameworks [15, 109, 158] to specify
the knowledge these actors require for their work, and support them in acquiring it.

⇒We extend these efforts by empirically studying the knowledge practices of the AI stakeholders
that are typically not covered yet play an important role in the development of AI systems (e.g.,
product managers, and quality assessors). We also complement known knowledge needs that were
previously identified using self-reports with additional relevant knowledge nuggets that might
otherwise remain in one’s blindspots.

2.2 Knowledge as a Vehicle that Shapes Supply Chains
Outside of AI, plenty of research has argued that individual knowledge alone is insufficient in
a multi-stakeholder context. A single stakeholder cannot be aware of all relevant knowledge
within a large multi-stakeholder initiative. Hence, getting acquainted with the perspectives of the
other stakeholders fosters reflections on one’s own knowledge blind-spots [9, 59, 131, 145], while
developing a common understanding of a problem enables dialogues and fosters effective and
inclusive multi-stakeholder initiatives [59, 65, 147, 148]. Direct and offline knowledge exchanges
within and across organizations particularly facilitate collaborations or reliance and ultimately
ensure the production of value [29, 55, 60, 114, 119, 147, 149]. Methodologies such as participatory
design [107], contextual inquiry [74], value-sensitive design [56], and empathic co-design [131]
rely on these ideas of collecting and sharing knowledge from diverse stakeholders.
Producing AI systems is inherently a multi-stakeholder endeavor [103], that shapes how re-

sponsible the systems are [45, 47, 103, 121]. No single individual can independently manage the
range of required expertise [6], data [156], interdependent software components [155], and com-
putational infrastructure [146, 152]. The concept of “AI supply chain” [33, 38, 51, 155] alludes to
this interdependence of actors, and their collaborations and collective deliberations, e.g., between
ML developers and domain experts [97, 100, 113, 117], business owners [115], UX practitioners
[108, 140, 151], or potential end-users [21, 43, 161]; and researchers call for even more collaborative
practices [73, 76, 117, 120, 160]. LLM systems are especially concerned with such multi-stakeholder
efforts as LLM technologies require even more resources than prior types of AI systems [12, 152].

3“Knowledge” has been explicitly mentioned in the context of AI to refer to a) information used to develop rule-based
AI systems [104] or fed into the training of machine-learning algorithms [44], or b) when AI is used as a tool to improve
knowledge management [27]. Such contexts and the knowledge involved -domain knowledge- is different from our work.
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⇒ Aligned with the non-AI-focused literature, prior studies argue that practitioners in AI supply
chains could similarly benefit from direct knowledge exchanges [98, 117, 140] as they may lack
awareness of each other’s roles and values [33, 143, 155], and regulatory efforts enforce such
exchanges between AI provider and deployer organizations [99, 102]. In this work, we embrace this
multi-stakeholder perspective and study how knowledge exchanges transpire across the supply
chain, and aim to explore and identify key challenges and limitations in current practices.

2.3 Knowledge Taxonomies as a Facilitator of Knowledge Exchanges
In CSCW and organizational scholarship, coordination across diverse stakeholders often depends
on shared artifacts that allow people to produce a shared mental model of relevant knowledge [140]
without requiring full agreement. Boundary objects [137], materialized as “repositories” [3, 137],
common knowledge spaces [3], or ontologies [9], serve as communication intermediaries by stabiliz-
ing notions and vocabularies while remaining flexible enough to accommodate local interpretations.
In particular, knowledge taxonomies [84] arrange and log knowledge comprehensively using a clas-
sification scheme. They provide an easily interpretable knowledge map for uncovering persistent
gaps, and facilitate synergies and reveal stakeholders’ knowledge blind-spots [74, 107, 131]. They
are seen as facilitators of multi-stakeholder initiatives and knowledge exchanges in organization
management [65, 147, 148], HCI and CSCW research [73, 107, 131]. They also constitute the basis
for most knowledge logging and retrieval tools from prior organization management, HCI and
CSCW works [3, 34, 69, 77, 80, 101, 112, 128].

In the context of AI, the few studies that explore multiple AI stakeholders [47, 103, 121, 122, 145]
do not comprehensively describe their knowledge needs, but show some challenges for sharing
knowledge —for instance what to document remains uncertain for upstream actors of the LLM
supply chain who tend to restrain the documentation to technical considerations only [142]— and
call for more common knowledge [100, 113, 140]. More broadly, AI researchers and policymak-
ers propose structuring principles [64, 106, 154], frameworks and guidelines [15, 109], toolkits
[16, 85], checklists [93, 123], and other documentation tools [8, 57, 105], to support responsible
AI development within and across organizations. These artifacts all implicitly rely on an under-
lying knowledge taxonomy, and constitute accessible vectors of knowledge around AI fairness,
explainability [49, 133, 141], and transparency [7, 8, 52, 57].

⇒ Recent meta-research in HCI has shown that taxonomies and other descriptive frameworks
are essential for creating shared vocabularies that enable coordination across heterogeneous
stakeholders, particularly in complex, multi-actor settings [54]. Building on this, our empirically
grounded taxonomy provides the structured conceptual scaffolding needed to support consistent
knowledge exchange across the LLM supply chain.

3 Knowledge Practices in LLM Supply Chains:Qualitative Insights (RQ1)
3.1 Method
3.1.1 Semi-Structured Interviews. To study knowledge exchange practices across the LLM sup-
ply chain, and identify the knowledge nuggets used or needed in relation to LLM systems and
responsible AI topics, we conducted semi-structured interviews.
Participants.We interviewed 71 participants across 12 private organizations. Participants were

recruited via our professional network with snowball and convenience sampling.We ensured that all
participants are involved in developing or deploying LLM systems, and span a wide variety of roles
within organizations. We also ensured to recruit multiple employees from the same organization,
and from multiple organizations working on the same LLM supply chain to reflect on potential
synergies in-between participants or organizations. The recruited participants cover a plurality of
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domains in the LLM supply chain, including engineering (LLM developers, LLM researchers), user
experience (user research, content design), business (product managers, business analysts, customer
service), and governance (legal and risk teams, government relations); see Table 1. Our participants’
organizations participating in the production of LLM systems span various specializations across
the LLM supply chain, e.g., data annotation or LLM fine-tuning. The organizations deploying and
consuming the LLM systems span various sectors, e.g., banking or insurance.

Characteristics Values and counts

Location in the chain LLM provider (48), software application consumer (19), data and annotation provider (2), end-user (2)

Primary role Legal and governance (10), business-oriented (10), product manager (9), UX research (9), AI research (8), AI
engineer (7), software engineer (5), ML governance (5), UX design (4), customer service (2)

Gender Man (43), woman (28)

Work location US (34), Canada (16), India (8), Netherlands (7), Switzerland (4), Italy (1), Belgium (1)

Educational background Computer science and AI (20), computer science (15), UI, UX and psychology (13), legal and governance
(12), business (9), no particular study mentioned (2)

Past experience with AI - Developing AI algorithms (solely): 2- years (2), 2-3 years (6), 3-5 years (5), 5+ years (7)
- Designing around AI algorithms (solely): 2- years (7), 2-5 years (4), 5+ years (2)
- Selling or adopting AI systems (solely): 2- years (4), 2-5 years (6), 5+ years (2)
- Managing AI development teams: 2- years (1), 3-5 years (4), 5-7 years (3), 7+ years (1) —7 of these
participants also had between 1 and 13 years of experience developing AI algorithms
- Governing AI systems: 2- years (2), 3-4 years (11), 5+ years (2) —4 of these participants in the 3-4 years
category also had respectively 10, 6, and 3 years of AI development or 5 years of designing with AI

Table 1. Statistics about our interview participants. We do not specify further the amount of experience with
LLMs, as all participants have been working with LLMs for the last three years maximum.

Procedure. Stage 1: We asked our participants to describe their day-to-day activities related to
LLM system design, development, deployment, or use, their understanding of the organizations and
stakeholders related to their LLM supply chain, and how they might work or communicate with, or
simply be impacted by these stakeholders (including through which means, e.g., documentation).
From these discussions, we started extracting some of the limitations in their knowledge, their
knowledge acquisition and exchange practices, and the challenges they face. Stage 2: We fostered
explicit reflections about knowledge by directly asking for their broader thoughts related to data,
information, expertise, and knowledge, in terms of usages, wishes, and needs. We also prompted
them to discuss their primary concerns, challenges, and needs concerning responsible LLM supply
chains (questions that we broadly framed around the notion of “multi-stakeholder efforts”)), as
such discussion could reveal additional knowledge needs and gaps. For instance, we asked them
to talk about the potentially harmful impact of LLM systems and their wishes and contributions
around that, which triggered some participants to describe their desire to act on AI harm and their
lack of knowledge to do so. Stage 3: As the following responsible AI notions are highly concomitant
with knowledge, we probed their understanding of explainability and transparency: what these
notions evoke, how important they are, and what the entailing challenges and wishes might be. We
also enquired about their AI literacy, avoiding leading questions about their prior experiences with
AI and their type and level of understanding of AI, to identify the types of knowledge nuggets they
refer to when describing their own literacy.

3.1.2 Interview Data Analysis. We conducted an inductive thematic analysis [144]. After creating
anonmyzed transcripts for each interview, the authors familiarized themselves with a few of them.
Then, the first author coded each transcript for insights pertaining to RQ1. They especially paid
attention to quotes related to the pros and cons of knowledge exchanges, the modes and format
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that exchanges take, the tools and processes that structure and might facilitate these exchanges, the
explicit or implicit limitations of these exchanges, and the challenges faced and wishes expressed
by the interview participants in this context. In discussion with the authors and with a particular
inclination towards the opportunities and barriers created by the LLM supply chain, the first author
refined these codes and clustered them in order to create themes that summarize the insights. We
now describe our five main themes.

3.2 Knowledge Opportunities in the Supply Chain
Across the interviews, we identified two key limitations in the ways the actors of the supply chain
formulated and fulfilled their knowledge needs, that the supply chain can help address. In the
supplementary material, we discuss in detail cases where practitioners miss the opportunities
provided by the supply chain, and the implications of the resulting knowledge gaps (e.g., misuse of
LLMs, duplicated efforts).

3.2.1 Incomplete formulations of knowledge needs. The actors of the supply chain are not always
aware of their own knowledge needs. By this, we do not mean that they are unable to obtain
information they know they need, but rather that they often frame their information requests too
narrowly, overlooking additional knowledge that would be necessary to interpret that information
responsibly. For instance, most participants who decide whether to deploy an LLM system (e.g.,
product managers) discussed requesting high-level information about its performance such as
accuracy scores or toxicity levels. Only a few of these participants further looked at the conditions
under which these metrics were produced, such as the benchmark used to evaluate performance
and reflected on its limitations, e.g., a participant reported that LLM systems might be trained and
evaluated using the same benchmark samples over several months, which can lead to overfitting,
and so they typically inquired about how the benchmark is used concretely. Such incomplete
formulations of knowledge needs became particularly visible when participants discussed potential
blindspots of other actors in the supply chain. For example, P25 (product manager) pointed that
many customers deciding which LLM system to adapt only look at accuracy scores computed by
the LLM providers, and consequently struggle to interpret accuracy for their decision-making tasks:

“Accuracy is a challenging concept for people because they don’t have any AI expertise
and go through their gut sense of it. Look at [LLM] summarization, and how there can
be different types of inaccuracies, and how much it’s subjective to the person reviewing
it. We still hear from customers ‘we won’t do it if it’s not 88% accurate.’ But how are you
even defining it? ‘Well, if the end-user thinks it was right and solves their problem.’ But
that is over simplified: the LLM could miss information, it could have hallucinated and
made up something completely, it could have misinterpreted something.”

On the positive side, participants noted that interactions with other actors in the chain often
helped them identify incomplete knowledge needs. For instance, P25 also explained how they
support user researchers by helping them realize limitations in their study designs:

“A lot of UX researchers who haven’t worked in the AI space do not know that AI is
probabilistic.4 If we aren’t helping them do their studies or come up with questions for
when they’re assessing a new experience that has generative AI in it, they don’t even know
to ask if users think the system is going to be correct. We help them know the limitations
of AI to do informed research.”

4Note that in this quote and future ones, the participant referred to “AI” and not specifically to “LLMs”. Yet, all participants
are involved in LLM supply chains. This mismatch in vocabulary employed is sometimes attributed to the non-technical
participants lacking a good understanding of the specificity of LLMs, and sometimes to the participants having prior
experience with other types of AI systems and reflecting about their practices for such systems too.
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3.2.2 Unmet knowledge needs. Because knowledge is fragmented across the supply chain, prac-
titioners may recognize their own needs but still be unable to meet them. This is evident in an
excerpt from P5 (UX researcher) who expressed not having enough knowledge about the technical
aspects of the LLM systems being developed:

“I don’t know what we do on the back-end to put safeguards in place. I don’t feel like I
know a lot about how we’re developing the LLM, what we’re training it on, what we put
in place to mitigate unintended consequences. It would be good to understand if we want
to report back on certain things within the experience designed for the end-user.”

Fortunately, the interviews revealed that the supply chain creates opportunities for practitioners to
draw on each other’s expertise. This dynamic was evident in the many knowledge-sharing practices
participants described—both those already embedded in their daily work and those they wished
were more common (notably, every participant mentioned either receiving or sharing knowledge
with others). For instance, P56 (quality assessor) described having developed expertise in testing
LLM toxicity but lacking the domain knowledge needed for more comprehensive evaluations:

“I know there is hate against Muslim folks. And I input some random text about that. And I
would like the model to not respond when the user is saying something that they shouldn’t
be speaking of. But I have only limited knowledge. With more people coming in, they will
have more ways of testing how our model should be responsible enough for this problem,
and I can develop the evaluations further.”

3.2.3 Subjectivity of knowledge needs. Note that participants did not always agree on what consti-
tutes a genuine knowledge need. In some cases, individuals in similar roles articulated essentially
the same need, even if they described it using different examples or terminology. For instance, across
interviews with UX practitioners, we observed a shared need for technical knowledge—though
they referred to it variously as knowledge of the "backend", "algorithm", "mechanisms", "training",
"dataset"). In other cases, participants described different knowledge requirements for achieving
the same goal, without any requirement being clearly wrong. For instance, one developer preparing
a fine-tuned model emphasized the importance of understanding existing base models and their
performance characteristics. Another developer, working toward the same goal, focused instead on
knowing which organizations had developed particular LLMs, preferring to select a base model
based on the practices and offerings of its developer rather than on model performance alone.

3.3 Modes of Knowledge Exchanges in the Supply Chain
From our interviews, we identified different triggers, drivers, and formats of knowledge exchanges.

3.3.1 Proactive and serendipitous exchanges. Participants were often reflexive about their own
knowledge gaps. For example, P5 acknowledged:

“At the back-end like fine-tuning algorithms, I don’t understand much. I’d be fully trans-
parent here. I have still more learning to do.”

In such cases, participants proactively sought to bridge these gaps For instance, P9 (UX researcher)
described how they relied on the specialized responsible AI knowledge of their colleagues to
progress in their work:

“Even though I didn’t have specific background in AI, I’ve been really interested. And I’m
learning from the people on this team who have deep knowledge on AI. My manager has a
lot of knowledge, she’s been working in AI for a few years and GenAI recently. So getting
to learn from them has been cool.”
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In other cases where knowledge needs are incomplete, being exposed to some communication
channels enabled the participants to realize that additional knowledge could be useful. For instance,
P56 (quality assessor) explained that informal discussions with other teams enabled them to
serendipitously uncover ways to evaluate the LLMs more comprehensively:

“I got some ideas from discussions with others or the groups I’m participating in. In one
meeting, the research team talked about our models not detecting the difference between
Canadian French and the regular French, how it offends people... This gave me new valuable
information. So I try to listen to any sorts of discussion anywhere that I can get my foot.
That’s how I got into testing this profanity.”

3.3.2 Exchanges initiated by knowledge seekers or holders. The preceding examples illustrate
exchanges initiated by actors who self-identify a knowledge gap. Our interviews also revealed
exchanges prompted by actors who possess additional expertise. On the one hand, many of these
practitioners within the supply chain proactively anticipate potential blind spots among other
actors and share relevant knowledge to prevent misinformed decisions. For instance, P12 (member
of a responsible AI team) explained proactively meeting with engineering teams to teach them
about relevant evaluation metrics that otherwise might be overlooked:

“If I know there’s an effort that’s starting in engineering, I bring my knowledge of evalua-
tions and metrics that we need to do responsible AI. You have to be specialized enough
to do that, have read lots of literature and know about the current models and current
datasets. And then reflect about the LLM task to tell ‘it should be nice to use this metric or
dataset to test if the summarization task is good or toxic.’ That won’t come naturally to
business units or engineering, they will evaluate the accuracy (whatever that means) but
not the other axes of responsible AI.”

On the other hand, some participants explained serendipitously identifying the knowledge needs
of others. For instance, a developer (P24) regularly has random chats with other practitioners and
identifies their limited practices and knowledge:

“Recently someone told me that they showed to their manager some machine learning
metric that they thought was a good metric for their problem. And the manager said: ‘I
don’t understand this metric, just pick accuracy.’ I told them that doesn’t make sense, it’s
not because the manager didn’t understand the metric that it’s the wrong metric. Pick
metrics that make sense for the problem you’re solving.”

3.3.3 Diverse formats of the knowledge exchanges. We observed that a single knowledge need
can be addressed through diverse exchange formats. These include oral or written conversations,
email exchanges, as well as one-way communications (e.g., presentations, company newsletters).
Exchanges can occur directly between actors or be mediated through multiple chained interlocutors.
For instance, P3 (user-experience designer) discussed how developers should explicitly communicate
to user researchers the limitations in the LLM system, that the UX teams should then communicate
to the end-users:

“Anything involving model drift and bias needs to be overseen by anyone who’s in the
back-end. That’s harder for someone like me or a designer to have influence on. Those
limitations within the model have to be reported to UX design and UX research. We [UX
teams] can then communicate that to the end-user in the user-interface. For example, if a
model has a very significant error rate for a specific task, we need to make sure that the
end-users are aware of that, and they’re not over-relying on it. It’s a pipeline that needs to
be managed across different teams.”
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3.4 Facilitators of Knowledge Exchanges in the Supply Chain
We identified three approaches to foster knowledge exchanges in the supply chain.

3.4.1 Shared spaces. Shared spaces enable a reciprocal exchange of knowledge, and take the
shape of workshops, conferences, and regular presentations. For instance, P10 (program manager)
described various existing and potential avenues for supporting knowledge exchanges within the
LLM provider they work for:

“One day, all parts of the organization gave their roadmap. All employees were invited
and that put everyone on the same page. If we could do something like that for generative
AI, from basics of ‘this is how we incorporate our products’ to establishing ‘if you want to
do this, this is how you do it’, or if we can start pointing people in the right direction for
what’s happening now, it’ll get them in the mindset of knowing there are things taking
place. That would help establish a central forum for people not to repeat work. Also, every
week we have presentations where customers explain how they’re using our LLM products.
When they ask ‘will you develop responsible AI?’, our employees could then have a message
to give.”

Several participants reported on efforts to create interdisciplinary reflection groups or boards that
force communications across departments, and progressively enable practitioners to make more
informed decisions. For instance, P52 similarly described:

“We don’t have a single person whose job is responsible AI. A small stakeholder committee is
the best we can do, with a representative from each of our main areas (research, engineering,
user research), to cross-check each other and fill in each other’s gaps and knowledge. That’s
what’s gonna create a much stronger governance.”

3.4.2 Intermediary roles. Certain practitioners play the role of intermediaries to connect prac-
titioners whose insights could benefit one another. For instance, several participants pointed to
product managers as having the relevant connections within the organization and the relevant
understanding of AI to serve as middle-men to create conversations or facilitate them: (P34)

“Product managers are at the crossroads of technical requirements, visual design, product
design, UX research, content design, etc. They’re connected to everyone whereas, for example
content designer might not really interface with developer. So they should spearhead
efforts.”

In some cases, these roles are becoming more structured, such as P17 who explained their own
work:

“We have people like me, we’re called strategists. We act as communication layers between
different orgs. We have technical and business strategists that facilitate between the
customer and applied research. And then me that communicates between the product
design and the product creation side and the applied researchers.”

3.4.3 Tools. Participants mentioned several kinds of tools that supported uni-directional knowl-
edge exchanges. On the one hand, they highlighted various educational programs—both those
currently in use and those they wish were available. Such programs could consist in reading lists;
onboarding sessions for specific responsible AI-related tools (data governance ones); or learning
sessions when joining the company and other trainings depending on one’s role, e.g., P18:

“You need to educate people so that they adopt some level of responsible AI in the process.
Like the product manager who is writing the requirements and including the acceptance
criteria —‘dear developer, make sure that you’re following this policy or style for imple-
mentation’. And then for people who are deploying the LLM, it’s like ‘don’t forget to add
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additional software processing to filter for PII, and policy compliance like pre- and post-
processing’.”

On the other hand, many participants discussed the need for written communication about their
organization or its LLM systems. Beyond learning from regular company or department-wide
communication emails, they emphasized the need for documentation, such as model cards. For
instance, P2 in the policy team explained that while each actor of the supply chain plays a different
role in building the LLM system, one last actor should document the work of all these actors:

“The problem with responsible AI is that it’s too broad for one single actor to know all about
it, and to ensure that it gets infused in every aspect of it. So ideally responsible AI would
be broken down in different components that different actors would have responsibility for.
And engineers would document for transparency ‘Here’s what it was tested for, the data,
the foundational model, the whole process through which we went to create this model
before it was shipped.”

3.5 Barriers to Knowledge Exchange within the LLM Supply Chain
Our interviews also revealed that knowledge exchange is concomitant with several challenges.

3.5.1 Lack of organizational visibility. We found that a general lack of organizational visibility leads
to knowledge remaining untapped. On the one hand, interview participants in need of knowledge
mentioned not necessarily knowing where to look for it. For instance, P5 explained:

“I didn’t know till talking to you today that we had a governance team. Working at other
companies, I knew that there was a team dedicated to these questions around responsible AI,
I would know who to go to for specific questions, and they would regularly communicate
out things they thought were important for employees to know about.”

Similarly, participants who do possess knowledge pointed to in-need participants not knowing
about them. For instance, multiple UX researchers lamented over product teams not being even
aware of the user-research department, and repeating studies (with lower quality) that they had
already conducted to fulfill their knowledge needs. On the other hand, several participants who
possess potentially insightful knowledge reported that they did not always know who might need
this knowledge although they would be open to share it. P29 (program manager) explained the
need for organizations to create more structured spaces to remedy to this gap:

“Sharing information across the enterprise about what you’re doing is really important.
The 5 W’s: who, what, where, when, and why? Especially who’s doing what, who are the
groups that are working with the AI, you gotta have that inventory.”

A few participants proposed that creating structured documentation template could help them
understand what they should log in for others to consume (which was also subject to further
interrogations, e.g., when to update the documentation, how feasible it is to keep this documentation
up-to-date continuously). The taxonomy we propose in Sec. 4 can serve as such a template.

3.5.2 Lack of mutual understanding. Our interview participants discussed various ways in which
they would need to better understand the actors of the supply chain to be able to better communicate
knowledge with them. They described basic communication issues across teams: (P24)

“I was working on a project and heard about this team that does the same thing. I scheduled
a call to understand what they’re doing. And I understood only 50% of what they’re doing.”

Such misunderstandings are reinforced by many instances of conceptual confusions and termino-
logical ambiguities. For instance, P3 who studies customer needs explained facing difficulties in
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choosing the right words for appropriately communicating with non-LLM experts (the taxonomy
we propose in Sec. 4 could serve as a reference point to clarify terminologies across stakeholders):

“It’s difficult to land on a shared vocabulary. Thatmakes it very challenging to communicate
and conduct research. When I did a research project on customer-service agents and their
perceptions and risk tolerance to generative AI creating inaccurate results, it was really
difficult to figure out: do I call it inaccuracies, or hallucinations, or signals?Which language
to use when the agents are not even really familiar with these concepts?”

Our participants discussed that better knowing the other actors would help in developing appropri-
ate communications. For instance, they emphasized the difficulty for them to gauge the extent of the
knowledge one actor already has, and hence to what extent they should work on communicating
further knowledge. Some of them reflected on the organizational structure, explaining that being
in the same team further helps to create opportunities to understand the need of the others better.

3.5.3 Unclear allocation of responsibility. Participants highlighted the lack of clear responsibility
allocation pertaining to knowledge sharing. It was typically unclear who is in charge of documen-
tation, or of creating documentation tools and other knowledge exchange programs. This was
partially explained because it remains unclear who is best suited to do so (e.g., would they need
to have the knowledge to create spaces for knowledge exchange?). P18 (program manager) for
instance pointed out that nobody is responsible for enforcing appropriate logging of knowledge in
their organization:

“Unless best practices for documentation are part of the software development lifecycle, it’s
not prioritized. And trying to do catch up after the fact doesn’t really work, because by
that time, there’s a good chance tjat the people who have got the actual knowledge have
either left the company, left the team, or forgotten.”

P24 (developer) further explained that due to this lack of responsibility allocation, some actors of
the supply chain simply consider that they do not have the time to share knowledge with others.
Unclear allocation of responsibility can also create misalignements across actors. Some participants
discussed that other actors assume they are responsible for providing them with knowledge, yet
these assumptions are not always obvious to others. P64 who works for a data collection and
annotation company shared:

“The client [LLM developer] usually doesn’t know themselves what they need. And they
rely on us to provide them with good data. And one part of this puzzle is writing the
instructions / the guidelines for the data annotators.”

4 Taxonomy of Knowledge Needs Across the LLM Supply Chain (RQ2)
Our interviews revealed various knowledge nuggets5 that are essential for actors across the LLM
supply chain to perform their work. We synthesize them into a taxonomy that organizes them into
key categories. Unlike a checklist or documentation template that presupposes which exact nuggets
matter, a taxonomy supports the exploration of “unknown unknowns” by making categories of
possible knowledge visible. And unlike a repository that accumulates content without structure, a
taxonomy enables purposeful search, comparison, and maintenance by stabilizing categories. Hence,
a taxonomy is particularly relevant for the LLM supply chain because it can help practitioners
address several challenges identified in our qualitative analysis (cf. Sections 3 and 2.3). For instance,
it can act as a tool to help them log useful information systematically, facilitate purposeful searches
5Generalizing the term “information nugget,” which typically refers to factual knowledge, we adopt the term knowledge
nugget—already employed in education and in knowledge management [48]—to refer to any valuable piece of knowledge
that an LLM practitioner may require.
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of relevant knowledge and mitigate organizational opacity, expand opportunities for serendipitous
discovery of knowledge nuggets, and establish a shared vocabulary to reduce miscommunication.

4.1 Method
To achieve these goals, we define requirements for the taxonomy along two dimensions (R1, R2):
• (R1) Format: The taxonomy should be organized so as to:

(a) Unify the knowledge needs of diverse practitioners unlike existing resources that target
specific roles ( e.g., toolkits aimed at AI developers solely [4, 20]) or narrow objectives ( e.g.,
gaining understanding about the AI model [141]).

(b) Provide a unified vocabulary that clarifies the interpretation of knowledge nuggets.
(c) Offer a simple structure that enables easy discovery and logging.
(d) Be extendable, allowing the addition of new knowledge nuggets as needed.

• (R2) Content: The knowledge nuggets included should:
(a) Cover a broad range of actors in the LLM supply chain, including those with limited AI

literacy, those in organizational or policy roles [94, 122], in contrast to prior work focused
on end-users [28, 52, 81, 87, 116], developers [68, 140], or UX designers [88, 157, 159].

(b) Encompass diverse knowledge types, avoiding the narrow scoping seen in prior research
(e.g., transparency or explainability [57, 105, 133, 141] or AI expertise [93]).

(c) Pertain specifically to LLM systems, defined as systems powered by LLMs to deliver
services to customers, ensuring rigor and focus.

(d) Relate to responsible AI, limiting scope to knowledge relevant for developing safe, fair,
transparent, and accountable LLM systems that comply with regulations. [31, 70, 99, 130]. For
example, this allows us to exclude knowledge about the underlying hardware infrastructure,
despite its relevance to LLM development.

To meet these requirements, we developed a set of dimensions that distinguish practitioners’
knowledge nuggets. These dimensions apply uniformly across all actors (R1a), enable simple
organization of knowledge nuggets (R1c) while clarifying their meaning (R1b), and ensure flexibility
(R1d) by allowing easy addition of dimensions or nuggets.

To establish these dimensions and populate them with nuggets, we inductively coded the inter-
view transcripts for explicit or implied knowledge nuggets and the contexts in which they were
needed (i.e., stakeholder roles and goals). We grouped similar nuggets across varying levels of detail
(especially when appearing only a few times). We then conducted open axial coding to categorize
these nuggets, identifying distinctions such as technical vs. socio-technical knowledge, or general
vs. artifact-specific information. We allowed for multiple categorizations of the same nugget to serve
different analytic needs, and acknowledged the categorizations made by our interview participants.
To enrich our taxonomy, we reviewed recurring and diverging knowledge categorizations from
psychology and education research [41, 63], and proceeded to a deductive coding round to check
for overlooked knowledge categories. We finalized the taxonomy by reconciling inductive and
deductive insights, ensuring our taxonomy dimensions are mutually exclusive and actionable (e.g.,
in relation to patterns between knowledge categories and their uses).

4.2 Overview of the Dimensions in the Taxonomy
We characterize the knowledge nuggets we identified using three dimensions summarized in Figure
2. We now explain these dimensions and illustrate them using the example in Figure 1.

4.2.1 Knowledge abstraction. This dimension (rows in Figure 2) goes from specific knowledge
about one LLM supply chain that revolves around one engineered LLM system (e.g., the components
of the LLM system deployed at the bank, such as the dataset or the interface designed for user interactions
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Fig. 2. Our knowledge taxonomy with its three dimensions —abstraction, theme, and lens— (in blue italicized
boxes) and their sub-dimensions (in gray bold boxes). The types of knowledge nuggets (plain text in the
white cells) needed by the actors of the LLM supply chain are organized by the three dimensions. These
types can be mapped one-to-one to a lens, or they can be mappable to different LLM artifacts corresponding
to different lenses—in which case we indicated "artifacts" in the cells and used arrows to list the types of
nuggets associated to these artifacts.

with the LLM application); to generalized knowledge about any LLM technology (e.g., regulations
around LLM that the bank might have to comply with). In psychology, specific knowledge is typically
termed “situational” [41], “descriptive” [63], or “declarative” knowledge [58], as well as “know-that”
or “information” [126] or “task information” [26], or “know-what” [95].

This dimension is especially useful to bring clarity in certain terms used by our participants. For
example, it was striking to observe that some participants understood the notion of transparency
in terms of provider organizations (a) sharing abstract knowledge about LLMs to the deployer
organizations (e.g., how do LLMs generally work), or instead specific knowledge about a particular
LLM system, be it about (b) disclosing that an LLM end-user is interacting with an LLM system, or
(c) communicating information about the different artifacts that make up the LLM system at hand.

4.2.2 Knowledge theme. This dimension (columns in Figure 2) describes the kinds of questions
a knowledge nugget answers. a) About the underlying technology: what kind of engineering,
scientific, or procedural components or principles are involved with a given LLM system or general
LLM technologies? b) About the technology production approach: how is or can an LLM system be
produced from design to implementation? c) About the usage of the technology: how can an LLM
system be used or is typically used, and what are the impacts thereof? d) About the technological
context: where does or can the production and use of LLM systems take place (e.g., with which
motivation, under what kinds of constraints)? For instance, the knowledge about the LLM components
(e.g., the data, annotations, and base model), the knowledge developers make use of for mitigating
LLM unfairness, the harm caused by the LLM system, and the normative expectations of the bank
respectively correspond to technology, production, usage, and context-related knowledge.

Again, this dimension is useful to further clarify the responsible AI notions that participants used.
For instance, when participants referred to transparency as specific knowledge, some imagined
sharing the dataset specifications or the model specifications (underlying technology) while others
thought of sharing how the dataset and model had been built (production knowledge). As for
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participants’ notions of explainability, some understood it as the provider providing the deployer
with a simple and basic understanding of the functioning of LLM models (underlying technology),
while others saw it as ‘algorithmic transparency’ displaying the online behavior of a specific LLM
system (usage knowledge), i.e., what kinds of inputs are entered by users, what kinds of outputs
the system returns and what mechanisms it uses to return these outputs (e.g., related to works
on local explanations [86, 132]). Additionally, while it was not necessarily termed “explainability”
or “transparency”, several LLM deployers we interviewed expected the providers to inform them
about the AI regulations they followed to develop the systems (contextual knowledge).

4.2.3 Knowledge lens. This dimension (bullet points in Figure 2) specifies the types of system
artifacts a knowledge nugget refers to or characterizes the flavor of a nugget. This goes from
the technical underpinnings of LLM technologies (e.g., the technical LLM components such as
the particular base LLM fine-tuned by the LLM developer, or the basic functioning of an LLM), to
the socio-technical embedding of this technology in society (e.g., the bias mitigation methods
applied to the LLM, the harms that LLMs might cause), to the interactions with the technology
(e.g., the user-interfaces designed to warn end-users of potential biases, the perceptions of LLMs that
end-users typically have), to the organizations and organizational processes around it (e.g., the
data stewardship processes and AI principles of the provider, AI regulations).
This dimension reflects distinctions that actors of the LLM supply chain often operate (which

increases familiarity with our taxonomy and facilitates its use) when discussing specific roles
in the chain. For instance, UX researchers and data scientists were often said to be in charge of
respectively the "interactional" knowledge around the end-users, and the technical artifacts of the
LLM systems. Policy stakeholders were typically envisioned to have a better understanding (and be
responsible for) the governance processes in an organization, and dedicated responsible AI teams
were tasked to infuse socio-technical responsible AI notions across the supply chain.

4.3 Detailed Description of the Knowledge Categories
We now describe in more detail the knowledge categories and associated knowledge nuggets.
Additional examples for each of the categories can be found in the supplementary material.

4.3.1 Specific technology. This category describes the artifacts of the four lenses that are imple-
mented within the LLM supply chain. For instance, P33 discussed specific needs of the system
deployers:

“A great degree of transparency in how features are implemented [is needed], at the level
that we can say: if you do this thing in the user interface [interactional], here is what the
data flow looks like [technical]. This would matter in our adoption processes.”

The provider’s governance team (P10) explained asking clarifications about the ways the LLM
outputs are treated by the deployer, and especially wanted to know whether the deployer had set
up any output filtering process [socio-technical] and any employee training to foster responsible
LLM usage [organizational]. These descriptions can include information about the performance
and limitations of these artifacts: (P7)

“Algorithmic transparency is telling customers the algorithms used and their limitations.”

4.3.2 Specific production. This category shows how the LLM system was produced. Its nuggets
pertain to each LLM artifact and the phases they go through (e.g., design, development, deployment,
updating, testing). They include descriptions of the choices, justifications thereof, and information
about the actors involved in each phase (to bridge the lack of organizational visibility). For instance,
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a customer service representative (P60) discussed needing deployment-related knowledge from
LLM product managers:

“I would like to see these managers tell me they’ve tried the AI out with some customers
first to see how helpful it actually was, before deploying it broadly.”

4.3.3 Specific use. This category focuses on the use of the artifacts. It includes knowledge about
the users of each artifact, their goals, and their amount of use; and knowledge about the impact of
the artifacts, in terms of user satisfaction or potential negative effects they might have. For instance,
P8 (user researcher) emphasized the importance of knowing about user satisfaction to develop
products:

“What to build, ideally, it should be impacted by customer need and the quantitative data
on the usefulness.”

P30 (customer satisfaction) hinted that how end-users use the LLM system might differ from its
intended use (which might be relevant information for policymakers):

“We provide them [customers] with a product intended to work in a specific way. If we
educate them appropriately, but then they decide to bypass some of the guardrails, then it
should be their responsibility.”

4.3.4 Specific context. This category specifies the influences for the system that is developed,
such as information about the end-user (e.g., their needs and expectations), the constraints of the
provider and deployer organizations that impact the system production, or the regulations that
the system is built to follow. For instance, P6 (UX researcher) investigates user needs to design the
systems:

“We do discovery to understand what customers are looking for and their needs. And then
concept testing to see their thoughts.”

On the technical lens, this category specifies the intended use of the system and its requirements.
For instance, P18 (program manager) explained sharing with engineering teams how the system
should function:

“In your requirements management system, you write: as a user, I want to do X, Y and
Z. The best practice is to provide some acceptance criteria and context, so that the person
going to develop the requirement has not only the use-case and user story.”

4.3.5 Generalized technology. This category refers to the conceptual ideas that rein the functioning
of LLM systems. The technical nuggets are related to the theories behind the functioning of
LLMs (sometimes referred to as the “laws of nature”, “mathematical reasoning”, “know-why”, or
“conceptual” knowledge) [41, 42, 95, 124]: the basic LLM artifacts, in-depth knowledge (e.g., about
the different LLM algorithms that exist, the bounds and guarantees that LLM algorithms have), or
the main types of existing AI technologies, as several participants had to explain to prospective
deployers the differences between predictive and generative AI to talk about the advantages and
risks of the LLM systems they offer. The socio-technical lens calls for nuggets about the responsible
AI concepts developed to cater to issues in the outputs of LLMs (e.g., unfairness metrics, adversarial
attacks). For instance, a technical developer (P32) wondered:

“Is it better to first have a very accurate model, and then bits by bits, make it aligned and
helpful? or is it better to first put some guardrails and train within that limited bound?”

The interactional lens invites for knowledge about potential issues in human-LLM collaborations
and best practices to tackle these issues, and the organizational lens refers to existing governance
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frameworks that have been established to oversee LLM systems (e.g., documentation tools, multi-
stakeholder decision processes).

4.3.6 Generalized production. This category (often termed “know-how” or “procedural knowledge”
or “prescriptive knowledge”) is related to the idea of experience-based learning, and the skills
[41, 63, 95, 124, 126] necessary for the production of LLM systems. We identified three types of such
knowledge. a) Instrumental knowledge refers to the awareness of and ability to use instruments that
support work around LLMs. These instruments can be technical, such as evaluation benchmarks;
socio-technical such as explainability toolkits; as well as organizational such as documentation
tools for LLM systems. b) Knowledge for doing refers to best practices and rules of thumb for each
phase of an LLM artifact. This is often tacit knowledge, that corresponds to “tricks of the trade”
[63]. This can be technical skills, such as fine-tuning a model. For instance, an LLM researcher (P33)
said:

“Selecting the appropriate loss function is an experience: you do that a few times, and then
hopefully you’re good at it. And you guess right every single time.”

This can also be social skills, such as knowing how to best work with annotators to develop datasets
by crafting appropriate data annotation instructions. c) Knowledge for reflecting refers to the ability
to reflect on the preconditions and consequences of LLM work to ensure the morality of a supply
chain activity [124, 126]. For instance, an engineer (P53) highlighted a typical gap in evaluation
processes:

“One of the big questions is: how do we evaluate potential risk? Some of the ways we
evaluate are algorithmic, but also there are some societal aspects. You have to think of the
threats from a social perspective.”

4.3.7 Generalized use. This category refers to general indications about the typical uses of LLMs
(e.g., their regular use-cases, who their predominant users are), about the potential (negative)
impacts LLM systems might have, and their recognized advantages and disadvantages. For instance,
a product manager (P13) in an LLM provider organization explained the need to inform LLM
deployers:

“We have to empower customers for them to make informed decisions. So we have to make
them aware of trade-offs, risks, and opportunities of AI.”

4.3.8 Generalized context. This category describes the context in which LLMs are being developed.
This might be “domain information” [26], such as existing AI regulations, as well as knowledge of
the main organizations playing in this field (e.g., leading LLM developers, annotation companies).
This also refers to information about individuals, such as the typical opinions that society has
on LLMs. Finally, it also encompasses knowledge of broader LLM and AI conventions, e.g., for
scientific researchers to publish papers using the correct benchmarks, for stakeholders of different
backgrounds to be able to communicate by adapting the vocabulary used, etc. For instance, a
product manager (P20) explained the knowledge requests from deployers:

“[LLM provider] is considered the de facto large language model provider. So for everything
that we need to develop, everyone –including the customers– are interested in knowing
how well our solution performs against them.”

4.4 Validation of the Taxonomy
Method. To validate our taxonomy, we organized feedback sessions with practitioners of the LLM
supply chain. We conducted four individual and three group feedback sessions (with around 15
people each). The group feedback sessions were advertised within one of the organizations as
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informal in-progress-research talks about AI topics, especially AI research and LLM governance,
focusing especially on information and knowledge needs and practices. The call for attendants
emphasized the space that would be given to them to discuss with the presenters and provide
comments. Employees interested in the topic could join the sessions freely. We presented the study
and its findings in around 15 minutes and asked the attendees to provide any reflections (around 30
minutes), e.g., whether they recognize their or others’ needs, whether any need is missing, whether
any additional knowledge nugget might be missing, whether the categories resonate with them.
Across sessions, feedback consistently indicated that the taxonomy was not merely a descriptive
artifact, but usable as a shared structure for communication and governance ideation. Below we
detail four recurring forms of demonstrated utility.

4.4.1 Specifying communications. The taxonomy proved useful in clarifying communications
during group discussions: it helped make vague knowledge requests more precise, by letting
discussants point to dimensions and categories. For instance, when a UX researcher expressed a
lack of “technical knowledge” about LLMs, discussions initially risked remaining at the level of a
general deficit (“I don’t know the backend”). However, using the taxonomy, a product manager
encouraged them to unpack what “technical” referred to, and specify the type of knowledge nuggets
they were referring to, using the abstraction dimension –e.g., whether the request concerned
specific system artifacts (e.g., a particular data flow) or generalized understanding of how LLMs
work–, and the theme one –e.g., whether it concerned technology facts versus production processes.

Similarly, the taxonomy helped participants resolve ambiguities in terminology related to re-
sponsible AI concepts such as transparency, by enabling participants to reference specific nuggets
of interest and point to particular abstractions and themes. Examples provided in the previous
section are illustrative of the misunderstandings that could have arisen.

4.4.2 Triggering self-reflections about blindspots. The taxonomy also prompted participants to
recognize knowledge categories they had not previously prioritized or had fully ignored, effectively
functioning as a structured tool for ideation. For instance, one LLM developer (P24) described how
their model selection practice focused on training and test data, architecture, and evaluations (i.e.,
technology-focused knowledge). After we introduced the taxonomy to them, seeing the taxonomy’s
distinctions between themes prompted them to consider whether model selection should also
explicitly incorporate knowledge about downstream use cases and risks (use and context), reframing
model choice as not only a technical optimization but also a responsible deployment decision:

“I’m thinking I could think more broadly about the use-case and the risks to make my
choice.”

Similarly, a researcher (P32) whose work focuses on developing LLM assessments reflected that
the taxonomy prompted new questions:

“It’s nice, it [the taxonomy] prompted me to reflect: was this model built for a specific
purpose [context] that is different from what the benchmark is intended to measure?
[production].”

Here, the taxonomy’s theme dimension, and especially the separation of production-related
knowledge from technology facts, helped articulate a potential mismatch that would be difficult
to express if “knowledge” was treated as an undifferentiated construct. While such limitations of
performance scores might be well-known to researchers, they were not to our practitioners and
the taxonomy helped them reflect.

4.4.3 Triggering reflections about others’ blindspots. The dimensions of the taxonomy were partic-
ularly useful to practitioners to guide the identification of the knowledge blindspots of others in
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the supply chain. Several participants picked nuggets that they were aware of, and discussed how
other practitioners could benefit from them. For instance, the generalized production knowledge
triggered a researcher (P8) to lament the lack of responsible AI knowledge of product managers
who evaluate LLMs and make deployment decisions. They used the lens dimension to point out
that these managers typically only request information about the accuracy-related quality of the
LLM outputs (technical) as they are not aware of other socio-technical metrics. In this context, they
appreciated the comprehensiveness of the taxonomy and the abstraction dimension, that enabled
to interrogate simultaneously the factual information that should be shared with others and the
generalized knowledge needed to appropriately use this information.

The flexibility provided by the taxonomy design in terms of the granularity of the categories it
creates (and the different sub-categories it implies) also revealed useful in this context. For instance,
delving deeper into the technical knowledge, a participant with a governance background explicitly
questioned whether to share with customers solely what’s legally required by the AI Act or also
what customers might request themselves. They liked the taxonomy’s distinction between the
different technical artifacts (examples of technical artifacts –i.e., sub-categories– were provided
in the description of the technical lens –i.e., category), discussing whether the customers would
need specific information about the base model, the fine-tuned model, or only the system built
around the LLM.

4.4.4 Developing governance for knowledge exchanges. Several participants were triggered by our
taxonomy to ideate about existing governance strategies that facilitate knowledge exchanges. For
instance, one participant with a governance role was particularly excited by taxonomy as they
recognized the ability the taxonomy would provide them to systematically identify the knowledge
gaps of the employees in their organization (what they called “negative knowledge spaces”) as well
as the knowledge owners (when the specific production information is populated as it calls for
identifying production actors). They discussed that they could then develop effective and efficient
remedies to the needs, such as common trainings for all practitioners manifesting a same need, or
other targeted knowledge exchange spaces.

As for the development and revision of governance tools, a model owner (P13) who is involved
in company-wide efforts for promoting transparency discussed how the taxonomy reveals potential
extensions to existing documentation tools. The different categories it provides created a structured
way for P13 to think through the large amount of potentially useful knowledge nuggets, going from
category to category to reflect on its utility, and delving deeper into the examples of knowledge
nuggets for the potentially relevant categories. For instance, when looking at specific knowledge
(abstraction) related to technical artifacts (lens), they discussed:

“Where datasets come from, how they were collected, whether there is any copyrighted material
in them [examples from the production theme]. This is perhaps not important for the
engineering team, but that’s probably important for other parts of the value chain and
governance process. That makes me think we might want to include it in our model cards.
[Instead they typically include technology-related knowledge].”

5 Discussion
5.1 (RQ1) Fragmentation of Knowledge in the LLM Supply Chain: a Resource and a

Challenge
5.1.1 The two facets of the LLM supply chain. We showed that the supply chain functions as a double-
edged sword: it fragments knowledge but it also constitutes a resource for bridging knowledge gaps.
From a CSCW perspective, this reflects a classic tension discussed in distributed cognition research,
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where knowledge is necessarily spread across people, artifacts, and organizational boundaries,
but coordination failures can turn this distribution into a liability rather than an asset [67, 129].
This finding also aligns with the few prior AI-focused studies that have shown that practitioners
within the AI supply chain acquire knowledge to develop responsible AI systems via inter-personal
learning and resource foraging [98, 134]. Beyond reaffirming the importance of knowledge work for
responsible AI, we extend prior findings by demonstrating that these avenues are used to acquire
both generalized knowledge (including competencies highlighted in earlier research) and specific
knowledge, and by providing a concrete account of how interpersonal exchanges occur.

5.1.2 Modes of knowledge exchanges. We revealed how AI practitioners (could) learn from other
practitioners, via proactive knowledge inquiries or serendipitous ones, triggered by self-reflections
or the attention to blindspots that interlocutors displayed, and happening (a)synchronously. These
findings resonate with CSCW work showing that knowledge often circulates through informal
communities of practice rather than through formal repositories alone, as practitioners rely on peer
networks to make sense of complex systems [25, 110]. We also identified the strategies that facilitate
knowledge exchanges, such as the creation of shared spaces across or within an organization, the
establishment of intermediary roles, and the development of tools for logging and spreading
knowledge. While most of the responsible AI research is currently focused on documentation-
centered tools for enabling knowledge exchanges [8, 57], these results broaden our horizon by
highlighting other ways in which practitioners do or wish to do knowledge exchanges with the
aim of producing more responsible LLM systems.

5.1.3 Barriers to knowledge exchanges. We found that limitations in the LLM supply chain challenge
knowledge exchanges. These barriers resonate with different types of “knowledge boundaries” in
CSCW [30], be it the lack of information to identify relevant knowledge (syntactic boundary), the
divergent interpretations of a knowledge nugget (semantic boundary), and the incentives hindering
the exchanges (pragmatic boundary). Some of these findings might seem unsurprising considering
the challenges generally associated to supply chains that are considered to be catalyzers for the
creation of untrustworthy AI systems, e.g., ineffective communications [134], the “accountability
horizon” [33], and the lack of clear responsibilities [155]. Yet, we are the first to illustrate how these
concepts play a role in knowledge exchanges. Interestingly, as many practitioners were cognizant
of these barriers, they slowly started to engage in efforts to build knowledge exchange capacity
as theories of infrastructuring in information technology outline [118]. Our work further showed
not only that the knowledge taxonomy we offer can increase awareness of these barriers and
reflexivity around mutual knowledge blindspots, but that it also constitutes a concrete tool that
helps establishing governance strategies to tackle them.

5.2 (RQ2) Diversity of Knowledge Needs within the LLM Supply Chain
Contrary to prior research in CSCW and responsible AI or AI policies that often discuss the need
for practitioners to have more knowledge about AI in an undifferentiated manner [2, 13, 99], our
study provides an extensive list of knowledge nuggets (via the knowledge taxonomy) that actors
across the LLM supply chain possess and might need.

Method. To explore in more details how the knowledge needs we identified compare to prior
work, we collected 79 research publications that touch upon questions of AI knowledge needs
and related responsible AI notions (i.e., AI literacy, explainability, and transparency), 7 policy and
regulatory papers (e.g., AI Act [99]) that were published by governmental organizations across
various countries and that are regularly discussed in prior research publications, and 7 AI principles
and guidelines published by private organizations (e.g., Microsoft Responsible AI Standard [1]). We
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mapped the content of these publications to the knowledge nuggets covered in our taxonomy, and
reflected on the insights.

5.2.1 Coverage of knowledge nuggets. This exercise revealed that the findings in our study com-
prehensively describe the knowledge nuggets discussed in prior publications: we did not find any
nugget that is not contained in our taxonomy. Besides, it highlighted the types of nuggets that have
been neglected in prior works. For instance, despite all these categories being essential to some
of our participants, we found that the literature primarily focuses on knowledge around technical
artifacts (58% of publications), while only 4% of the publications deal with organizational knowledge.
Furthermore, in contrary to specific technology knowledge that is mentioned in 83% of publications,
the specific production knowledge (15%) and the generalized contextual and use knowledge (11%) had
been discussed only scarcely in the past. Note that more recent publications start to recognize the
importance of such knowledge [158]. These findings mirror those in our qualitative study and espe-
cially the knowledge gaps we identified among supply chain practitioners (Sec. 3), which is likely
explained because most of prior work has not explicitly acknowledged the potential blindspots
of practitioners when establishing lists of knowledge nuggets (they rely on self-reports of needs
solely). Similarly, existing publications are centered around a few LLM artifacts (the ML algorithms
and datasets), yet our participants also required information about other artifacts such as the data
flows which are only reported in 15% of publications, or organizational processes that we did not
find reported in prior works. Our more comprehensive account of knowledge needs is a first step
to bridge the gap between the theoretical need for knowledge exchanges and its practical fulfilling.

5.2.2 Knowledge heterogeneity. Our findings also confirm that different practitioners need different
knowledge nuggets, and show that the nature of the knowledge needed varies along multiple
dimensions (abstraction, theme, and lens). This heterogeneity helps explainwhy existing governance
tools centered around knowledge (e.g., model cards, evaluation reports) often fall short when applied
across the supply chain. Not only do they only cover partially the needs of the diverse practitioners
they are supposed to support, but their formatting also makes them challenging to exploit by
these different practitioners. They rely, on the one hand on lists with too many irrelevant nuggets
that increase cognitive load, and on the other hand on hard-to-interpret notions for the diverse
actors whose AI literacy is often oriented towards role-specific abstractions. This interpretation of
our findings further motivate why an easily-navigable knowledge taxonomy could constitute an
appropriate alternative to existing tools –what we discuss next.

5.3 Knowledge Taxonomy as a Boundary Object for Supply Chain Practitioners
Our taxonomy is composed of three dimensions that form 32 knowledge categories (2 abstractions
× 4 themes × 4 lenses), themselves referring to diverse knowledge nuggets. It offers analytical
categories to concretely breakdown the plural knowledge nuggets exchanged in the LLM supply
chain. It is the first taxonomy that is explicitly built to support knowledge exchanges across
practitioners of the LLM supply chain —and Section 4.4 hints at its effectiveness.

5.3.1 Structure of the knowledge taxonomy. Our taxonomy is multi-dimensional. Instead, prior
ones contain uni-dimensional knowledge categories (e.g., [32, 93, 139] for literacy, [8, 23, 57, 105]
for transparency, and [133] for explainability). Prior works that do refer to categories of knowledge
rely on some of the dimensions we proposed, corroborating the value of our dimensions (we did not
identify any reference to dimensions that are not reflected in our taxonomy). For instance, based on
a qualitative study, Madaio et al. [98] point to the “computational” and “procedural” orientations of
the knowledge resources AI practitioners have access to –what our taxonomy also reveals with
the technical and organizational lenses. Besides, prior frameworks cover only (subsets of) the
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knowledge nuggets contained in sub-dimensions of our dimensions, e.g., generalized knowledge for
most literacy frameworks and specific knowledge for documentation tools. While we can explain
this limitation by the potentially more narrow goals of these prior works, the high coverage of our
taxonomy revealed insightful as a prerequisite to meaningfully craft future actionable interventions.

5.3.2 Utility of the knowledge taxonomy to supply chain practitioners. Without the three dimensions
in our taxonomy, it would have been more difficult for us to identify and interpret the missing
knowledge in existing publications (above), and it would be more challenging for AI practitioners
to conduct and organize knowledge exchanges (cf. Section 4). Our findings show that the central
challenge in responsible LLM development is not merely awareness of disparate knowledge pieces,
but the persistent difficulties practitioners face in accessing, translating, and aligning knowledge
across the supply chain. The taxonomy is useful not because it enumerates all possible knowledge
practitioners might need, but precisely because it provides a shared structure for articulating,
interpreting, uncovering, and coordinating knowledge needs in a setting where such needs are
often partial, fragmented, and contested. This aligns with broader HCI literature showing that
descriptive and generative frameworks are essential precursors to effective contextualization and
action [54].

In practice, this easy-to-understand structure with multiple entry points (different practitioners
started familiarizing with the taxonomy using different dimensions) supports different forms of
sense-making across roles without requiring uniform expertise. It helps actors recognize when
a knowledge request is underspecified, situate their own expertise relative to others, and reason
about what kinds of knowledge are missing or misaligned. It also constitutes an ideation scaffold
and a documentation backbone for individual use and for the further development of governance
strategies. Besides, by stabilizing categories of knowledge without prescribing content, it fosters
the necessary negotiation work that our interview participants highlighted with the subjectivity of
knowledge needs. In this sense, the taxonomy functions as a boundary object for the LLM supply
chain: it does not resolve disagreement about responsibility or decision-making nor does it solve
knowledge gaps, but it renders those disagreements and blindspots legible and actionable. This
helps explain why a taxonomy (rather than a checklist or role-specific framework) is well suited to
supporting responsible AI work in supply chain settings.

6 Implications
6.1 Enriching our understanding of knowledge needs
Our study showed that practitioners are not always aware of their own knowledge needs, that
these needs are subjective, and that miscommunications often arise. This has implications for future
research on responsible AI and knowledge. Researchers should not rely solely on self-reported
knowledge needs, but also on indirect and relational methods for eliciting knowledge needs (in
light of existing knowledge elicitation methods [35, 36, 66, 78, 83]), potentially making use of our
taxonomy as an elicitation tool but also as a terminological disambiguation means. Besides, they
should treat knowledge needs as situated and negotiated, rather than as static checklists to be
satisfied. With these ideas in mind, we encourage future research to investigate the following
research directions.

6.1.1 Extending the set of knowledge nuggets and sites of the supply chain. Since our study constitutes
one of the first attempts at comprehensively studying knowledge needs across the LLM supply
chain, we had to limit its scope. We encourage researchers to broaden it along multiple dimensions.
We have not explored in-depth all types of practitioners and organizations within the LLM supply
chain (the LLM providers were all large organizations and all the feedback sessions were conducted
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at the same LLM provider). We narrowed knowledge nuggets to those having to do with responsible
AI, but each actor needs and possesses additional nuggets that are specific to their own work, cf.
Xie et al. [158]. We developed the taxonomy around LLM supply chains, and additional research is
necessary to corroborate its applicability to other types of AI systems.

6.1.2 Verifying which nuggets are indeed needed. Whether a knowledge nugget in the taxonomy
is actually needed for an actor of the chain merits further exploration. Although this will prove
challenging due to the subjective nature of needs, this appeared especially urgent during the
feedback sessions where some participants tended to develop many new needs without being able
to articulate the reason therefor. E.g., a model owner (P13) said “it forces me to think. [..] I would be
happy to see what was tried out [in terms of experiments on the LLM training parameters]. I don’t know
why exactly but I would like to see it.” Researchers might want to prioritize the still under-explored
but seemingly-essential categories of knowledge our study revealed (Section 5).

6.2 Developing tools for knowledge exchanges
Tools revealed to be one of the promising avenues for knowledge acquisition and exchanges.
However, they were not widespread across all the organizations we covered, and they remained
the objects of some interrogations (e.g., how to ensure that the documentation is continuously
up-to-date). Besides, most participants were not aware of research progress along these lines,
such as simple or interactive AI documentation [39, 57, 105], interfaces [40, 153], or training
programs [136, 138]. Hence, we encourage researchers to investigate to what extent and how
existing research could be adapted to the context of LLM supply chains to facilitate knowledge
exchanges. Particularly, our knowledge taxonomy is a direct answer to some of the needs we
identified, and could be extended in multiple ways.

6.2.1 Ensuring appropriate use of the nuggets. Our findings revealed that possessing a knowledge
nugget alone does not represent a necessary nor a sufficient condition to achieve responsible
LLM systems. For instance, practitioners often need knowledge nuggets from multiple categories
to achieve one goal. Particularly many examples in Section 3 point to combining generalized
knowledge which might refer to owning competencies of the generalized production category,
with factual information in the specific knowledge categories, and comprehending scientific and
policy principles in the other generalized categories. Hence, future extensions of the taxonomy
should investigate how to support LLM practitioners in leveraging knowledge appropriately. A tool
could for instance suggests nuggets that are often combined together. For that, one could include
metadata such as whether a need is self-reported, externally perceived and validated, and which
practitioners it pertains to and what goals they have [141]. We caution however that the taxonomy
should not become a prescriptive tool due to the subjectivity of needs. Instead the design should
allow for personalization.

6.2.2 Improving usability. During the feedback sessions, the participants did not express being
overwhelmed by the taxonomy, however it took them time to explore the lists of knowledge nuggets
and identify relevant ones. Hence, the usability of the taxonomy could be refined. Aligned with prior
findings around AI explainability [50], we recommend investigating how to build usable tools on top
of the taxonomy that are tailored to their audience. Different types of practitioners might require
accessing different knowledge categories at different levels of granularity (e.g., those with expertise
in technical knowledge might want to be presented with more granular technical knowledge
but high-level organizational one). Based on our findings, the intention of the knowledge seeker
might also call for diverse designs, e.g., serendipitous knowledge discovery could be facilitated
by a simple overview of the 32 knowledge categories that make up the taxonomy or by an easy
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toggling between the different dimensions of the taxonomy, while targeted knowledge search
could potentially benefit from an interactive search function among all the included knowledge
nuggets. More broadly, whether the concrete knowledge exchange should happen through the tool,
or whether it should simply be facilitated by the tool remains to be investigated. Interrogating
which of the 32 knowledge categories are adapted to tool-based exchanges would be particularly
insightful. Tacit knowledge contained in the generalized production category might for instance
be challenging to formalize without deep conversations [78], and the tool could instead focus on
connecting knowledge seekers and holders together (e.g., by having metadata specifying who is a
knowledge holder in an organization for each nugget).

6.3 Improving knowledge exchange processes
An important implication of our study is that responsible AI practices do not only require more
tools, but also call for institutional forms of knowledge exchanges, that merit further research.

6.3.1 Crafting exchange spaces. While organizational processes and shared spaces revealed essen-
tial, we do not know how to best operationalize and facilitate these modes of exchanges. How to
ensure that the processes allow for both serendipitous and targeted knowledge exchanges, driven by
either the needer or their interlocutor? Note especially that serendipitous and interlocutor-driven
exchanges lack supporting artifacts until now. An idea could be to craft task-based exercises where
multiple actors would give feedback to each other. These exercises might however be met with
typical challenges associated with feedback giving (e.g., the vulnerability it requires to expose
one’s own reasoning to others for scrutiny and criticism [134]). Should we attempt at streamlining
chained exchanges across multiple actors of the chain (e.g., if they happen simply due to a lack of
organizational visibility), or is there a reason for them to be chained (e.g., if it is difficult for actors
who are distant in the chain to communicate)? To address accountability needs, is it sufficient to
extend knowledge intermediaries and create knowledge advocate roles?

6.3.2 Creating the conditions for knowledge exchanges. Unclear responsibility for producing and
maintaining knowledge repeatedly prevented knowledge from being shared or kept up to date.
This suggests that artifacts and workflows alone are insufficient: effective knowledge exchange
also depends on organizational arrangements that assign ownership, legitimize time spent sharing
knowledge, and align incentives across roles. Finally, incentivizing knowledge exchanges can also
be facilitated via policies, especially across organizations (e.g., the AI Act [99] only starts specifying
exchanges between LLM providers and deployers). In that regard, we invite policymakers to expand
and revise their understanding of knowledge across the LLM supply chain, since we found that
knowledge needs were not necessarily reflected in the obligations they formulated.

7 Conclusions
This paper proposed the notion of knowledge as a precondition for responsible LLM systems, and
examined knowledge as a central coordination and exchange problem in responsible LLM supply
chains. We empirically identified the primary knowledge gaps faced by actors within the LLM
supply chain, namely a blindspot recognition gap and an access / translation gap, and demon-
strated that the supply chain offers a unique opportunity to address these gaps. Furthermore, we
examined how knowledge exchanges occur across the supply chain, which strategies facilitate
them (e.g., knowledge intermediaries), and which barriers impede them (e.g., lack of organizational
transparency and accountability). Finally, we developed a comprehensive multi-dimensional LLM
knowledge taxonomy that summarizes the concrete knowledge needs of the actors. Feedback ses-
sions indicate that the taxonomy can function as a practical boundary object: practitioners used it to
disambiguate vague knowledge requests, reflect on previously unprioritized knowledge categories,
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identify others’ blind spots, and ideate about governance interventions. This can ultimately support
responsible AI work in the supply chain, by enabling more effective and better-informed dialogues
and reliance decisions. Combined with our qualitative findings, researchers and policymakers
can leverage our taxonomy to better account for the role of LLM-related knowledge in shaping
responsible practices.
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