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1 DETAILS ABOUT OUR METHODOLOGY
1.1 Semi-structured interviews

Participant recruitment. The interviews happened between October 2023 and January 2024. Par-
ticipation was voluntary and participants were motivated by the idea of reflecting on their own
practices. Before participating in the interviews, the participants were asked to sign a consent form
approved by the ethics committee of one of our organizations. While we aimed at interviewing
a representative set of stakeholders involved in an LLM supply chain, we could however not be
entirely comprehensive, and scoped out stakeholders whose role does not consist directly in en-
visioning, designing, developing, deploying, or using components of the LLM system. These are
for instance employees of provider and deployer organizations working in human resources or
accounting departments, or stakeholders outside the AI supply chain who might indirectly impact
it (e.g., by influencing the requirements for the AI system) such as external auditors, academic AI
researchers, and the public.

Interview participants. The official roles of our participants range from engineer, software engi-
neering manager, to product manager, product owner, or platform leader, to researcher, innovation
leader, or chief scientist, to UX designer or researcher, to content designer, etc. The hierarchical
levels of our participants vary, from junior, to more senior employees, to managers. The practical
tasks of our participants included implementing, testing, and overseeing LLM systems, or strate-
gizing around the requirements of the system and its development (e.g., functional requirements,
definition of risks, etc.). The participants span different roles including executives, directors, and
individual contributors at different levels of seniority, and different amounts and types of experi-
ence with AI.
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Interview protocol. While two-thirds of the semi-structured interviews lasted on average 45 min-
utes, for the other interviews the participants did not have as much time to give us. In this case,
before the interviews, the participants were asked to answer a questionnaire describing their per-
ceptions of AI and their understanding of AI transparency, explainability, and literacy, and only
the remaining questions were asked during the interviews (or further probing questions). The
interviews were recorded, interview transcripts were created and pseudo-anonymized, and the
recordings were then destroyed.

Additional sources of information. While the 71 interviews were our primary source of informa-
tion about knowledge needs and practices during the study, we complemented them with addi-
tional sources of information. Particularly, we gathered additional insights by investigating grey
literature and observing documentation efforts in a few organizations.We asked our interview par-
ticipants to share 1) any example of documentation they might frequently use. In addition, some
authors of this paper are partially affiliated with some of the participants’ organizations, and took
this opportunity to 2) directly observe the practices within some of these organizations.1 They in-
vestigated the types of documentation shared across employees (e.g., emails from different teams
and departments, within or across-department channels of conversation).They also observed cross-
functional and cross-organizational meetings discussing LLM system needs, extracting knowledge
nuggets relevant to these conversations. 3) We followed the work of two teams whose goal was
to develop documentation practices for several LLMs and LLM systems. We observed six sessions
they conductedwith employees of several organizations, where they discussed LLM-related knowl-
edge nuggets these employees would like to see logged in AI documentation and the knowledge
purposes thereof.This informed us about additional knowledge needs across the LLM supply chain.

1.2 Data analysis
Scoping knowledge nuggets. When analyzing the interview transcripts, in this work, we only ac-

counted for knowledge nuggets that revolve around AI, AI systems, and their components. Across
our study, we naturally also identified knowledge nuggets that are necessary to the stakeholders
of the LLM supply chain, yet that are not specific to AI –they are not the object of our study and we
excluded them from our LLM knowledge taxonomy. These are for instance the production knowl-
edge that every stakeholder in the supply chain needs to conduct their respective work, even when
they do not focus on AI, e.g., a UX researcher needs expertise in qualitative and quantitative user
studies, an LLM developer needs experience coding, a legal actor requires an understanding of the
legal system in their environment. Knowing how to work in a team or across organizations is also
an expertise important across the LLM supply chain but not specific to AI.

Developing the knowledge taxonomy. The first and second authors took part in all analysis ac-
tivities to develop the taxonomy, and the other authors participated in the discussions to create
the knowledge dimensions. Note that these activities did not purely follow a sequential order:
the authors annotated the first ten interviews and developed early themes before conducting the
next interviews and coding exercises, and repeated this process twice, reconciling the annotations
across all analyzed interviews. While the first thirty five interviews were systematically analyzed,
we relied onmemoswritten during the next interviews to identify new types of knowledge nuggets
or potential relevant knowledge dimensions to update the taxonomy. For instance, in this way we
added considerations about “socio-organizational” knowledge nuggets that had not been pointed
out in prior interviews.

1Note that, in this work, statements from sampled participants do not necessarily reflect the positions of the organizations
associated with the authors.
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Positionality statement. The analysis of the data is influenced by the positionality of the authors
of this paper. We all work in European and North American institutions, both in academia and
industry. We all have prior experience with developing AI systems and conducting responsible
AI research, and most of us have spent at least six months working within LLM provider orga-
nizations. We were trained in Computer Science, Artificial Intelligence, and Human-Computer
Interaction. These experiences shaped our interest in knowledge as a central resource in respon-
sible AI development, and sensitized us to the practical constraints, incentives, and asymmetries
faced by different actors in LLM supply chains. Our positionality enabled us to build rapport with
participants, ask informed follow-up questions, and recognize tacit forms of knowledge exchange
that might be overlooked by outsiders. We view this positionality as a lens that shaped and con-
strained our analysis. To avoid biases as much as possible, we adopted reflexive and collaborative
analysis practices to surface and question assumptions derived from our own experiences.

1.3 Validation of the taxonomy
We rigorously surveyed Google Scholar (conducting snowball sampling) for publications that use
keywords related to AI or machine learning, as well as keywords related to AI transparency, ex-
plainability, or literacy. We retained publications that conduct user studies (e.g., [25]) or deal with
new tools or new algorithms (e.g., [5, 34]) in relation to these notions, or discuss laws or poli-
cies or propose a conceptual understanding thereof (e.g., [4, 90]). We only selected publications
that include some description of knowledge nuggets, knowledge purposes, and / or knowledge
stakeholders to ensure that we can reflect on our LLM knowledge framework based on these pub-
lications. We do not include papers that talk about AI transparency or replicability in the context
of AI research (e.g., research on new algorithms, on new applications of AI) [37] but only retain
papers focusing on AI used nowadays in organizations. As the goal of our work is not to conduct
a literature survey around AI transparency, explainability, or literacy, we also excluded several
papers to remain within a tractable number of publications, while ensuring that the selected pub-
lications are representative of the landscape of the literature. For that, as we noticed that plenty
of publications propose new algorithms for AI explainability for decision-makers, we decided to
choose only a few of those that are highly cited. We also excluded publications on AI literacy when
these address the literacy of stakeholders that are not relevant to our study, such as publications
that discuss the literacy of individuals younger than a university education (e.g., young children),
and of individuals evolving in specific application areas outside our LLM supply chain (e.g., AI
literacy for journalists). Table 1 lists all the publications we analyzed.

Table 1. List of publications surveyed in this paper.

Publication type Publication list Total

Policy study [2, 4, 9, 13, 14, 23, 24, 28, 31, 33, 38, 45, 50–52, 54, 58, 64, 70, 71, 83, 85, 86, 89, 90,
92, 93]

27

HCI tool [5–7, 22, 34, 41, 42, 62, 76, 87, 96] 11
HCI study [8, 10, 11, 15, 16, 18–21, 25–27, 29, 30, 39, 40, 43, 44, 46–49, 55–57, 59, 60, 63, 65,

66, 69, 72, 74, 78–81, 88, 91, 94, 95]
41

Policy & regulation [3, 61, 67, 68, 73, 75, 82] 7
Company AI principles [1, 12, 17, 32, 35, 36, 77] 7

Note that althoughwe built our taxonomy based on an empirical study of LLM supply chains, we
compare it to publications whose primary target is not necessarily LLM systems but AI systems
which rely on discriminative algorithms. We do so for two reasons. There is not enough litera-
ture that addresses questions of knowledge in LLM systems specifically yet. There is a reasonable
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overlap in stakeholder roles across the two types of technologies, conducting similar work and
consequently having similar knowledge needs. Despite certain differences, LLMs and prior AI sys-
tems share various technical principles and regulations, many harms they can cause are similar
and the related responsible AI notions to prevent them rely on similar ideas. While it is there-
fore natural to find differences in the knowledge nuggets and dimensions covered, the amount of
overlap identified also hints at the generalizability of our taxonomy.
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2 EXPANSION OF OUR QUALITATIVE FINDINGS
2.1 Insights about Knowledge Practices and Challenges
2.1.1 Limited Knowledge Exchanges across the Supply Chain. We also found highly-consequential,
missed, opportunities for fulfilling the knowledge gaps.

Missed opportunities. Our interviews revealed that knowledge exchanges occur throughout the
supply chain—within individual teams, across teams within the same organization, and even be-
tween organizations. However, while relevant knowledge exists within the supply chain, partici-
pants also described instances where this knowledge was not communicated at all. For example,
P2 (responsible AI researcher) reflected: “Sometimes I learn way after the fact that the team has
integrated something about responsible AI in their model development, that is completely different
from what we suggest. I ask ‘why did you do it that way?’ and they say ‘we had to do something and
we didn’t know that you were doing something.’ There’s a lack of communication. There are so many
teams working on so many things, and they don’t talk to each other and don’t know that others have
already tried solving this or done something to alleviate something.” In other cases, although knowl-
edge exchanges occurred, the information was not always interpreted correctly, leading to flawed
decisions. This often stemmed from differences in expertise and terminology among actors in the
supply chain, which created opportunities for misunderstanding. P24 (developer) reflected on this
challenge: “We had a discussion recently where our designers wanted to show where the hallucination
was in the paragraph. But they didn’t think it was possible. And us as data scientists, we thought it
would be much more valuable to show the hallucination per sentence. But then our PM, who was the
bridge in the middle, told us that designers cannot do that in the UI. And then the designers thought
it was not possible technically to do that. It was an example of: we need to be so much more in sync,
so that designers can know what’s possible to do, and that we can know as data scientists also what is
possible to do from an interface perspective, so that we can meet in the middle.”

Knowledge gaps as barriers to responsible deployment. Many participants highlighted how having
incomplete, unmet, or wrongly met, knowledge needs led to different consequences depending on
the role of the practitioner. Customers of LLM providers and end‑users may become disappointed
if they lack an accurate mental model of what LLMs can and cannot do. Besides, users may unin-
tentionally misuse systems when they are unaware of what the LLM was trained for: (P13) “We
started putting together model cards for customers to understand the use cases [for the LLM system].
Then, the opportunity for misuse goes down. Even for the well intended customers, if you don’t tell
them, how would they know? We currently tell them ‘please use it only for the following’.” As for up-
stream practitioners, knowledge gaps not only led teams to duplicate and waste efforts, but they
also led individuals to make inappropriate design and deployment decisions. For instance, one
noted, (P24) “Sometimes we have executives, PMs or designers that don’t have a lot of experience in
AI. And if you have data scientists who are not businessy, you have a clash. PMs ask a question to the
data scientists and don’t get the right answer. So you have bad decision taken and responsible AI is
in the cracks. Because PMs don’t know, and the data scientists don’t understand what was the intent
behind the question and don’t realize what they could say that would make the decision better.”

2.2 Illustration of the Knowledge Taxonomy
In Tables 2, 3, 4, we illustrate with empirical findings (from our interviews) the various knowledge
categories we identified as important for the stakeholders along the LLM supply chain.
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Table 2. Examples of knowledge nuggets for the specific knowledge.

Knowledge
category

Knowledge nuggets Illustrative quote

Specific technology
Technical arti-
fact

Artifact description,
e.g., data flow.

“A great degree of transparency in how features are implemented at the level that we can say,
if you do this in the user interface, here is what the data flow looks like, would matter a lot in
our adoption processes. Here’s how the data flows. Here’s where your data is used.”

Socio-technical
artifact

Artifact quality, e.g., al-
gorithmic bias related
to guardrails

“You should show that your algorithm is behaving appropriately, without bias.” (P19)

Interactional ar-
tifact

Artifact description,
e.g., documentation in
the user interface

“Algorithmic transparency is telling customers the algorithms used and their limitations.” (P7)

Organizational
artifact

Artifact description,
e.g., insurance of good
use of LLM outputs

“We tell our employees ‘here’s the ethical guidelines for AI at [organization]’. Read and attest
to them to use these tools. Although people can still do bad things, it’s a control that allows us
to protect the bank if something bad happens from an employee perspective.” (P57)

Specific production
Technical arti-
fact

Process, e.g., data cre-
ation

“[A-org]’s responsibility would be for the technical working. So the processing of that data, the
transport of that data, and where the learning is done.” (P45)

Socio-technical
artifact

Process, e.g., artifact
development for the
guardrails

“We also developed our own hallucination detection as a post-processing step.” (P21)

Interactional ar-
tifact

Process, e.g., system
deployment

“I would like to see team leaders be able to say that they’ve actually tried the AI out with the
customers first. And to see how the call went, and how helpful it actually was. Before actually
deploying the AI more broadly.” (P60)

Organizational
artifact

Actors and governance “There’s so many different organizations in the company, too, like we’re not even aware of who
knows or doesn’t know what what we’re working on.” (P3)

Specific use
Technical arti-
fact

Online usage of spe-
cific models

“What models are being used. For example, for this feature, are you using a [A-org] model
that’s running in your data center? Are you using external provider model? ” (P33)

Social-technical
artifact

Purpose of explanation
artifacts

“Explainability will be something that we could provide per inference in case you’re curious
to know how this specific inference was generated.” (P7)

Interactional ar-
tifact

Online usage of the en-
tire system

“We provide them with a product intended to work in a specific way, [..] they decide to cus-
tomize that, or bypass some of the guardrails.” (P30)

Organizational
lens

Application of organi-
zational practices, e.g.,
training

“If we educate them appropriately, but then they decide to customize that, or bypass some
of the guardrails, then it should be their responsibility.” (P30)

Specific context
Technical lens Requirements “In your requirements management system, you write: as a user I want to do X, Y and Z. The

best practice that emerged is to provide some acceptance criteria and context, so that the person
going to develop the requirement has not only the use-case and the user story.” (P18)

Socio-technical
lens

Usage policies of the
LLM system

“The way that our platform works is that you could change things. And that’s where the cus-
tomer responsibility could be involved. We provide them with a product intended to work in a
specific way. If they decide to customize that, then it should be their responsibility.” (P30)

Interactional
lens

Customer needs “We do discovery to understand what customers are looking for, and their team structures and
their needs. And then concept testing to see their thoughts.” (P6)

Organizational
lens

Organizations’ re-
sources

“You have managers who assign resources to a use-case. Then you have team leads who are
specifying which resource should do what, especially for engineers.” (P4)
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Table 3. Examples of knowledge nuggets for the abstract knowledge.

Knowledge
category

Knowledge nugget Illustrative quote

Generalized technology
Technical Basics of LLM functioning LLM training: “At the back-end like fine-tuning algorithms, I don’t understand much. I’d

be fully transparent here. I have still more learning to do.” (P5)
Basic LLM artifacts Functioning of generative AI: “They say a lot we need to educate people, and they do these

courses. They recently did a generative AI basic course. This resonates with me a lot, the
goal to educate as many people as possible about how AI works.” (P64)

Theories that explain LLM
systems’ (limited) perfor-
mance and their bounds

Training “rules” “Is it better to first have a very good model, and then increase bits by bits
its capabilities to make it aligned and helpful, or is it better on the contrary to first put
some guard rails and train within that limited bound? I’m not sure we know how to do the
later one in research.” (P32)

Socio-
technical

Responsible AI concepts Explainability: “At least when they’re simple, you have the advantage that you can un-
derstand what the model is doing. It gets removed as soon as you move to a little bit more
complex model like boosted trees, this family of models is already harder to understand,
and neural networks are even more opaque.” (P4)

Interactional Human-AI collaboration
concepts, e.g., over-reliance

“when it comes to user research. There can be a tendency of people to sort of over-rely on
AI, just assume that whatever AI says -it must be true, because it’s this magic thing.” (P37)

Organizational Governance frameworks “We rely on their expertise to establish some sort of governance on the technology and how
to bring in AI in the organization itself, and establish a committee internally to help make
these decisions.” (P35)

Generalized use
Technical Advantages of specific AI

techniques
Advantages of logistic regression: “Logistic regression, at least they’re very simple, you
have the advantage that you can understand what the model is doing, which gets removed
as soon as you move up one level to a little bit more complex model like boosted trees like
this family of model is already harder to understand. and neural networks are even more
opaque. ” (P50)

Socio-
technical

Risks of AI Unfair LLM outputs: “There’s a lot of them, and it depends on the usage, and how it’s
connected to the outside world.Themodels are applied in production and impacting people’s
lives. So any kind of bias in the training data, or use of things like race, post code that’s
associated with bad neighborhood, quote unquote - can lead to problematic decisions by
these models.” (P50)

In-depth understanding of
the transformations and
harms LLMs causes in
society.

Inequalities in the benefits of LLMs “the thing that worries me most about AI is the po-
tential of leaving the underprivileged behind. It’s an extremely powerful technology which
is very easy to use for communities that have access to it. As a result, in this knowledge-
based economy, you get an edge which can lead to a few getting even more powerful, while
those who do not have access to that technology, whether because of technical know-how,
or GPUs, they can very easily be left behind.” (P16)

Interactional Use-cases “we have our chief technology officer. He’s a very technical, and was one of the first to start
experimenting and looking around with it, and stood up a little center of excellence team
where they review all the different genAI use cases, and start putting work into it and start
developing things, trying to educate our users on the safe use of genAI.” (P43)

Generalized context
Technical The conventions of the sci-

entific community working
on LLMs.

“openAI at the moment is considered a de facto, large language model provider. So every-
thing that we need to develop, everyone, including the customers, are interested in knowing
how well our solution performs against openAI.” (P22)

Socio-
technical

AI policies Data privacy: “we wanna scrub malicious data from that, we wanna make sure that there’s
no PII in it, and most of the risk is being driven by GDPR, the EU AI Act and the Canadian
AI act that they’re developing.” (P29)

Interactional Perceptions of AI by various
audiences

“The broader public is becoming more and more familiar and using AI in general, and being
impacted by it. So there’s more and more concern about AI and investment in AI too.” (P20)

Organizational Organizational players “We don’t really have a big arm for process change management which is required for a
really good implementation. So that’s where our partners come in.” (P35)
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Table 4. Examples of abstract production knowledge.

Knowledge
category

Knowledge nugget Illustrative quote

Technical arti-
fact

Instrumental knowledge
for development

Algorithm training: “all these models require GPUs, compute power, and storage to do that.”
(P15)

Technical arti-
fact

Knowledge for doing,
e.g., tricks for algorithm
training

“You don’t know in advance exactly what they’re going to do. And the experience of selecting
the appropriate loss function, it’s an experience: you do that a few times, and then hopefully,
you’re good at it, and you guess right every single time. but thinking in very high-dimensional
spaces, people are just really bad at doing that. We don’t have the greatest intuitions for it.
Which means that the problems can be hard, which means that the likelihood you’re going to
get it exactly right in a very large parameter space is very low.” (P33)

Technical arti-
fact

Knowledge for reflecting
on evaluations

“We need to pick better metrics. For example, we’re aiming to improve accuracy but we cannot
just look at accuracy. That’s not the only thing that matters. We’re still not looking at things
like calibration, errors of our models or the data: does it look biased? is it going to be robust?”
(P24)

Socio-
technical
artifact

Knowledge for doing Interactions to avoid over-reliance on the system: “Over-reliance is easy to work on. We can
ensure that we keep multiple checkpoints in the product to ensure that they are keeping the
human in the loop. And it’s not making every single decision. And humans have to really be
in there.” (P6)

Socio-
technical
artifact

Knowledge for reflect-
ing on socio-technical
choices

“One of the big questions these days in frontier AI systems is: how do we evaluate potential
risk? One thing is to defend against harm, and the other is to test whether those defenses are
good. Some of the way we evaluate is very much algorithmic, but also there are some societal
aspects. You have to think of what are the threats from a social perspective.” (P53)

Interactional
artifact

Knowledge for doing,
e.g., design tricks

“we have a research project on how to efficiently interact with genAI systems. It’s at the re-
search stage. But hopefully, we can get some valuable insights and actionable ones that we
can integrate in our products so that our users can use them as efficiently and effectively as
they can.” (P49)

Interactional
artifact

Knowledge for reflecting
on the conditions for in-
teractions with LLM sys-
tems

“AI creates algorithmic capital, and it is not available to everybody to use it to harness more
value. And the people who benefit from it, it’s the company that gets more capital out of it.”
(P2)

Organizational
artifact

Instrumental knowledge
for development

“There is a desire of the company to create LLMs to protect customer data. But we need trans-
parency in the training, and set guidelines that govern the collection of data so that we can be
confident that what we’re building is not transgressing ethical considerations.” (P20)

Organizational
artifact

Knowledge for doing,
e.g., organizational pro-
cess design

“Whenever one thinks there’s a gap, let’s document that and come up with our mediation plan.
And sometimes, by the time you find out that something occurred, it’s already been resolved.
How did we resolve it last time? Does it show something more systemic? That’s the challenge
for me: training people in the organization to take those steps of self-identification and self-
governance.” (P10)

Organizational
artifact

Knowledge for reflecting
on the organizational
consequences of LLM
systems

“Concentration of power, because those that control AI will control the information, the deci-
sions, and influence people.” (P11)
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3 ASSESSMENT OF THE KNOWLEDGE TAXONOMY
3.1 Validity of the Taxonomy
3.1.1 Validity for AI practitioners. During the feedback sessions, we presented the taxonomy pro-
gressively to the participants. We started by introducing the knowledge categories, then provided
examples of knowledge nuggets per category and showed slides with an exhaustive list of these
nuggets, and finally zoomed out to the overall taxonomy and the dimensions that connect the
nuggets across the categories. In response, the participants did not discuss any nugget that was
not already in the taxonomy, which validated the comprehensiveness of the taxonomy. the partici-
pants primarily discussed how various knowledge nuggets are or could be useful to them and other
stakeholders, validating the importance of the nuggets included in the taxonomy. For instance, an
LLM researcher (P31) discussed the specific production knowledge and explained “Asking for ra-
tionales is important. For instance, why were these metrics and test data used for evaluation? Was it
to look at biases? So how were these biases defined?”

(a) Percentage of publications referring to a knowledge category for each AI supply chain actor.

(b) Percentage of publications referring to a knowledge type for each AI supply chain actor.

Fig. 1. Analysis of publications based on the knowledge stakeholders they refer to (the stakeholders in the
AI/LLM supply chain are in bold). We also show the number of publications mentioning the different stake-
holders, and the number of knowledge nuggets mentioned by the publication across type of stakeholder.

3.1.2 Generalizability of the Taxonomy. Figure 1 provides a fine-grain description of the knowl-
edge needs reported in existing publications, as a function of the supply chain actors they pertain
to. The scopes of actors included in our taxonomy and covered by prior works overlap, but bear
differences. Our literature survey confirms that existing publications primarily refer to actors out-
side the LLM (or AI) supply chain –these can be end-users of the AI systems, decision-subjects,
the public, auditors, or researchers. While we found 110 mentions of these actors and 368 men-
tions of relevant knowledge nuggets for these actors, we only found respectively 45 mentions of
actors and 200 of nuggets within the AI supply chain (more often of technical background, and
working for provider organizations as opposed to deployer ones). As our taxonomy covers all pre-
viously mentioned knowledge nuggets, it is applicable to stakeholders outside the AI supply chain.
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However, this does not mean that all knowledge nuggets are actually needed by these stakehold-
ers. For instance, the socio-organizational knowledge highlighted by our taxonomy is primarily
mentioned in publications that relate to stakeholders within the AI supply chain, but never for
decision-subjects or auditors who might have less use for it (see Figure 1b).

3.1.3 Depth of the Knowledge Taxonomy. Our goal was primarily to identify and structure the
categories of knowledge needs that researchers or policymakers might neglect, and hence our
framework does not detail the knowledge nuggets as deeply as certain prior publications (espe-
cially those [13, 34] that focus on a single technical artifact used in multiple AI supply chains,
instead of focusing on an entire supply chain as we do).

Note that the depth we use in the knowledge taxonomy follows the one employed bymost of our
interview participants. Oftentimes, they report their needs at the level of the smallest knowledge
sub-categories our taxonomy allows (e.g., they talk about the performance of the LLM model or
the pre-processing of the dataset which refer respectively to the specific technology knowledge
around the technical artifact output quality or around the technical artifact development), and
sometimes at a deeper level (especially when they are of a technical background), e.g., they talk
about the GPUs used to train the LLM model which is one level deeper the specific technical
production knowledge about the LLMmodel development. Most publications instead report needs
following one single level of depth, typically the deeper one. We recommend explicitly exploiting
these different depth levels in the future depending on one’s goal. The category-level is easily
reported on by stakeholders in a reasonable amount of time, higher levels can serve to reflect on
existing literature but are not necessarily actionable, and lower levels used in the literature are
more comprehensive and operationalizable but time-consuming to explore.

Mapping the nuggets present in prior publications to our knowledge categories and sub-categories
to populate them would be easy and could make the taxonomy even more actionable for certain
users (e.g., practitioners developing AI documentation tools). For instance, datasheets for datasets
[34] and data-centric explanations [5] contain fine-grained knowledge nuggets (e.g., dataset recom-
mended data splits, potential sources of data noise) that our interview participants with technical
development and governance roles discussed as useful. These nuggets, although not explicit in our
taxonomy, would fit in the specific, technology knowledge (e.g., data split used, data quality) and
production knowledge (e.g., recommended data split) related to the artifact dataset.

3.1.4 Comparison to Other Taxonomies. Table 5 shows how the dimensions in our taxonomy com-
pare to those in prior taxonomies: our taxonomy covers a larger number of dimensions and sub-
dimensions.

Table 5. Comparison of the structure of our knowledge taxonomy with other taxonomies.

Dimension Existence in prior taxonomies Example from prior taxonomies
Abstraction Conserved since most tax-

onomies focus on a single
sub-dimension.

The AI literacy framework [59] only contains generalized knowledge. Datasheets [34]
only contain specific knowledge.

Theme Conserved implicitly in the cate-
gories of some publications.

Datasheets [34] contain “motivation”, ‘use”, “composition”, and “process” categories, re-
spectively reflecting the context, use, technology, and production sub-dimensions.

Not reflected by any category. Model cards [62] or transparency index [13] do not differentiate by theme.

Lens Conserved since most tax-
onomies focus on a single lens.

Data-centric explanations [5] only contain knowledge related to technical aspects.

A few publications implicitly re-
flect multiple lenses.

The “composition” and “maintenance” categories in datasheets [34] respectively match
technical artifacts and organizational processes.

Not reflected by any category. The transparency index [13] includes organizational processes such as “model docu-
mentation” but does not separate them from knowledge of other lenses.
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Table 6 compares the specific knowledge categories that our dimensions form with categories
in prior taxonomies. Only minor differences are identified, that revolve around the hierarchical
level of the categories: our knowledge categories might be split or merged. Such variations do not
strongly impact future analyses since our dimensions —knowledge lens, theme, and abstraction—
subsume others’ dimensions or categories.

Table 6. Comparison of the categories reflected in our taxonomy and other taxonomies.

Discrepancy Example
Categories more fine-grained
than in our taxonomy

In datasheets [34] and data-centric explanations [5], data processing and data collection are two
explicitly separate categories that we left undetailed in our specific production knowledge category
(within the design and development nuggets).

Categories with a broader
scope than in our taxonomy

The “how does AI work?” category of the literacy framework [59] contains nuggets that we split
into multiple sub-categories in the generalized technological knowledge, e.g., differentiating between
basic understanding of AI technology and theories behind AI (specifically LLMs in our case).

Same categories split using
one dimension of our taxon-
omy

Sokol et al. [84] discuss three “explanation targets” on the same level (data, model, predictions),
whereas they are distinguishable with an additional dimension in our specific technological knowl-
edge category: data and model are two entities while predictions refer to the entity output quality.

Same categories split using
multiple dimensions

The transparency index [13] is organized based on the “domains” of foundation models, i.e., whether
the knowledge refers to an AI model itself (our specific technological knowledge for LLM models),
or downstream consumption activities (our specific contextual knowledge for LLM models), or up-
stream development activities (our specific production and technological knowledge for LLMmodels
to describe technical artifacts such as datasets used to develop the models).

3.2 Exploitation of the Taxonomy

(a) Percentage of publications of a specific type
that mention a category of knowledge nuggets.

(b) Percentage of mentions of a knowledge cat-
egory among the publications discussing one of
the responsible AI notions (AI transparency, ex-
plainability, and literacy), two of the notions
without distinction (transparency & XAI) or two
notions in combination (transparency by XAI
refers to publications where XAI is discussed as
a means to achieve transparency). The number
of publication discussing each responsible AI no-
tion is indicated under the publication typology.

3.2.1 Identification of under-researcher knowledge nuggets and categories. Figure 2a and the more
detailed plots (Figure 3) show towhat extent the various knowledge categories that we identified as
relevant in our interviews are covered by prior AI publications and regulations. Specific technology
knowledge is predominant, while all the other categories lack exploration.

3.2.2 Investigation of the conceptualization of responsible AI notions. Our taxonomy enables re-
searchers to disentangle [53] how existing publications define the notions of AI literacy, trans-
parency, and explainability, with significant overlaps across notions and publications. Figure 2b
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Fig. 3. Percentage of publications that mention each knowledge nugget among all publications. Knowledge
nuggets that are never mentioned do not appear in the bar charts.

and the more detailed plots (Figure 4) for instance reveals that both transparency and explain-
ability publications discuss specific knowledge, while both literacy and transparency publications
discuss generalized production and technological knowledge, pointing out the potential lack of
clear distinction between the two concepts. The lack of clear distinction might be explained by
the conceptual ambiguities in how these notions relate to each other: some publications explicitly
present explainability as a means for transparency; while others discuss them potentially as in-
terchangeable notions, or independently –sometimes as means, sometimes as goals in themselves.

Fig. 4. Percentage of mentions of a knowledge nugget among the publications discussing one of the re-
sponsible AI notions (AI transparency, explainability, and literacy), two of the notions without distinction
(transparency & XAI) or two notions in combination (transparency by XAI refers to publications where XAI
is discussed as a means to achieve transparency). Note that certain knowledge nuggets do not appear at all
in the plots because they were not referred to by any publication.
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4 DETAILED RESULTS ABOUT STAKEHOLDERS AND KNOWLEDGE GOALS
In this section, we present additional results that we made use of to decide on the dimensions and
sub-dimensions of our taxonomy.

4.1 Categorizations of Knowledge Stakeholders & Purposes
4.1.1 Categories of Knowledge Purposes. We identified four types of knowledge purposes, show-
ing the types of interaction the knowledge requester aims to havewith other stakeholders involved
in their task.

Collaborating: Working with others by consuming and sharing knowledge. One needs to consume
and share knowledge in order to work with others. We found several ways in which knowledge
is used in this context. One might need knowledge from others to coordinate efforts, avoid re-
peated efforts and increase the efficiency of an organization; as well as to make sure that expected
work has been conducted successfully by the relevant individuals or teams; or they might require
knowledge to identify how they can rely on others and use their support, e.g., utilizing their rel-
evant knowledge, expertise, or resources. Knowledge can also be used to enter into discussions
with others and help or challenge their own decision-making process. Finally, certain participants
discussed using knowledge nuggets to decide whether to enter into a collaboration with others,
whether to start working for others, and/or whether to trust others at all.

Informing other’s decisions by sharing knowledge. Knowledge nuggets can be shared with others
to inform them and impact their work across the LLM supply chain. Particularly, we identified sev-
eral ways in which a knowledge sharer aims at impacting a potential knowledge consumer. This
might be done without any ulterior motives (e.g., they simply have the will to educate another
stakeholder because they deem a topic important), or in order to impact further decisions by the
knowledge consumer. Particularly, this impact can revolve around managing the consumer’s ex-
pectations, especially when a potential AI consumer starts using an AI system or its component for
the first time; or fostering trust of the consumer, such as when an AI user might have to choose
which AI provider to work with. More broadly, one might also aim at developing the image of
their organization to the greater public by sharing knowledge, such as displaying and attesting of
responsible AI efforts, especially in comparison to competing organizations. It can also be about
implicitly fostering active efforts in one direction such as fostering activities to ensure responsible
AI development and use; or explicitly convincing one to make a decision, such as the decisions to
put in place new protocols to ensure privacy preservation during data collection.

Informing one’s own decisions by consuming knowledge. In the context of their LLM supply chain
activities, participants mentioned requiring various types of knowledge to conduct their usual
tasks. This can for instance be about knowledge to decide how to develop an AI component or to
assemble multiple components into one AI system, knowledge to make strategic decisions around
the development of future AI components or the adoption or commercialisation of such AI compo-
nents, or knowledge to decide when to rely on the outputs of an AI system (for its users). It can also
be knowledge in order to set up governance efforts within or across junctions of the LLM supply
chain. In some cases, we found that our participants desired to access knowledge to make decisions
that go beyond their typical activities, and expand on their expected work. That was especially the
case for participants who, for instance, were not tasked to reflect about responsible AI topics by
their employer, but, deeming it important, decided on learning about the topic to incorporate new
elements and reflections in their own practices and the practices of their colleagues.
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Ensuring traceability by communicating knowledge. Keeping traces of activities and reflections
happening across the supply chain is not necessarily intended specifically for oneself or others,
and does not always serve a specific and immediate purpose –some of our participants mentioned
that a knowledge nugget might be important for them to knowwhile admitting that they could not
express the purpose of the nugget just yet, and that it could become relevant in the future. In some
cases, ensuring the traceability comes from the intent of the participant to support their future
work or the future work of others, and in other cases, it has been explicitly suggested or requested
by another entity, especially for accountability purposes and debugging of future issues the AI
system could cause, or simply to comply to general requirements such as around transparency. For
instance, the consumer of the knowledge nugget or any other entity such as a regulation might
require specific information to be shared around responsible AI topics such as the evaluation of
the outputs of an AI system.

4.1.2 Categories of knowledge stakeholders. We find that our participants, regardless of their des-
ignation within the supply chain, might have several of the knowledge purposes described above.
We also find that the specific knowledge nuggets needed by our participants differ based on the
type of task they have to conduct within a specific knowledge purpose mentioned (this is easily
imaginable with the purpose related to informing one’s own decisions for which the types of deci-
sions to be made are directly related to one’s designation). Particularly, we find that stakeholders
vary based on the goal of the activities they conduct. They can either have a strategizer, do-er, or
evaluator role. Besides, the disciplinary orientation of these activities matters. Indeed, we find that
stakeholders’ activities vary based on the kind of discipline their role fits in. This can be technical,
user-centered, responsible AI-focused, customer-centered (i.e., business), or governance-related.
These two dimensions can be combined into the types of roles the stakeholders occupy across
the LLM supply chain, and subsequently the type of knowledge they might require. For instance,
a technical do-er role corresponds to an AI developer, data engineer role, or machine learning
engineer who would develop an AI system, while a technical strategizer role might fit more the
software architect designation, or potentially the product manager designation which would be
accompanied by customer-centered strategizers as well. Such customer-centered strategizer roles
could also include employees of organizations that adopt AI who make the adoption decisions on
the organization to work with, as well as employees of organizations that develop AI and make
decisions based on business variables on which technical infrastructure to use, etc.

4.2 Patterns of Knowledge Needs
Based on our interview results, an approximate mapping can be outlined between the categories
of knowledge nuggets needed (the what), the categories of knowledge purposes (the why), and the
knowledge stakeholders (the who) that might want to consume or share this knowledge.

Primary trends identified. Naturally, general trends appear between knowledge categories and
knowledge purposes and their stakeholders’ activities. For instance, regardless of the specific stake-
holder, we find that the more work is conducted in interaction with others (particularly collaborat-
ing with others and informing others’ decisions), the more the production and context knowledge
are important, in order to first identify who to work with and how. Then, the knowledge that
will be shared with the identified knowledge consumer often revolves around specific technology
knowledge for both needs, or translation knowledge to support others in conducting an activity
(collaboration), or abstract knowledge for informing other’s decisions.

Similarly, for keeping track of the LLM supply chain activities for oneself or others, we found
that the context and production knowledge are useful and potentially mandatory (according to
certain regulations, such as the AI Act [61] that requires to reveal the identity of the LLM system
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developer), as they allow for traceability and accountability, e.g., in case of issues caused by the
LLM system. As a result, the organizational abstract knowledge is also relevant, especially in iden-
tifying obligations for reporting. Additionally, the precise specific technology knowledge related
to the conducted activities is required to precisely report on these activities.

The knowledge for informing one’s own decisions is the one that requires further differentiation
between the different types of stakeholders to better understand their knowledge needs. Below, we
describe some additional correlations we identified between the who, what, and why of our LLM
knowledge framework.

Trends for informing one’s own decisions—technical doer roles. We found that technical do-er roles
primarily require technical knowledge across the two knowledge abstractions and knowledge of AI
as a research field in order to respect well-accepted conventions. Here the translation knowledge
is often an intermediary. It is typically used in combination with specific knowledge in order to
develop new abstract knowledge (this is especially the case for AI researchers), or instead is used
in combination with abstract knowledge in order to make new decisions for developing new LLM
components (and hence generating new specific technical technology knowledge).

Trends for informing one’s own decisions —governance roles. Instead, we found that governance
roles are primarily interested in specific and abstract knowledge, in order to establish new organi-
zational processes based on their understanding of current processes in their organization (specific
production knowledge) and their knowledge of potential other organizations (e.g., precise contex-
tual knowledge about competitors or generalized knowledge of research advances, i.e., generalized
technology knowledge), as well as their own understanding of potential issues with current I sys-
tems and components and potential risks they can cause –understanding that is developed through
reflecting about the current systems via technical and socio-technical technology knowledge, as
well as based on their potential understanding of the inherent limitations and harm that LLMs can
cause (generalized technology knowledge), their own reflections (generalized production knowl-
edge), and their knowledge of regulations (AI technology consumption by society, i.e., generalized
contextual knowledge).

Trends for informing one’s own decisions —technical evaluator and strategizer roles. We found that
technical evaluators might require technical technology knowledge solely combined with socio-
technical technology knowledge and AI technology consumption by society in order to evaluate
LLM systems and their components according to relevant requirements. Technical strategizers,
additionally to such knowledge required by the evaluators, might also need translation knowledge
or generalized technical technology knowledge to plan new efforts and estimate what is feasible
to concretely do.

Trends for informing one’s own decisions—user-centered and customer-centered roles. User-centered
and customer-centered roles revolve around identifying user and customer needs, strategizing over
these, and developing relevant LLM components, or making meaningful adoption decisions. We
found that the identification activities primarily rely on hands-on work based on socio-technical
production knowledge or generalized socio-technical technology and context knowledge to iden-
tify who to investigate. Instead, evaluating the LLM components for the requirements identified
primarily requires generalized socio-technical production knowledge. Planning the development
of the relevant LLM components (often by the product managers) then relies on a combination of
the acquired knowledge, their own understanding of the technical and economic feasibility of the
work (generalized, technical, technology and production knowledge), and their prior knowledge
and reflections of what could be developed (again translation knowledge or generalized knowledge
of existing products).
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Individual differences in the connection. We found that the connections described do not solely
depend on the knowledge purpose of a specific stakeholder role. These are only general trends
with exceptions due to differences among individual stakeholders. For instance, a technical strate-
gizer having to decide whether to adopt an LLM component of one organization or another might
investigate various properties of the performance of the component (e.g., its accuracy, latency,
memory-usage, etc.), or they might make a decision based on the organization itself and their his-
torical collaborations. Different types of knowledge (specific technical technology or production
knowledge) are involved in this same decision. These variations seem to be impacted by the orga-
nization employing the individual and its practices and goals, as well as by the individual’s prior
knowledge, acquired practices, goals, and opinions, as well as on their expertise and skills. For
instance, two different strategizers might have different backgrounds, with one having more expe-
rience critically reflecting on the technical technology knowledge (e.g., the limitations of bench-
marks), while the other might have less technical experience but a better understanding of the
employees in their teams and their capabilities (context knowledge) and more or less opportunity
and time to delve more in-depth into the benchmark.
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