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Abstract

Al tools that support collaborative discussion typically treat the
discussion as a standalone task, focusing only on its content and
setting aside the social context of the group having it. But it is
groups with a shared history, with their own norms, hierarchies,
and relationships, where the most tangled and complex discussions
tend to arise. These discussions cannot be understood apart from
that context, and Al that overlooks it risks failing to convey what
a discussion means, or even misrepresenting it. Drawing on two
studies of how experienced Wikipedia editors read and make sense
of discussions, we propose an Al-Assisted Sensemaking Model for
Collaborative Discussions, which captures not only a discussion’s
arguments but also the norms and participants behind it, along
with the context that gives each meaning. In this model, the system
supports the early stages of the sensemaking process, and the degree
to which it performs interpretive work can range from low to high.
We argue that higher interpretive work reduces the burden on
users but increases their reliance on the system’s judgment. We
then discuss the risks of an insufficiently intelligible system, what
it would take to make one more intelligible, and the safeguards it
still requires.

1 Motivation

Discussion is essential to how collaborative working groups get
work done. It is how members understand each other’s positions,
work through disagreement, and reach the decisions needed to
move forward. Some discussions are short and resolve quickly,
but just as many stretch on and grow complex, which can mean
becoming entangled with earlier practices, or having the people
involved shift over time. Anyone who has been part of a long-
running collaborative working group, whether a project team at a
company, a research team at a lab, or a volunteer team, has likely
had to make sense of a discussion that grew complex because of a
myriad of factors.

CSCW has long studied ways to support discussion in collabora-
tive settings, with a large body of work on tools such as argument
visualization [2, 7] and group decision support tools [3, 9]. As Al
has advanced, research on autonomous systems that support dis-
cussion has grown as well. This includes argument mining [8, 10],
which automatically extracts argumentative structure from text,
and discussion facilitation bots [4-6], which are conversational
agents that take on the role of a discussion facilitator. With the rise
of LLMs, practical applications now include agents that generate
meeting minutes, while research has investigated how to generate
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consensus statements that participants in public deliberation can
agree on [12].

However, these Al systems typically focus only on the given
discussion content, without considering the social context around
it. Research on these systems also tends to assume an ad hoc group
formed only for the task at hand. But it is collaborative working
groups with their own history where the most complex discussions
tend to arise, and these groups’ discussions cannot be separated
from their social context. An Al that attempts to assist discussion
without taking this social context into consideration risks failing
to fully grasp and convey the meaning that contributions within
the discussion carry, or even misrepresenting them.

Groups with a shared history usually have explicit or implicit
ways of working and communicating, and members differ in their
experience, positions within the group’s hierarchy, and relation-
ships with one another, all of which are naturally reflected in how
a discussion unfolds. In a project team, for instance, members may
know that a given argument belongs to an important stakeholder
and that the group tends to defer to it. A new member joining the
project would find little help in an AI that summarizes only the
arguments themselves, and it would probably take a senior member
quietly filling in that context before the newcomer could truly make
sense of the discussion.

This raises the question of how sensemaking of discussion un-
folds in collaborative working groups with a shared history, and
how AI can support it.

2 Al-Assisted Sensemaking Model for
Collaborative Discussions

Our understanding of how members of a collaborative working
group with a shared history make sense of discussions derives from
studies we conducted in the context of Wikipedia. In Wikipedia,
contributors work together to evaluate content and build consen-
sus on what should be included in encyclopedic articles. To carry
out this collaborative work, editors engage in a large number of
discussions, many of which run long and grow complex over time.
Wikipedia is governed by an extensive and interlinked system of
community-created policies and guidelines [15]. However elabo-
rate these are, they are applied in practice with their own implicit
conventions, some of which are informally documented in a space
called essays [16], though these essays inevitably fall short of cap-
turing every convention. Registered editors’ identities are reflected
in their edit histories and user pages, which convey their Wikipedia
experience and background, as well as in their interactions with
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Figure 1: Al-assisted sensemaking model for collaborative discussions. Information types include argument, community norm,
norm context, people, people context, and discussion topic. The model retains Pirolli and Card’s sensemaking model [11] as the
human component and extends it by introducing system support over the early stages of the human sensemaking process. The
system performs Extraction, Prioritization, Connecting, and Presentation, operating along a spectrum from lower to higher

system interpretive work.

other editors across various pages, which reflect their past relation-
ships and social roles [14].

To understand how experienced Wikipedians read and make
sense of complex discussions, we conducted two studies. The first
examined their cognitive process as they read discussions unas-
sisted, identifying the information elements they attend to [1]. The
second developed a web-based discussion sensemaking prototype
with LLM-assisted features and studied how Wikipedians used it,
along with the cognitive process behind their use (under review).
Based on these two studies, we developed an Al-assisted sensemak-
ing model for collaborative discussions (Figure 1).

Through our study, we found that sensemaking operates over
six types of information: argument, community norm, norm con-
text, people, people context, and discussion topic. While argument,
community norm, and people are directly expressed within the
discussion, norm context and people context lie outside the discus-
sion within the broader community, and discussion topic represents
domain-level information that exists outside the community.

We found that participants’ sensemaking process can be aligned
with Pirolli and Card’s sensemaking model [11], so the human part
of our model follows their stages: Search & Filter — Read & Extract
— Schematize — Build Case — Tell Story. In their model, sense-
making begins with Search and Filter, which identifies and collects
relevant information, followed by Read and Extract, which pulls
useful evidence from what was collected. This evidence is then
Schematized into a structured representation, Build Case develops

an interpretation from that representation, and Tell Story commu-
nicates the resulting interpretation. Inquiries or feedback on the
interpretation can direct attention back to earlier stages, prompting
re-evaluation and further search.

The Al system in our model operates as an overlay on the early
stages of the human process. It performs four functions: Extraction,
Prioritization, Connecting, and Presentation. Extraction involves
identifying and extracting information elements from raw data;
Prioritization involves selecting and ordering information based on
importance; Connecting establishes relationships between differ-
ent information elements; and Presentation provides these results
as intermediate outputs. Prioritization and Connecting can oper-
ate iteratively, repeatedly informing one another as importance is
reassessed based on newly formed relationships.

In our model, the degree of interpretive work the system per-
forms can range from low to high. We define interpretive work as
how much the system modifies raw data, based on the importance
of that information for final interpretation. For every individual
information feature, such as a discussion summary, an overview
of participant information, or past norm practices, designers need
to decide on the degree of its interpretive work. For example, in
presenting a discussion summary, one lower-interpretation imple-
mentation might preserve much of the original discussion while
only lightly condensing it. As the system produces a more selective
summary that includes only the points it identifies as important, it
performs more interpretive work.
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3 Difficulty of Interpreting Discussion
Correctly, and What It Means for System
Design

Any time an Al system, an LLM or otherwise, is applied to a task, it
performs interpretive work, whether or not its designers or users
notice. This is not unique to our context or model. However, that
work is not always correct. Hallucination is one example of what
an incorrect result can look like. In our context of collaborative
discussion, being correct means correctly interpreting participants’
arguments during discussion sensemaking.

3.1 Interpreting Human

To correctly interpret someone’s argument is to accurately under-
stand the meaning behind what they said. This is essentially what
Max Weber [13] defines as the goal of interpretive sociology, an
attempt to “understand” human behavior through “interpretation”
According to Weber, this process aims to arrive at an “intelligible
explanation” of that behavior.

Reaching this goal requires keeping human subjectivity in mind.
The behavior interpretive sociology seeks to understand is grounded
in the actor’s own subjectively intended meaning, and this behavior
is interrelated with and codetermined by others’ behavior. In other
words, one’s action is shaped by how the actor subjectively under-
stands the meaning of their own action in relation to others. The
same subjective logic applies to “associational action,” an action
oriented toward an established rule or order that applies to the
whole group, the actor along with the other actors. The order itself
exists objectively, but each actor takes it into account subjectively,
and how each actor understands and expects others to follow that
order is a subjective judgment.

Irrationality is another feature of social action Weber discusses.
He warns that if interpretive analysis only assumes rationality, the
researcher will keep running into purposes that can no longer be in-
terpreted as rational means to some further end. Irrational action is
diverse, ranging from irrational but understandable behavior to be-
havior that resists understanding altogether. Weber also notes that
even an action starting from the same rational basis can, through
incidental factors, take an irrational course.

Underlying both features, subjectivity and irrationality, is emo-
tion. Weber treats emotion as not quite action itself, but closely
bound to social action. It shapes how an actor subjectively con-
structs their action’s intended meaning, and can be a source of
irrational action.

Weber’s account shows just how difficult correctly interpreting
someone’s behavior is, given human subjectivity and irrationality,
and the role emotion plays in both.

3.2 Implications for the System’s Interpretive
Work

We distinguish between interpretation and interpretive work. Inter-
pretive work is the process and practice through which interpreta-
tion happens, while interpretation is the meaning ultimately arrived
at through that process. In our model, the system performs interpre-
tive work rather than interpretation, filtering and highlighting the
information that matters for the human’s eventual interpretation.

Yet even though the system does not interpret participants’ argu-
ments directly, its interpretive work still needs to be “intelligible”,
especially given the complexity of the social setting a discussion
like this involves. Whether a system is capable of that is an open
question.

3.2.1 The Risks of a System That Falls Short of Intelligibility. Why
this capability matters is that the level of interpretive work the
system performs, low or high, corresponds inversely to the amount
of interpretive work users need to do themselves. As the system’s
interpretive work increases and data is reshaped around the in-
formation it judges to be important, the work users need to do
correspondingly decreases. In the discussion summary example
above, a more selective summary means users spend less time
reading through details to find what matters. But reducing users’
interpretive work also means relying more on system-generated
judgments. In other words, while more interpretive outputs can
offer more useful support for sensemaking, they also require users
to trust the system’s judgment more.

If a system performing such a high level of interpretive work
fails to correctly identify what information matters for making
sense of a discussion in a complex social setting, several risks can
arise.

One is that it dehumanizes participants, flattening them into
generic contributors and stripping away the context that explains
why their contribution matters. What’s worse, this loss does not
happen randomly; it happens in a systematically biased way. Whose
contribution is recognized ends up depending less on how impor-
tant what someone actually said is, and more on how legible their
contribution is to the system. This can steer the discussion in the
wrong direction and lead to poor decision making.

Another is homogenization, or false consensus. By surfacing
only the points it judges important, a system can erase minority
opinions and nuance that were actually present in the discussion,
points that may have genuinely mattered but are never taken into
account. It can also make it look like a cleaner agreement was
reached than actually existed, letting the group act on a decision
that does not have the buy-in it appears to have, with the underlying
disagreement potentially resurfacing as conflict later on.

3.2.2 Designing for Intelligibility. For a system to gain the ability
to judge what information matters, it has to be an “intelligible actor”
that understands the specific social setting. We argue that the most
important step toward this is providing a clear account of what
kinds of information matter for understanding that social setting.
In our context of collaborative discussion, this means, as our model
shows, not focusing only on the arguments themselves, but also
making clear that the norms mentioned in the discussion and their
norm context matter, as do the participants and their people context.
Each of these, norm context and people context, in turn requires its
own layered understanding. Norm context, for instance, may need
to be understood at three levels, an objective description of the
norm, how each member subjectively understands that objective
rule, and, since disagreement over the norm likely stems from differ-
ences in this subjective understanding, what shared understanding
the members eventually reached and enacted through discussion.
People context is more complex still, requiring an understanding



of each member’s experience, background, role, relationships, and
character, among other things.

But does doing this actually make the system a sufficiently in-
telligible actor? We cannot know for certain. This is why we still
need safeguards against the risks of a system that falls short. One
safeguard is leaving the final interpretation to humans. This is why,
in our model, the system operates only as an overlay on the earlier
stages of sensemaking, information search and organization, while
leaving Build Case and Tell Story to the human. Another safeguard
could be continuing to expose the original data, for transparency
and explainability. This could be done by linking any presentation
involving interpretive work back to the original data and providing
a rationale for the interpretive work performed.

4 Toward a Design Agenda

As Al already takes on a growing role in tools people use for group
discussion, such as meeting-minute agents, this raises open ques-
tions for design. We see these as falling into three parts, deciding
the degree of interpretive work each system feature should perform,
making the system itself a more intelligible actor, and building in
the safeguards it still requires. We hope this paper offers a starting
point for addressing them.
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