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Abstract

Successful collaboration in computer-mediated teams requires
awareness among group members of each other’s knowledge, skills,
and goals. Large Language Models (LLMs) can play a mediating role
in establishing and maintaining this awareness among group mem-
bers. In an in-situ study, we explored the impact of an LLM-based
chatbot on cognitive and social group awareness through a dis-
tributed text-based group task. We instructed participants (N = 48)
to complete a travel-planning task in sixteen groups of three, with
each member given conflicting goals. Each chat was complemented
by a chatbot that could be asked for assistance. Through a survey
and semi-structured interview, we gained insight into participants’
deliberations on the task and the chatbot’s role. We found that the
chatbot’s presence helped increase group awareness as users are
forced to clearly and transparently formulate their intentions when
prompting the chatbot. The chatbot’s ability to provide suggestions
that compromise between user goals based on the chat history
helped participants reach a consensus. We present implications for
the design of chatbots for collaborative settings.

CCS Concepts

« Human-centered computing — HCI design and evaluation
methods; Collaborative interaction.

Keywords

human-Al teams, artificial intelligence, Large Language Models,
collaboration, group awareness

ACM Reference Format:

Sander de Jong, Joel Wester, Tim Schrills, Kristina S. Secher, Carla F. Grig-
gio, and Niels van Berkel. 2024. Assessing Cognitive and Social Aware-
ness among Group Members in Al-assisted Collaboration. In International
Conference on Mobile and Ubiquitous Multimedia (MUM °24), December
01-04, 2024, Stockholm, Sweden. ACM, New York, NY, USA, 13 pages.
https://doi.org/10.1145/3701571.3701582

This work is licensed under a Creative Commons Attribution International
4.0 License.

MUM °24, December 01-04, 2024, Stockholm, Sweden
© 2024 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-1283-8/24/12
https://doi.org/10.1145/3701571.3701582

338

1 Introduction

Digital tools play an increasing role in the completion of cooperative
tasks. Following the ‘Computers Are Social Actors’ paradigm [54],
humans react socially to computers and consider them team mem-
bers [53]. Therefore, the use of novel tools—such as the recent trend
of large language models (LLMs)—raises questions about how group
dynamics are changed and what characteristics of LLMs change
established concepts in collaboration, including end-users’ men-
tal models of collaboration between team members. To aid team
members in effective collaborative decision-making, establishing a
shared mental model between team members is critical [16], but
LLM features may be perceived differently and can hamper forming
shared mental models. Following Fransen et al’s framework on
shared expert team decision-making, a shared mental model can be
achieved through ‘group awareness’, i.e., by the group members’ ac-
quisition and interpretation of information from the environment in
order to update and monitor team performance and expertise [27].
Group awareness is a multidimensional construct including, for
example, cognitive, and social group awareness [10], representing
an individual’s acquisition, interpretation, and projection of infor-
mation on their team members’ activities, knowledge, and skills, as
well as the functioning of the whole group [39].

While the amount of group awareness information can vary
between collaborative settings, computer-mediated collaborations
can exhibit features that complicate group awareness acquisition,
such as asynchronous activity or limited access to cues typical in
face-to-face interactions [32]. Currently, the effects of the design of
LLM features on reaching a common understanding of a problem
have become an important research objective, as the usage of LLM
in collaborative settings rises [41]. As aligning group awareness
through computer-mediated communication requires additional
support [11, 22], optimal design of LLMs in collaborative settings
should be informed by a deeper understanding of their effects on
group awareness. Group awareness in computer-mediated collab-
orations is further affected by the presence of digital agents that
act as team members. For example, Kim et al. found that rule-based
chatbots can play a moderating role in online group discussions,
leading to more diverse opinions and better-perceived consensus
forming [42]. In a human-Al teaming study, participants sought out
a rule-based AI team member’s opinions on conflicts with other
human team members [73], indicating its potential as a conflict me-
diator. The capabilities of LLM-based chatbots to keep track of the
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context of a conversation may be promising features for mediation
in decision-making scenarios. By combining team members’ in-
put, chatbots can utilise a group’s conversation to contextualise its
replies and adequately respond to conflicts. If chatbots can reconcile
the team members’ viewpoints, they can be used as tools to reach a
consensus or provide alternatives the team has not yet considered.
For the potential use of LLMs as an enabler in collaborative sce-
narios, it is important to understand which novel features of LLMs
allow for harmonised and fair team processes through improved
group awareness and which may be insufficient to support group
processes [67].

We are interested in understanding how LLM-based chatbots
affect cognitive and social awareness among group members in a
collaborative, remote text-based task and to address the existing
research gap on LLM features in relation to group awareness. To this
end, we conduct an in-situ qualitative observation study in which
groups of three physically distributed participants plan a week-
long holiday via Discord, each setting out with distinct goals to
achieve. Participants have access to a chatbot to provide on-demand
assistance. Following the task completion, we interview participants
to gain insight into their opinions about the chatbot. We analyse
the data deductively and inductively informed by group awareness
concepts derived from Janssen and Bodemer’s framework [38].

Our results indicate that the presence of an LLM-powered chat-
bot can increase users’ group awareness and help mediate between
conflicting user goals in two distinct ways. First, with LLMs typi-
cally restating a summary of user requests, they make the differ-
ent users’ goals explicit in a shared chat, increasing the group’s
awareness of each other’s preferences. LLM-based chatbots hereby
support the general acquisition of cognitive group awareness by
explicitly stating individual goals, making them obtainable for the
group. Second, LLM responses that provide a compromise between
aforementioned user preferences helped participants reach a con-
sensus on the final decisions. Participants expressed that their pref-
erences were taken into account in the chatbot suggestions. As
LLM-based chatbots reiterate information to formulate an answer
(e.g., compromises), the general knowledge awareness of the group
is improved. Consequently, group members may feel more repre-
sented in the proposed consensus. Further, participants attributed
authority to the chatbot and generally accepted its explanations to
settle disputes. This initial competence attribution waned in cases
where participants observed clear mistakes or when their requests
were denied.

Our findings inform the design of Al system features that sup-
port text-based group discussions and collaboration (e.g., restating
a summary of user requests in a collaborative context). While we
found that the chatbot performed well in aligning user goals and
was generally appreciated by participants in this mediating role,
additional explanations would have helped to manage participant
expectations. Informing users about the best use cases and ap-
proaches for using the bot would further help to improve their
awareness of the chatbot’s skills. Additionally, participants sug-
gested that a proactive chatbot would result in the chatbot being
more part of the group, and could play a useful role in settling
disagreements by providing potential solutions. Critically, such a
proactive configuration should be designed with user agency in
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mind, as participants also expressed that proactive prompts could
be intrusive and negatively impact user initiative.

2 Related work

2.1 Group Awareness

Computer-based communication in collaborative contexts can limit
the amount of information on different aspects of team members,
for example, their opinions, skills, activity, or knowledge. Yet, ob-
taining and utilising information on such aspects of team members,
also referred to as group awareness [61], is crucial for effective
collaboration. Group awareness (or team awareness) can, for ex-
ample, support collaborative learning, as it guides different group
members on pacing [45], enable efficient communication by reveal-
ing (complementary) knowledge gaps, or establishing otherwise
opaque rules or norms on processes between team members [58].
For the context of our study, group awareness, as defined by [61],
offers a more extended framework to explore human behaviour in
interaction with LLM-based chatbots.

The effectiveness of teams collaborating on a shared task is often
discussed in terms of shared mental models [57]. Mental models
are subjective, context-dependent knowledge structures applied
by humans (e.g., to interact with complex systems [16]). In team
contexts, so-called shared mental models are used to describe the
congruence of mental models among team members. Shared mental
models are crucial in determining the quality of collaboration, as
they support the avoidance of misunderstandings. Highly congru-
ent shared mental models are based on information team members
have about the nature of the task and are able to support individual
understanding and confidence about their roles [57].

In comparison to shared mental models, group awareness ex-
plicitly describes an individual’s state and perception of a group
and its individuals rather than the overlap or alignment of multiple
perspectives. While group awareness potentially supports the align-
ment of mental models [27], it is dependent on user perception and
attention, while mental models represent a knowledge structure.
As such, group awareness allows the examination of individual
psychological processes that may lead to improved shared mental
models.

For the present study, we differentiate cognitive and social group
awareness, which reflect an individual’s awareness of team mem-
bers’ information as well as team members’ roles and intentions
within a collaborative task as based on Ghadirian et al. [28].

2.1.1  Cognitive Group Awareness. Similar to shared mental models,
group awareness is usually not depicted as a unidimensional con-
cept, but addresses multiple levels of awareness about other team
members’ states. For example, awareness about cognitive processes
in others can influence an individual’s communication. Cognitive
group awareness is the awareness that results from information
about group members’ knowledge, the information they possess, or
the opinions they hold, all of which can be used to coordinate col-
laborative activities [38]. For example, cognitive group awareness
was facilitated previously by initial knowledge quizzes and depic-
tion of the results [23]. It was shown that highlighting knowledge
gaps can guide team members when prioritising activities. In accor-
dance, fostering cognitive group awareness could be a beneficial
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feature of LLM chatbots (e.g., by pointing out missing information
or summarising existing information).

2.1.2  Social Group Awareness. Social group awareness deals with
individual activities and team composition (e.g., the current posi-
tion in a shared document or the current task in a collaborative
project). Accordingly, social group awareness not only refers to
the perception of the other as a ‘real’ person but also to aware-
ness about what group members are doing, with whom they are
communicating, how they are contributing to the common group
goal, or how they view and behave in their respective roles [38].
For example, previous research demonstrated that visualising the
flow of interactions between group members supported knowledge
construction within a team, where only demonstrating the amount
of contribution had no effect on group processes [47].

2.2 Computer-Mediated Support for Group
Awareness in Distributed Collaboration

Designing support for group awareness has been a longstanding
focus within the HCI and CSCW communities, with foundational
works dating back decades [1, 20, 21, 52, 64]. For example, Dourish
and Belotti explored group awareness and coordination in relation
to a shared editor [20], highlighting passive awareness about the ac-
tivities of others as a key mechanism to support collaboration. Such
awareness tools are nowadays commonplace in collaborative soft-
ware. For example, colour-coded or labelled cursors can help team
members locate each other in shared collaborative environments
such as text authoring tools [46], programming environments [12],
or digital whiteboards (e.g., Miro); notifications alert team members
of changes or annotations done by others in their absence [14]
(e.g., new content or comments on a Google Doc), and histories of
changes often label traces of past activity in the shared workspace.

Tailored support for group awareness has improved team per-
formance in a range of domains and collaborative tasks, such as
sensemaking [30], searching [51, 55], and text authoring [68]. For
example, Hong et al. [35] showed that communication costs in
decision-making tasks decrease when visualising team members’
preferences on diverse criteria (e.g., showing each member’s filter
ranges on the same query). Gronbek et al. [31] designed a video
conferencing system with draggable, resizable video feeds for hy-
brid meetings, which increased awareness of group members’ focus
and activities between remote and collocated collaborators. Teams
performing sensemaking tasks with visual analytics can benefit
from increased group awareness by sharing visualisations of each
other’s data selections and queries [34] as well as each member’s
hypotheses and collected evidence [29]. In collaborative learning
environments, visualising one’s own perception of social behaviour
within a group (e.g., addressing others’ requests) [56], as well as
peers’ prior knowledge on a topic [59], can enhance social per-
formance and learning outcomes. Wijenayake et al. found that
increased group awareness can also negatively impact individual
behaviour, showing an increase in social conformity as a result of
social presence indicators [70].

Especially relevant to our work is prior research on ways to align
group awareness using text-based communication. Gutwin et al.
found that software developers were able to maintain group aware-
ness through primarily text messages [33]. A culture of sharing
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questions in public channels helped developers identify the person
they needed for specific tasks. This culture of ‘overhearing’ con-
versations in public channels helped align group awareness. In the
context of information searching, Shah et al. found that having an
overview of saved search results and queries used reduced the time
group members spent on coordination [62]. Similarly, groups inter-
acting with search chatbots integrated into a Slack chat had greater
awareness of group members’ activities and found it easier to share
information and reach a consensus [6]. Group awareness was fur-
ther improved by restricting participants to the shared Slack chat, as
compared to allowing them to copy results from web searches [5].

In this paper, we focus on group awareness in chat settings that
include artificial conversation partners. As group awareness can
unfold in many ways (e.g., being aware of each other’s activity vs.
each other’s goals), a conceptualisation of group awareness in LLM-
mediated contexts is key towards the adoption of this technology
in collaborative contexts.

2.3 Human-Al Teaming

Collaboration between humans and technology is an enduring
challenge. In the early 2000s, Klien et al. outlined open challenges
for enabling systems that are good team players [44]. Part of these
are related to aligning awareness between the system and human
team members. For example, intelligent agents must be able to
adequately model the other participants’ intentions and actions
and, likewise, be able to make their status and intentions obvious
to their teammates.

In recent years, human-agent teaming challenges have been
approached from various domains such as HCI, HRI, and other
neighbouring domains [8, 25]. Recently, Demir et al. investigated
how human-robot teams can take inspiration from human-human
teams, suggesting shared cognition as an important factor in human-
robot teaming [18]. However, their results also indicate that team
predictability is only desirable to some degree, which challenges
Klien et al’s point that team members must be mutually predictable.

A common theme in the research on human-Al teaming is the
composition of these teams. For example, McNeese et al. compared
four different team compositions: human-only, human-human-Al,
human-AI-Al and Al-only in terms of performance, situation aware-
ness, and perceived team cognition [49]. Their results indicated
lower scores when teams were composed of human-only team mem-
bers and higher scores of mixed human-AI teams, including the
Al-only composition. Similarly, Schelbe et al. explored the effects of
trust, team performance, and team cognition within human-agent
teams depending on team dynamics, suggesting that action-related
communication and shared goals are beneficial to team cognition,
although team cognition decreased with agent teammates com-
pared to human ones [60]. Moreover, human-agent teams’ trust
decreased with agent teammates when working with only agents
and no humans.

Do et al. investigated imperfect interventions in a collaborative
environment and how conversational agents can act in such situa-
tions [19]. Participants were sent private messages that they were
under-contributing to the discussion and had to assess their agree-
ment with this evaluation. Participants who were falsely detected as
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under-contributing by the CA increased their participation. Under-
contributing participants who were falsely detected as contributing
equally did not increase their participation but reduced their aware-
ness of their and other group members’ participation.

Suh et al. studied collaborative music composition between pairs
with and without the help of an AI team member [65]. The Al
system played a mediating role in the social dynamics during the
collaborative composition as participants used the AI's generated
output to find common ground. The AT’s suggestions throughout
the session also opened up new ideas in various ways. It provided
initial content as a starting point, narrowed down abundant op-
tions to concrete ideas, generated alternatives when participants
were stuck, and filled in unfinished composition parts. When par-
ticipants disagreed, the Al composer could mediate by creating
alternative ideas for the composition’s continuation. Zheng et al.
studied human-AI teams using an essay scoring task [73]. Partici-
pants were asked to collectively rate essays in collaboration with
an Al system. Participants appreciated the critical questions the Al
system asked and suggested that future critical Al systems could
take the role of a conflict mediator or challenger.

Building on these works on teams collaborating with Al systems,
we explore how aspects of a chatbot’s cognitive and social group
awareness impact user behaviour in a collaborative task setting.

3 Method

We conducted an in-situ, qualitative observation study to investi-
gate the impact of an LLM-based chatbot on group dynamics in the
context of a distributed collaborative task. The study was designed
to investigate the impact of LLM-based chatbots from different
perspectives. For example, we explored how groups collaboratively
discover opportunities for leveraging LLMs in their conversations,
studied user perceptions of the chatbot as a tool or a group member,
and elicited speculative opinions on alternative chatbot behaviours
(e.g., participating in the conversation without explicit prompts). To
this end, we focus on understanding how groups adopt LLM-based
chatbots to influence and leverage group awareness. The observa-
tional study consisted of groups of three participants chatting on
the Discord messaging app! during a collaborative travel-planning
task.

3.1 Apparatus

We created a Discord chatbot that connects with the LLM (GPT-3.5-
turbo, May 2023 version). We open a new channel on the Discord
channel for each group and hide the other channels. All messages
sent in the Discord channel are forwarded through the OpenAI API
as individual prompts in the same session in order for the LLM to
have access to the entire conversation history. The bot only shows
a LLM-generated response in the chat when a participant adds the
prefix ‘ASK’ before a message so that the chat does not overflow
with automated, unwanted LLM responses and participants feel
full agency over when to prompt the chatbot. Keeping an open
conversation with the LLM allows us to explore how it may use
previous messages to inform its responses to explicit participant
prompts, and to observe whether this influences group awareness.
We tested the apparatus in a pilot study to ensure the task was clear

!https://discord.com/
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Table 1: The description of the persona goals as communi-
cated to participants.

Personas  Goals
Persona 1 Go on a city trip
See historical landmarks and interesting architecture
Visit museums
Do a lot of sightseeing
Persona 2 Do not spend too much money on the trip
Arrange some free activities
Persona 3 Relax on a beach holiday

Enjoy lots of sun
Go swimming
Limit the number of activities

and to verify whether the conversation would be properly tracked
and would not be hindered by hallucinations.

3.2 Procedure

Groups are asked to plan a trip on a Discord channel in which our
chatbot is active. Travel planning tasks require group coordination
to align individual preferences and are therefore often used in
collaborative information retrieval studies [24, 71]. Participants in
our study can similarly use the chatbot as an information retrieval
tool but can additionally use its reasoning capabilities to summarise
and contextualise the acquired information. We do not instruct
participants on how to use the chatbot to prevent biasing their
behaviour towards the chatbot. The entire study takes around 45
minutes per group, with 15 minutes dedicated to the travel-planning
task.

3.2.1 Group Setup and Instructions. Each group member is as-
signed the role of a persona that focuses on either the destination,
activities, or budget of the trip (Table 1). We intentionally designed
the personas to conflict with each other to motivate participants
to explicitly seek agreement. Participants are instructed to plan a
trip together trying to achieve their assigned goals without directly
revealing them to the other members. They are also informed about
the availability of a travel assistant chatbot that can answer ques-
tions when they type ‘ASK’ before their messages. After obtaining
informed consent from participants, we separate them into differ-
ent rooms and ask them to communicate exclusively through our
Discord channel and avoid using the audio channel.

3.22  Demographics and Profile Questionnaire. When participants
join the Discord channel, the study facilitator asks them to complete
a questionnaire dedicated to describing the participant sample,
including questions about:

e Demographic information: gender, age, and education.

e Experience with chatbots on a 5-point Likert scale (‘none at
all’ - ‘a great deal’).

e Experience with LLMs on a 5-point Likert scale (‘none at all’
- ‘a great deal’).
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e The medium where participants normally plan a holiday
(single choice: in group chats online, in person, or other with
the option to specify other).

o The 9-item ATI scale for technical affinity, designed to assess
the participant’s tendency to engage or avoid technological
interaction [26].

3.2.3  Travel Planning Chat Session. Once all group members finish
answering the questionnaire, the study facilitator writes a message
in the chat announcing that they can start planning the trip. Par-
ticipants are given complete freedom about how to manage their
conversation while planning the trip according to their personas’
goals. While participants plan their trip, the facilitator and another
researcher observe the chat and take notes on relevant interac-
tions between participants as well as between participants and the
chatbot. To ensure a similar level of engagement with the chatbot
between participants, we limit the task duration to 15 minutes from
the moment the first participant message is sent.

3.24  Post-Study Questionnaire. After the chat session ends, par-
ticipants complete a second survey rating their experience on a list
of 5-point Likert-scale questions:

e How useful was the travel assistant chatbot? (‘not at all’ -
‘extremely’)

o How likely are you to use a chatbot again for travel planning?
(‘extremely unlikely’ - ‘extremely likely’)

e I was able to achieve the goals of my persona. (‘strongly
disagree’ - ‘strongly agree’)

e The chatbot helped in achieving the goals of my persona.
(‘strongly disagree’ - ‘strongly agree’)

o The group members contributed equally to the conversation.
(‘strongly disagree’ - ‘strongly agree’)

e The group members prompted the chatbot equally. (‘strongly
disagree’ - ‘strongly agree’)

e The chatbot was part of the group. (‘strongly disagree’ -
‘strongly agree’)

3.2.5 Post-Study Group Interviews. The study concludes with a
group, face-to-face interview as an additional opportunity to ob-
serve the group’s dynamics while discussing the chatbot’s role in
their decision-making process. Two interviewers are present during
each interview following an agreed-upon semi-structured interview
guide, mainly probing ways in which they perceived the chatbot to
be useful and the role it played in their consensus-seeking process.
Additionally, the interviewers ask groups to explain and reflect
together about particular episodes of their chat session as captured
in their observational notes.

3.3 Data Collection

We collect data from the following sources: (1) observational notes
by the study facilitators during the chat sessions, (2) demographics
and post-study questionnaires, (3) the transcript of chat messages
from the study, and (4) audio-recorded group interviews and tran-
scripts. Chat messages are pseudonymised by using aliases for
participants’ Discord users (e.g., Participant 1, Participant 2).
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3.4 Participants

We recruited 48 participants (30 men, 18 women), with an average
age of 24.52 (ranging from 21 to 31, SD = 2.31), whom we equally
distributed among 16 groups, each consisting of three members. We
recruited participants through convenience sampling, distributing
the call for volunteers in student groups within our institution. This
helped us recruit participants who already knew each other, allow-
ing us to form groups with some level of existing group awareness.
In this way, we seek to increase the internal validity and reduce the
required time for the travel planning task. Moreover, we decided
on a group size of three to limit the effect of social loafing (i.e., the
tendency of people to put less effort into a collective task than an
individual or co-operative task) as this is more prominent in larger
groups [40].

3.5 Thematic Analysis

We conduct a thematic analysis [13] on all qualitative data. We
apply a deductive and latent analysis approach to identify charac-
teristics of cognitive and social group awareness in participants’
interactions and perceptions of the chatbot. We adopt a construc-
tivist perspective when coding and creating themes, meaning that
the results of our analysis reflect our interpretation of the partici-
pants’ statements and our observations of their behaviour, which
are informed by our underlying interest in identifying opportunities
for the design of chatbots to support mediated collaboration. Two
of the paper’s authors start by independently selecting potential
codes from Janssen et al’s categorisation of group awareness [38],
for example, concepts related to cognitive group awareness (e.g.,
awareness of others’ knowledge, skills, and opinions) and social
group awareness (e.g., awareness of what others are doing, their
roles, and their contributions to a common goal). We then use these
codes to inform the first step of our deductive analysis, focusing on
patterns in the data that illustrate instances of interactions among
the participants and between them and the chatbot relevant to dif-
ferent aspects of group awareness. During the coding phase, we
also generate our own codes with more specific descriptions of
patterns in the data, such as different roles assigned to the chatbot
(e.g., the authority figure) and barriers to activating its capabilities
(e.g., novelty effects). Last, we iteratively construct themes around
the most representative codes in the data, reflecting on how differ-
ent patterns in the data point to interesting roles of the chatbot in
acquiring group awareness and to what extent participants treated
the chatbot as a collaborator.

4 Results

We present participant characteristics based on survey data and
subsequently outline the results of our thematic analysis, structured
as patterns of cognitive and social group awareness we found.
The participants’ affinity for technology interaction (ATI:
M 3.12, SD 0.59) was close to 3.5, which is the assumed
average of the population based on quota sampling [26]. Males
M 3.29 SD 0.52) scored higher on ATI as compared to
females (M = 2.83, SD = 0.60), which is a significant difference
(t(32) = 2.71,p = 0.010). We asked the participants to self-report
their prior experience with chatbots and LLMs, and rate the useful-
ness of the chatbot. The participants had moderate experience with
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chatbots (M = 2.46, SD = 0.68) and LLMs (M = 2.56, SD = 0.82).
Of the participants, 75% expressed that they plan their holidays at
least partly online.

The participants found the chatbot useful for the travel planning
task (M = 3.35, SD = 0.91) and would generally use it again for
travel planning (M = 3.50, SD = 1.01). They expressed achieving
the goals of their persona (M = 4.04, SD 0.74), indicating
that the chatbot helped reach their goals (M = 3.92, SD = 0.90).
Group members expressed that they contributed equally to the
conversation (M = 4.15, SD = 0.97) and prompted the chatbot
an equal amount of times (M = 3.44, SD = 1.30). Participants
generally felt that the chatbot was part of the group, but answers
were dispersed (M = 3.10, SD = 1.36). We did not find significant
differences between genders in terms of chatbot perceptions.

Next, we present our thematic analysis of the qualitative data,
which consists of observational notes, transcripts from the chat logs,
and participant interviews. We organise this analysis in accordance
with the two overarching categories of group awareness: cognitive
group awareness and social group awareness. The identifier PX.Y
refers to the participant in group X with number Y in order to
distinguish between groups and individual members within the
groups.

4.1 Cognitive Group Awareness

Our results concerning cognitive group awareness highlight the
effect of transparency of information-seeking on group awareness,
negative effects of information getting lost in the mix of messages
and prompts, and activating the chatbot’s capabilities.

4.1.1 Expecting Transparency in Individual Information-Seeking
Processes. Compared to a scenario where each member would look
for recommendations on their own (e.g., with search engines or
their own chatbot interfaces) and then share the outcomes with the
group, the study required participants to prompt the chatbot from
inside the group chat. This supported the acquisition of cognitive
group awareness regarding the information-seeking processes of all
members, making knowledge about the chatbot recommendations
and the prompts that triggered them easily accessible.

“Normally, when we do something like this in a group
chat to plan a holiday, it’s always like somebody is using
maybe an hour or something looking things up, and
then they have to convert what they just found out to
the group chat, while here, all the information is always
in the group chat. The people have the same knowledge
as the other people and you don’t have to convey so
much as when you just research on your own.” (P2.3)

Many participants believed that having the chatbot recommen-
dations visible to everyone removed potential advantages for indi-
viduals. For example, one group mentioned that sharing personal
preferences through prompts in a group chat contributed to a more
equal knowledge distribution compared to selectively presenting
individual search results to the group, thereby leading to an open
discussion about the suggested recommendations. This brought a
sense of transparency to all travel recommendations, ensuring that
nobody would bias their recommendations in favour of their own
preferences.
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“If I was the only one that was able to see what it said,
I could just say it recommended doing all the things I
wanted to do, and no one would know.” (P13.3)

These examples highlight the importance participants place on
their cognitive awareness of the source of the recommendations,
wanting to be sure that they have access to the same information to
trust that the outcome of the final decision would be fair towards
all group members.

4.1.2  Getting Lost in the Mix of Group Chat and Prompting. While
interacting with the chatbot within the group chat can transparently
communicate each member’s prompts, it can also hinder cognitive
awareness if multiple members prompt simultaneously or too fre-
quently. Participants wanted to avoid ‘flooding’ the conversation
with prompts to the chatbot, as an excessive number of responses
could cause them to miss others’ contributions and relevant chatbot
recommendations.

“You had one point where two of us asked kind of the
same, and then it drops two prompts of the same. In-
formation can easily drown in the chat. When it comes
with like a huge box of text, and you’re writing, it just
disappears.” (P2.1)

“T think that I waited because I don’t want to get a lot
of prompts in the chat all of a sudden.” (P9.2)

This behaviour led some of the groups to suggest the separation
of the group chat and the chatbot’s answers.

“Maybe if we were writing in one text channel and
have a separate text channel only for the bot we could
flood that channel with everything that we want to ask
about while still kind of knowing where we are in the
conversation." (P4.2)

A participant described hesitance towards starting a parallel con-
versation with the chatbot, highlighting that the ongoing discussion
about an idea can dominate the conversation and prevent other
inquiries.

“Yeah, it was also because you saw the person was writ-
ing. And if he’s asked the first question about the flight,
I just assumed that he would continue” (P2.2)

There is a clear tension with Section 4.1.1, highlighting the chal-
lenge of providing an open channel for communication between
participants and chatbot while preventing messages from getting
lost. The potential for attaining cognitive group awareness by hav-
ing an overview of all messages is lost when participants are not
able to keep up with the conversation.

4.1.3 Activating the Chatbot’s Capabilities. If users want to treat
the chatbot as a group member, it is essential that the group mem-
bers collectively know how to activate its capabilities. Many par-
ticipants were surprised by the chatbot’s capabilities and were not
able to leverage its full potential.

The lack of participants’ cognitive awareness of the chatbot is
exemplified by the fact that many participants were surprised that
the chatbot considered the wider conversational context. Partici-
pants generally perceived this as a positive surprise as the answers
provided were more personalised.
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“Yeah, I was kind of surprised on how well it works
for plane tickets, choosing which months to travel and
what’s the cheapest option as well as activities when
you Google like what to do in Bali. I don’t expect things
like that to just show up like some of them are.” (P7.2)

Specifically, participants were pleasantly surprised by the chat-
bot’s capabilities to develop specific suggestions for locations and
activities.

“It was a lot smarter than I thought, so I didn’t think
you would come up with that specific ideas. And so that
was impressive.” (P2.2)

Apart from the surprise when it worked, participants also demon-
strated their lack of awareness by requesting features the chatbot
was already capable of, such as giving an overview of everything
the group members discussed or providing answers based on the
chat history.

“Yeah. Also, if it could remember previous questions and
use that for the answer. For example, when I say, Twant
to go see museums’, and some other guy says, T want
to see nature’, then it can propose in nature, but then
say next also, If you want to see a museum, there’s this
place in the mountains that supports both’. I think that
would be nice. Instead of it’s always one of the other,
and then you have to ask it directly: ‘Can you combine
these?” (P12.1)

In conclusion, participants were insufficiently able to form cog-
nitive awareness of the chatbot through their prompts, leading
to unused potential and participant surprise. This surprise could
either be positive when the chatbot provided answers beyond par-
ticipants’ expectations or negative when answers to their requests
were unsatisfactory or denied.

4.2 Social Group Awareness

We observed patterns of social group awareness due to the chatbot’s
presence, and participants elaborated on these in the interviews. In
particular, our results focus on how prompting aligns individual and
common goals, the authoritative role of the chatbot in mediating
consensus, and how participants want to reach consensus before
prompting the chatbot.

4.2.1 Aligning Individual and Common Goals. To obtain quality
answers from the chatbot, participants expressed their travel plan-
ning preferences explicitly and unambiguously in their prompts.
This not only made prompts clear to the chatbot but also to others
reading the chat, thus increasing the group’s cognitive awareness of
each other’s preferences. In some instances, participants used this
knowledge to keep track of their assigned roles, hereby increasing
their social group awareness.

For example, in group 16, the group member with the persona
preferring a beach holiday and wanting to limit the number of
activities was able to realise that the group had taken on too many
activities. One of the group members asked for an overview of
things to do in the city they wanted to visit and all group members
adjusted this initial list by asking the chatbot for suggestions on
activities in certain categories. The participant tasked with limiting

Chatbot:
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activities saw that the itinerary became very long, asked the other
participants to wait a moment, and prompted:

P16.2: ASK make a 7-day long vacation to Lisbon where
the first half consists of visiting historical
landmarks and museums. Incorporate night out
activities. The other half of the vacation should
include relaxing at the beach. The activities must
be cheap.

The prompt indicates that the participant identified all three
personal goals from the conversation and used these goals to ask
the chatbot for a compromise while incorporating the relaxing
activities missing from the previous itinerary. All participants were
happy with the list and moved on to other aspects of the planning.

Multiple groups mentioned that reading each other’s prompts
gave them insights into others’ deliberations and motivations, gen-
erating ideas for approaching the group’s common goals. For ex-
ample, P7.1 preferred a warm destination but knew that the other
two members preferred to go skiing. At one point, P7.1 prompted
the chatbot: “ASK is there a place in Asia where you can go skiing
and also enjoy the sun?”. They continue deliberating ideas, and P7.3
asks if they should go hiking, to which P7.2 responds “Yes, as long
as there’s a swimming pool for P7.1”, and ends up prompting the
chatbot about hiking locations with swimming pools.

“T think the chatbot gives some kind of discussion. It
opens up for the other participants. I can see what they
want to do and then I can sit down and tell myself, ‘Do
I want to do that? I want to follow that example. Do I
want to come with my input? I like to do these things.
Perhaps they want to do that as well.” (P7.3)

Keeping track of group members’ roles and preferences through
the chatbot prompts and answers improved participants’ social
group awareness, stimulating an open discussion on good compro-
mises between all preferences and inspiring new ideas.

4.2.2 Mediating Consensus. When groups faced disagreements
about their travel plans, they often assigned the role of a ‘judge’
to the chatbot rather than a member, treating it as an impartial
source of knowledge or ‘truth’. We observed this in situations where
participants’ interactions with the chatbot shifted from treating it
as a mere tool to temporarily elevating it to the authority figure in
the group to settle a conflict.

P1.3: I'm pretty sure plane tickets are the cheapest
option to go to anywhere that isn’t three hours
away .

P1.3: ASK what is cheapest? plane or train to Malaga?

[...] In general, taking a plane can be cheaper

than taking a train, especially if you book your

flights in advance and take advantage of discounts

and promotions. [...].

P1.3: There we go, the plane is cheapest.

In the subsequent interview, one of the group members reflected
on this conversation:

“We used it to settle a disagreement. What is cheaper:
planes or trains? So, we kind of use it as a judge, I guess.”
(P1.1)
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Another participant used the chatbot to mediate a disagreement
among the two other group members on the destination. By asking
the chatbot for a list of advantages and disadvantages for each loca-
tion and incorporating the group members’ preferred activities, the
group better understood the options and settled the disagreement.

This role as authority waned when participants were convinced
that the chatbot provided incorrect information, reducing their
trust in its subsequent answers and urging them to fact-check the
chatbot’s answers:

“Yeah, I mean, it was very interesting because it said that
there were no trains to Greece, which I certainly know
there are. I became a bit more like, I definitely would
have to go online and fact check afterwards what it was
saying because I would not just trust price range and
such because it might also come with false information
there.” (P9.1)

Multiple groups ascribed parental roles to the chatbot, calling
it the mother of the group or comparing prompting the chatbot to
going to their parents for advice.

“The chatbot was like a middleman in trying to figure
out where to go, because we could have spent hours, the
three of us just willing where to go, let alone getting
forward from where we’re going. So that helps. I think
it helped us mediate between each other so we could
Jjust come to a quicker consensus and get to the fun part.”
(P6.1)

For some groups, the role of the chatbot as an objective mediator
was such a valuable asset that they even wished for an alternative,
proactive design where the chatbot chimes in to suggest a compro-
mise between members’ preferences and help settle conflicts:

“Rather than just waiting for us to request info that
if it sees that this is what we keep referring back to
because we spent a lot of time in deciding where we
would like to go, then maybe if it could jump in being
like, T can see you’re deciding between these two. If
neither of them appeals, here’s a third option.” Or, ‘Here
is a quick summary since we already had the pros and
cons.”” (P6.1)

4.2.3 Seeking Agreement Before Prompting. Several participants
mentioned wanting to reach an agreement on what to ask before
prompting the chatbot to not forgo the opinions of others. The
mere option of asking a chatbot, and not the answers, therefore in-
voked discussions between participants and facilitated knowledge
exchange. The participants hesitated to ask the chatbot too quickly
as it would be a definitive answer shared amongst all group mem-
bers and added to the collective understanding of the situation. In
multiple groups, this resulted in the group members asking “Should
we ask the chatbot X?” and waiting for group confirmation before
each prompt.

“I think since everybody can see the response, there’s

this element of T've decided this for all of us now’ be-

cause then you’ve probably already asked it, and now

everybody can see this is the answer.” (P3.2)

An example of this can be seen in the transcripts from another
group;
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P4.3: Okay, so we have to find a place to go to, how
to get there, something to do during the day and
something to do at night.

P4.3: Let’s start with where.

P4.3: We could maybe ask where some of the cheapest
places to travel to are.

P4.2: Yeah. I’11 ask it.

P4.2: ASK What are some cheap places to travel to?

Similarly, another group described prompting the chatbot as very
definitive compared to a verbal discussion, requiring deliberation
before committing to it:

“When you speak, you can say something without it
being caught. But when you write, the bot or they [other
participants] will definitely see it and remember it.
Words become less powerful when we verbally speak
because they get covered up by many different sentences,
but when we ask the chatbot, that’s the sentence. It is
quite definitive” (P16.2)

Public prompting implicitly involved everybody in consensus-
seeking behaviour, as the visibility of the prompts might have made
them look inconsiderate when starting to prompt directly. Partici-
pants hereby aligned their social group awareness about the process
before committing to it. Groups where one person took the lead
in prompting the bot considered less diverse opinions and seemed
to be affected by effects akin to ‘groupthink’ [17] (i.e., reaching a
consensus before exploring potential other options). This pattern
seemed to be broken when the other participants started parallel
conversations with the chatbot. However, participants expressed
hesitance towards starting parallel conversations as it would risk
overflooding the groupchat with requests (see Section 4.1.2).

5 Discussion

In this study, we explored how a chatbot’s presence can align knowl-
edge and goals and impact cognitive and social group awareness in
collaborative tasks. Table 2 provides an overview of the takeaways
of our thematic analysis, divided into themes related to cognitive
and social group awareness. We link the themes to group behaviour
and to the LLM characteristics that affected the observed behaviour.
We outline implications for aligning group awareness using chat-
bots.

5.1 Mediating Consensus

Our results highlight multiple factors affected by the presence of
the chatbot in terms of participants’ group awareness. These are
the mediating factors of the chatbot’s contextual suggestions and
increased transparency of group members’ knowledge and goals
by prompting the chatbot unambiguously in a shared chat context.

The main mediating factor in the group’s contextual knowledge
was the chatbot’s ability to formulate answers based on a contextual
understanding. Participants valued the chatbot’s ability to recon-
cile opposing viewpoints and used these contextual suggestions to
negotiate their individual goals or find inspiration when they were
stuck. Suh et al. found a similar dynamic in collaborative music
composition [65]. Here, their Al system was able to mediate the
social dynamics between collaborators by providing suggestions
for a starting point or by filling in gaps in the composition.
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Table 2: Summary of findings for cognitive and social group awareness in relation to group behaviour and the LLM configuration.
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Theme

Key observations in group behaviour

Influencing factors of LLM-based
chatbot

Cognitive Group

Expecting transparency in individual

Seeing others’ prompts brings trans-
individual information-
seeking processes.

Chatbot may reduce asymmetric relation-
ships and avoid selective sharing of indi-
vidual search results.

Prompting selectively.

Losing track of the conversation among
group members.

Feeling surprised about the chatbot’s use
of the group’s conversation history.
Identifying chatbot answers that need
fact-checking.

Prompts of all group members are visi-
ble in the group chat; The chatbot needs
specific and precise prompts.

Group members can only prompt from
within the group chat.

Group members can only prompt from
within the group chat.

Long answers within the group chat; an-
swers persist in the conversation history.
Implicit addition of all conversation his-
tory in the chatbot context.

No access to real-time information.

Awareness information-seeking processes. parency to
Getting lost in the mix of group chat and
prompting.
Activating the chatbot’s capabilities.

Social Group  Aligning individual and common goals.

Awareness

Mediating consensus.

Seeking agreement before prompting.

Users learn about each other’s delibera-
tions and motivations from the prompts.

Prompting as a process is used to mediate
between goals and supports goal aware-
ness.

Users perceive the chatbot as an authori-
tative figure with the knowledge to settle
conflicts.

Perceiving prompts as a definitive action
that affected the group’s knowledge.
Exchanging knowledge about goals and
preferences to agree on how to prompt.

Prompts of all group members are visi-
ble in the group chat; The chatbot needs
specific and precise prompts.

The prompts need to be complete and
contain information from all parties to
be effective.

Correcting or improving group members’
statements while remaining impartial.

Long answers within the group chat; an-
swers persist in the conversation history.
Prompts need to be complete and contain
input from all parties to be effective.

The process leading up to the chatbot’s generation of contextual
prompts also contributed to shared participant understanding in
several ways. Participants expressed that having the entire conver-
sation visible in one chat context improved their cognitive group
awareness as compared to dispersed communication. In online
travel planning, individuals in the group typically browse and eval-
uate options outside of the shared context, after which they bring
selected suggestions to a group meeting. Prior work shows that
users describe this process as collaborative [50]. However, this cu-
ration of information by individual group members is likely to
(inadvertently) skew the results in favour of an individual’s pref-
erences and excludes other group members from observing the
selection process and the discarded options. Planning the trip in
a shared chat enables group members to follow all intermediate
steps each group member takes in their search and decision process.
Increased cognitive group awareness through centralised commu-
nication has precedent in HCI and CSCW research, for example,
in collaborative search environments [6, 51] and in collaborative
assessment tasks [69].

Knowledge sharing is made even more explicit by the (prepara-
tion of) chatbot prompts. Participants expressed wanting to reach a
consensus before prompting the chatbot, as prompting the chatbot
was perceived as a definitive action. Since all prompts are kept in
the chatbot’s memory, they become part of a shared knowledge
base. Participants typically did not want to forego the opinions of

346

their group members by initiating a prompt directly. The discus-
sions that took place prior to formulating the prompts informed
group members about each other’s goals and thus increased social
group awareness. In some groups, one individual prompted the
bot without discussing it first. As participants generally treated the
chatbot as an authoritative figure (see Section 5.2), chatbot answers
played an influential role in the group discussion and steered the
conversation. As LLM prompts need to be unambiguous to give the
desired results, the prompt formulation contributed to knowledge
awareness within the group. Participants took this overview of each
other’s preferences into account in subsequent decisions, positively
impacting goal negotiation. Faez et al. found that dyads in creative
collaboration improved their creativity more by explaining their
ideas to each other than by chatting about their work [2]. Chatbot
prompting similarly forces participants to explain the reasoning
behind their ideas.

5.2 Chatbot as Authority

Participants generally found the chatbot useful for the travel plan-
ning task and were often positively surprised by its suggestions.
Skjuve et al. categorised reactions to LLM suggestions using a
pragmatic-hedonic framework [63]. The reactions in our study can
similarly be split into primarily pragmatic (e.g., providing useful
information and offloading tasks to it) and some hedonic (e.g., being
surprised by the chatbot’s contextual understanding) reactions.
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The chatbot could mediate the collaborative task as participants
generally accepted the validity of its answers and attributed author-
ity to it. The positive stance towards the mediating function of the
chatbot is in line with earlier work evaluating Al roles. Kim et al.
defined Al roles based on participant ratings and found that laypeo-
ple appreciated a mediating role most [43]. They define this role
as having high AI autonomy and human involvement and argue
that participants appreciate the shared control between Al systems
and humans. We found a similar pattern in our interviews, seeing
appreciation drop when the chatbot got too much influence, for
example, when the chat got overwhelmed by prompt answers that
steered the discussion.

This authoritative role waned when participants noticed the chat-
bot communicating false information or denials. As misinformation
may convincingly be presented as fact by LLMs [9], users need to
take this into account when evaluating chatbot output. The lack of
awareness of the LLM’s knowledge may have caused participants
to overlook mistakes and have an overly positive view of the chat-
bot. The convincing presentation of misinformation by the chatbot
made participants doubt their own judgement. After recognising
clear misinformation, participants expressed a need to fact-check
all subsequent suggestions. As LLMs are still a novel technology,
users’ limited awareness of LLM-based chatbots may have resulted
in an overestimation of their abilities. An overestimation of the
interpretation capabilities of Al team members has been shown to
negatively affect collaboration results [4].

5.3 Implications for LLM Design and Research

Our results inform the design of chatbot interactions in collabora-
tive tasks to support group members’ cognitive and social aware-
ness. We outline three design recommendations to improve group
awareness.

Maintain a shared context between human and chatbot
responses, but visually separate chatbot answers: Presenting
the conversation and prompting in the same context guided par-
ticipants to communicate their goals between each other prior to
prompting, as well as reflect their goals in the prompts themselves.
However, lengthy chatbot replies can overcrowd the chat, over-
shadowing the conversation and exerting a strong influence on the
chat’s direction. Methods to forcefully limit the length of the chat-
bot’s response can be undesirably in the context of collaborative
tasks, as participants deemed longer overviews useful. A more suit-
able solution would, therefore, be to visually separate the user chat
and chatbot prompts into distinct panes but within the same view
to maintain a shared context. Rather than presenting the chatbot
output in a chronological, linear text format, information could be
organised spatially, as suggested by Suh et al. [66]. Especially for
tasks with multiple subtasks (such as the travel planning in this
study), Suh et al. found that structuring information hierarchically
helps users with exploration.

Introduce chatbot capabilities: The main cause for confusion
among participants was a lack of awareness about the chatbot’s
skills and knowledge. This could be addressed by letting the chatbot
introduce itself and provide examples of its capabilities to manage
user expectations. Jain et al. found that informing new users on
a chatbot’s capabilities indeed helps to manage expectations [37].
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However, Yeh et al. explored different ways of guiding users and
concluded that instructions presented during onboarding are either
ignored or directly mimicked without considering other uses of the
options [72]. The authors suggest informing users at the start of
each task to couple task descriptions and chatbot instructions. Since
LLMs can, to a limited degree, comprehend the current state of a
conversation, future work should assess the feasibility of providing
instructions on a chatbot’s capabilities based on the conversational
context.

Proactive cues to increase group awareness: Correctly timed
cues could help users better understand the LLM’s skills and knowl-
edge. Participants asked for features which the chatbot was already
capable of, such as giving an overview of the decisions made. Other
groups did request an overview and said it gave them a better un-
derstanding of the itinerary and requested alternatives for the parts
they did not like. Making these features more approachable through
proactive cues in the conversation could increase users’ cognitive
awareness of the chatbot’s capabilities. However, proactive prompts
can also have negative consequences. Avula et al. found that proac-
tive suggestions can be disruptive, require unanticipated effort, and
can cause a perceived loss of privacy and agency [7]. Our partici-
pants similarly raised privacy concerns when discussing proactive
cues — despite the fact that the chatbot was already ‘listening in’
on their conversation. Apart from instructing users on the system’s
knowledge of chat history, a possible solution would be to add a
private mode, as proposed by Amershi et al. [3]. Timing the pre-
sentation of the proactive cues is critical to prevent disruption [6].
Interventions are less disruptive when users are transitioning to the
next task [36], and contextual understanding of the group’s efforts
is, therefore, key. For example, following a major group decision
would be an opportune moment to present the current itinerary.

5.4 Future Work and Limitations

We limited the chat session to 15 minutes as a constraint to encour-
age participants to stay focused on the task goals. However, this
may have also limited opportunities to observe more instances of
team members exhibiting or leveraging group awareness. Human
team performance is improved by synchronising team members’
mental models [48]. In the 15-minute chat session, participants may
have had insufficient time to align mental models. We tried to min-
imise the overhead time due to introductions by recruiting groups
of participants who knew each other. Travel planning generally
happens over multiple sessions and at least partly asynchronously,
which is not reflected in the experiment. Future work should explore
the integration of chatbots in long-term collaborative tasks, which
often are of asynchronous nature, to evaluate the chatbot’s impact
on group awareness in a more common approach to distributed
collaboration.

Moreover, it should be noted that our participant sample was
considerably large for a qualitative observational study, but it con-
sisted solely of university students, limiting the external validity
of the results in terms of age, technological expertise, and other
factors. Despite this, participants’ self-reported technical affinity
was only moderate, as well as their self-reported experience with
LLMs and chatbots.



Assessing Group Awareness in Al-assisted Collaboration

Further, we evaluated only one collaborative task — travel plan-
ning. Although proxy tasks may not translate to actual decision-
making tasks [15], we argue that travel planning using online chat
groups offers a realistic scenario as 75% of the participants expressed
that they plan their holidays at least partly online. However, partic-
ipants mentioned that it would be harder to reach a consensus in
real-world decision-making as they would push back harder on a
suggestion if they had personal requirements as compared to the
ones set by their persona.

6 Conclusion

Aligning group members’ awareness of each other’s knowledge
and skills is crucial for computer-mediated collaboration. We ex-
plored the impact of an LLM-based chatbot on group awareness in
a collaborative group task. Our findings indicate that LLM-based
chatbots can help foster group awareness in multiple ways. Group
members can learn about each other’s deliberations by formulat-
ing unambiguous prompts in a shared context, which the chatbot
summarises in its subsequent answers, hereby increasing cogni-
tive group awareness. The chatbot suggestions contribute to goal
negotiation by offering a compromise to conflicting goals. Partici-
pants perceived the chatbot as an authoritative figure, accepting its
opinion to settle conflicts. However, this authoritative perception
waned when the chatbot presented incorrect information or was
unable to fulfil requests. This highlights the importance of ensuring
group awareness; not only between group members but also be-
tween the group members and the chatbot. As our results indicate
that LLM-based chatbots can be useful in mediating conflicts and
providing information, we invite the HCI community to investigate
new ways of bridging the gaps in cognitive and social awareness
in Al-assisted collaborative tasks.
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