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ABSTRACT
Agents based on Large Language Models (LLM agents) have the
potential to work with humans as part of a team to achieve specific
goals. The natural language interface of LLM agents and their high
level of autonomy enables more seamless collaborations than pre-
vious technologies, allowing them to carry out tasks autonomously
and engage in conversations with humans, e.g., to clarify goals, re-
quest authorizations, or double-check decisions. However, the cur-
rent literature lacks systematic design guidelines for these human-
LLM agent teams. This gap might foster misunderstandings, misuse
of autonomy, and lack of common ground, potentially leading to
collaboration pitfalls. To mitigate these risks, we develop 24 guide-
lines for the principled design of human-LLM agent teams. We
adopt a multi-stakeholder approach and propose guidelines for
LLM agents, human team members, team designers and embedding
organizations. To develop these guidelines, we distill design rec-
ommendations from an exploratory workshop with 15 experts on
human-AI teaming and a literature review of 93 empirical papers
in human-LLM collaboration. Drawing from literature on human
teams, we conceptually categorize the recommendations across dif-
ferent stages of the teaming process. A user study with 10 additional
experts suggests the guidelines can help prevent collaboration pit-
falls in human-LLM agent teams within workplace settings.
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1 INTRODUCTION
Human-Artificial Intelligence (AI) teams are collaborative units
where humans andAI systems cooperate towards a common goal [46].
For AI systems to be considered teammembers, they need to exhibit
partial to high levels of autonomy and be able to coordinate joint ac-
tivity [72]. As AI systems get equipped with the ability to perceive
and interact with users, autonomously act on their surroundings,
and continuously learn and adapt [21], they are becoming capable
of synergistically working as part of human-AI teams [26, 85]. Suc-
cessful human-AI teams benefit from the efficiency of AI systems
and the flexibility of humans [1, 30, 101].

Recent AI developments have taken the form of agents powered
by Large LanguageModels (LLM). LLM agents are capable of execut-
ing tasks on behalf of humans [71], e.g., scheduling meetings or or-
dering groceries [10]. Two characteristics make LLM agents distinct
from previous technologies and particularly suitable for human-AI
teaming. First, LLM agents can engage in dialogues through natural
language with their human counterparts [10, 71]. Natural language
communication provides a shared linguistic foundation, facilitating
the establishment of common ground between humans and LLM
agents [49, 79]. Second, LLM agents can plan and carry out work-
flows by invoking a range of external tools [71]. This enables LLM
agents to coordinate tasks, accept delegated responsibilities and
execute complex workflows in(ter)dependently [71].

Although LLM agents show potential for teaming with humans,
the design of human-LLM agent teams requires guidance to ensure
effective teamwork and to avoid potential collaboration pitfalls [80].
Prior work has suggested systematic methods for the design of
trustworthy AI [97], human-AI interactions [4], human-LLM in-
teractions [58, 96], or human-AI teams [16, 90]. However, none
of these methods specifically focus on human-LLM agent teams,
nor do they address the challenges that the distinct nature of LLM
agents might bring to teaming processes.

To address this gap, we develop 24 guidelines for human-LLM
agent teaming. Within team settings, guidelines constitute sets
of principles aimed at promoting best practices in team develop-
ment and training [80]. We highlight the temporal dimension of
teaming by arranging our guidelines across different stages of the
teaming process: early stages, active collaboration stage, comple-
tion stage, continuous learning and affect management [43, 61].
Since human-LLM agent teams bring opportunities and challenges
across stakeholders [83], we adopt a multi-stakeholder perspective,
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offering guidance for LLM agents, human team members, team
designers, and the organization where the team is embedded.

We used an iterative process (described in Table 1) to conceive,
consolidate and refine our human-LLM agent teaming guidelines.
We first ran a workshop with 15 human-AI teaming experts to
capture their initial ideas and desiderata for human-LLM agent
teaming guidelines. We then conducted a literature review to iden-
tify lessons from empirical research. We consolidated insights from
the exploratory workshop and literature into 27 guidelines. Finally,
we refined those guidelines through a user study with 10 additional
experts, resulting in 24 final guidelines.

Our paper, therefore, makes the following contributions:
• We systematically develop a set of 24 guidelines for human-
LLM agent teams. These guidelines explicitly account for
the temporal dimension of teaming processes and adopt a
multi-stakeholder perspective on teaming. Each guideline
includes strategies to operationalize the guideline.

• We evaluate the relevance, clarity and generative power
(i.e., ability to help stakeholders think of actions for the
principled design of teams) of our guidelines. Our findings
suggest that the guidelines can help prevent human-LLM
agent collaboration pitfalls in workplace settings.

Section 2 summarizes relatedwork. Section 3 provides an overview
of the guidelines. Sections 4, 5 and 6 detail the three phases of the
iterative development of the guidelines. Section 7 discusses the role
the AAMAS community plays in the guidelines realization.

2 RELATEDWORK
Human-AI teams. Recent research has used the term human-

AI teams to describe collaborative ensembles where humans and
AI systems work interdependently towards a common goal [72].
Human-AI teams have also been referred to as human-autonomy,
human-agent, or hybrid intelligence teams [28, 40, 47, 55]. Human-
AI teams include at least one human working cooperatively with at
least one autonomous agent that presents partial or high-degree of
self-governance [28, 66, 67, 72]. According to O’Neill et al. [72], for
agents to be part of a human-AI team they must meet at least partial
levels of autonomy, i.e., level 5 or 6 in the Levels of Autonomy (LOA)
continuum [74]. This allows agents to “fulfill a distinct role in the
team and make a unique contribution to performance” [57].

Research on human-AI teams has explored aspects such as trust
and explanations [9, 53, 65, 94, 103], team formation and cohesion
[35, 92], proactivity and shared mental models [29, 36], and inter-
dependence in team functioning and team performance [45, 50, 75].
For instance, Van Zoelen et al. [91] present a human-centered ap-
proach for the specification of design solutions for human-AI teams
and their abstraction into team design patterns. Centeio Jorge et al.
[16] introduce the Interdependence and Trust Analysis (ITA) frame-
work to support the design of human-machine teams. Dell’Anna
et al. [26] propose attributes of effective human-AI teams, such
as communication, coordination, proactivity, and awareness and
shared knowledge of team structure, member skills, team objectives,
and team norms. These works are especially relevant in the era of
LLM agents, yet they do not capture the challenges that increased
levels of autonomy and a natural language interface might bring to
human-LLM agent teams.

Existing Guidelines. Prior work on human-centered AI has pro-
posed guidelines for the principled design of Trustworthy AI and
human-AI interaction (e.g., [4, 58, 96, 97]). For example, Wickra-
masinghe et al. [97] proposed guidelines for Trustworthy AI de-
velopment by addressing interactions between (1) AI systems and
developers, (2) AI systems and users, and (3) developers and users.
Amershi et al. [4] provided 18 guidelines to design AI systems that
lead to desirable human-AI interactions.Weisz et al. [96], focused on
the interaction between humans and generative AI and suggested
6 design principles and 32 strategies for the design of generative
AI applications. Lin et al. [58] suggested 11 guidelines for human-
generative AI interaction, each referring to key moments of the
user experience.

Despite the progress, none of these guidelines focus on human-
LLM agent teams. Such guidelines are, in turn, important to ensure
effective teamwork among humans and LLM agents and to avoid
collaboration pitfalls [80]. Motivated by this gap, we draw from
literature on human teams and adopt a team-oriented perspective
on the interplay between humans and LLM agents.

Human teams are defined by the interdependent work of two
or more members who share a collective identity and a common
goal [81]. Decades of research have generated theoretical mod-
els of teams, where teams are presented as “complex, adaptive,
dynamic systems” [64]. Marks et al. [61] suggested a conceptual
model where team processes unfold in recurring stages during
an episode of team performance. They distinguished three types
of activities that characterize team processes. Transition processes
involve developing, adapting, and clarifying the team’s common
purpose, strategy, tasks, and role structure. Action processes involve
back-up behaviors, mutual performance monitoring, monitoring
of goal progression, and coordination. Interpersonal processes in-
volve affect management, conflict management, and motivational
issues. Ilgen et al. [43] propose a teaming model that complements
Marks et al. [61]’s framework, and in addition to the teams’ active
collaboration period, also considers the early stages and finishing
stages of teaming processes, capturing one episode in the devel-
opmental cycle of a team. Ilgen et al. [43]’s model falls within the
Input-Mediator-Output (IMO) family of models [44, 63]. In IMO
models, team Inputs (team composition, tasks complexity, members’
differences), are converted by team Mediators into team Outputs
(team viability, individual learning, development and satisfaction
[39]). Mediators include team processes [11, 62] and emergent states
(i.e., affective or cognitive qualities of the team, such as trust and
shared mental models.) [24, 44, 51].

In this paper, we use Marks et al. [61]’s and Ilgen et al. [43]’s
models as a theoretical lens to organize our guidelines. We align our
guidelines with the temporal dimension presented in these models,
yet adapt them to capture new strategies that human-LLM agent
teams might necessitate.

3 GUIDELINES OVERVIEW
Figure 1 provides an overview of the 24 guidelines for human-LLM
agent teams we developed.While a few guidelines are broad enough
to be applicable to other human-agent teams, the presented col-
lection of 24 guidelines account for the distinctive features that
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EARLY STAGES TRANSITION ACTION COMPLETION

CONTINUOUS LEARNING

AFFECT MANAGEMENT

Developing shared awareness

Developing a strategy Coordinating tasks

Evaluating the output

Structuring teamwork Finishing

Customize agent 
behaviour for the task

G8.

Adapt to human’s emotional 
needs when appropriate

Provide support for 
managing interpersonal team 
dynamics

G10.
Provide data sources, 
uncertainty indicators and 
feedback channels

G11.
Leverage prompting 
strategies for output 
verification

G21. Periodically audit human-
LLM teams

Break down and scaffold 
the task collaboratively

G13.

G12.
Maintain straightforward 
action-oriented 
communication

G15.
Enable team situational 
awareness through 
transparent execution

G16.

LLM AGENT

TEAM DESIGNER

ORGANIZATION

G17.

G18.

Maintain transparency 
over LLM involvement

STAKEHOLDERS

G19. 

G22. G24. 

G23. 

G20. 

EARLY STAGES ACTIVE COLLABORATION

TRANSITION PROCESSES ACTION  PROCESSES

COMPLETION

CONTINUOUS LEARNING

AFFECT MANAGEMENT

Developing shared awareness

Developing a strategy Coordinating tasks

Monitoring and SafeguardingEvaluating the output

Structuring teamwork Finishing

G9.

Make LLM agents modular 
with configurable team 
structures

Select the interaction 
medium based on  team 
needs

Integrate LLM agents within 
existing infrastructure

G3.

G4.

Envision human-LLM agent 
teams based on 
organizational needs

Learn from past interactions 
and feedback

Evaluate the effect of 
personality and embodiment

Accommodate evolving human 
knowledge and system updates

Align proactive 
behaviours with the 
team’s operational style

Course-correct LLM 
agents that stray from 
team goals

LLM AGENT

INTERACTING HUMAN

ORGANIZATION

Document learnings from 
completed human-LLM 
agent teamwork

STAKEHOLDERS

G1.

G2.

G6.

G5.

G7.

G14.
Coordinate 
interdependent tasks 
through shared initiative

Inform your teammate about 
your capabilities and 
limitations

Adapt to the human’s 
characteristics

Provide AI training and 
educational resources

Figure 1: Graphical representation of our 24 guidelines. Guidelines are arranged across five main team development stages:
early stages, active collaboration, completion, continuous learning, affect management. Each guideline is directed at one or
more stakeholders: the LLM agent, interacting human, team designer or organization.

make human-LLM agent teams especially promising. These guide-
lines focus on guiding different stakeholders at an organization
to take actions that contribute to effective teamwork and that
might prevent collaboration pitfalls between humans and LLM
agents. Each guideline is written as a rule of action, containing 4-8
words [4] and is followed by specific strategies that help adhere
to the guideline—the detailed version of the guidelines and their
provenance can be found in the Appendix within the supplementary
material: https://osf.io/75z83/.

We organize our guidelines using a process-oriented frame-
work that explicitly accounts for the temporal dimension of team-
ing [43, 61]. Specifically, the guidelines cover one complete episode
in the human-LLM agent team developmental cycle [43] and are
structured around five main team development stages. (1) Early
stages of team development [43]: Guidelines focus on structur-
ing teamwork and building shared awareness between humans
and LLM agents. (2) Active collaboration stage: As the team de-
velops and starts working together towards a common goal [43],
human-LLM agent teams engage in two main process types [61].
Through transition processes the team develops a strategy and
evaluates the output. Through action processes the team coor-
dinates tasks and monitors progress. We visualized transition and
action processes as cyclical to indicate the dependencies between

them: the output of a transition process can become the input of an
action process and vice versa [61]. Transition and action processes
can happen simultaneously or sequentially. (3) Completion stage:
Teams complete one episode in their developmental cycle and pre-
pare to begin a new cycle [43]. Throughout all stages, guidelines for
(4) Continuous learning [43] and (5) Affect management [61]
remain active, supporting the team’s ongoing development and
effectiveness.

We direct the guidelines at four main actors. First, the LLM
agent itself. Due to increased autonomous capabilities of LLM
agents [52] and the ability to influence their behaviors, we treat
LLM agents as distinct team members. Guidelines for LLM agents
can be e.g. embedded through reinforcement learning from human
feedback (RLHF) during training or injected as system prompts
during design time, so that the LLM agent behavior follows such
guidelines during execution time. For example, if G12 is injected as
a system prompt during design time, the LLM agent can maintain
an action-oriented communication style during execution time. We
treat the foundationmodel underlying LLM agents as an on-demand
component: organizations can fine-tune the foundational model
and can build infrastructure around it (e.g., interface, integration
with other tools), but are not responsible for the development of
the foundation model itself. We assume that the development of the
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foundation model (not the LLM agent) happens prior to the early
stages of teaming and is, therefore, out of the scope of this paper.
Guidelines directed at LLM agents assume that the LLM has the
technical capabilities to follow the provided guidelines.

Second, human(s) interacting with the LLM agent. Guidelines
directed at the interacting human provide principled ways for the
human to share context, develop shared mental models and coor-
dinate actions with the LLM agent [37]. Guidelines at later stages
of the teaming process depend on the knowledge that the human
develops in earlier stages, e.g., if the organization provides training
for humans to craft effective natural language prompts (guideline
7, G7) the human is capable of leveraging prompting strategies for
output verification (G11).

Third, team designers. We use team designer to denote the
equivalent of a team manager in human teams. Team designers
have the knowledge to understand the contextual needs of human-
LLM agent teams (G2) and to structure these teams by e.g., making
LLM agents modular (G3). In real-world organizations, the role of
team designers might be distributed across different actors (e.g.,
development team, project manager).

Fourth, the organization where human-LLM agent teams are
embedded. These guidelines evoke actions for higher management
to support the teaming process, e.g., periodically auditing human-
LLM teams (G21).

4 PHASE 1: EXPLORATORYWORKSHOP
We first report on a workshop that we conducted with 15 experts in
human-AI teaming to identify their (1) initial ideas and (2) desiderata
towards human-LLM agent teaming guidelines.

4.1 Workshop Procedure
Participants were organized in three groups. They were first shown
a video1 of Open AI Operator2, an LLM agent based on ChatGPT
that can perform complex web tasks on behalf of users. Operator is
a good example of LLM agents that could engage in teamwork with
humans, thanks to its partial autonomy, and its abilities to interact
through natural language, and to engage in tasks interdependently
with the human. Participants were asked to imagine they were
working in a company trying to build an LLM agent like Operator
but with enhanced capabilities for teaming. They were given an
initial set of design guidelines for human-AI interaction [4] (focused
on the interaction medium) and human-agent collaboration [20]
(focused on interdependence and coordination) and asked to turn
these generic guidelines into specific system requirements for the
engineering and UX design teams. Through this task, we wanted
participants to ideate around characteristics required from humans
and LLM agents for effective teaming. We finally provided partic-
ipants with the quality model by Dell’Anna et al. [26] for hybrid
intelligence teams. We asked them to evaluate the extent to which
the conceived system requirements would contribute to each of
the dimensions in the quality model. Through this task we wanted
participants to specifically reflect on whether and how humans and
LLM agents can be part of a team and what would be required for
guidelines to capture this.
1https://www.youtube.com/watch?v=gYqs-wUKZsM (last accessed 07.10.2025)
2https://openai.com/index/introducing-operator/ (last accessed 07.10.2025)

Participant Recruitment. For the recruitment of participants, we
used convenience sampling. We advertised the workshop through
relevant mailing and Slack channels. Out of the 15 participants, 8
identified as experts in AI-related topics, including multi-agent sys-
tems, neurosymbolic systems, natural language processing, knowl-
edge representation, or reinforcement learning. The other 7 partic-
ipants specialized in human-computer interaction, human-agent
interaction, human-AI teams and sociotechnical systems. The par-
ticipation in our workshop was voluntary. Our study was allowed
to proceed by the research committee of our institution on the basis
of an Ethics and Privacy Quick Scan.

Data Collection and Analysis. The data we generated consists
of notes created by participants in the workshop activities and
transcripts of the workshop discussions. We analyzed the data using
reflexive thematic analysis [12, 23]. The transcripts were analyzed
in the following way: (1) we had the audio recordings automatically
transcribed, (2) we read the transcriptions and (3) grouped quotes
in codes and code groups. (4) The first author crafted the first set
of themes. (5) All authors reviewed the themes and (6) refined the
codes. The themes resulting from the workshop include initial ideas
and desiderata for human-LLM agent teaming guidelines.

4.2 Results of the Exploratory Workshop
Wediscuss themain insights generated in the exploratoryworkshop
below. We refer to quotes as W-Pi. W refers to workshop and P to
participant, i being the index of each quoted participant.

Initial ideas. Experts’ initial ideas for human-LLM agent teaming
guidelines revolved around five main themes.

Transparency. Participants highlighted the role of transparency
in enabling LLM agents engage in teaming. This included the need
for LLM agents to communicate their capabililities to the user
at the beginning of the teaming process, or the need to provide
step-by-step explanations during execution. Explanations, however,
were not considered always necessary, “You don’t want to [get] an
explanation for every click” (W-P2). Participants also mentioned the
need for LLM agents to refer to their sources, and disclose how
trustworthy these were. Transparencywas also discussed in relation
to accessibility, which participants related to having a clean design
as well as a user-friendly interface that would minimize the effort
from humans to understand what the LLM agent communicates.

Proactivity. Proactivity of LLM agents was considered espe-
cially important in cases where the uncertainty level of the output
was high. In those cases, LLM agents would need to explicitly con-
sult the user (e.g., “If it’s unclear if something is gluten free or not,
that is a moment to check with the user” (W-P8)). Correct timing of
proactive behaviors was considered key. Participants also referred
to the need for the LLM agent to be an active listener and to adapt
to human preferences.

Coordination and control. While most of the ideas revolved
around LLM agent capabilities (the main focus of previously sug-
gested design guidelines [4, 20]), experts also discussed ideas re-
lated to interaction and coordination. They highlighted the need
for humans and LLM agents to align their understanding of the
situation and to coordinate their actions. Humans were considered
responsible for setting preferences for the LLM agent actions and
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Table 1: Overview of the iterative process for the conception, consolidation and evaluation of guidelines.

# Phase Objective Method Use case Data Analysis Outcome

1 Exploratory
workshop

Identify experts’ initial ideas
and desiderata for guidelines

Workshop with 15 experts in
human-AI teaming arranged in
three groups

Open AI Operator Reflexive The-
matic Analysis

Initial ideas about transparency,
proactivity, coordination, control,
safeguards and adaptivity. Three
recommendations for the guide-
line development phase.

2 Guideline
development

Conceive and consolidate
guidelines

Literature review of 93 papers
and combination of literature
with workshop insights for guide-
line consolidation

Agnostic Reflexive The-
matic Analysis

27 guidelines directed at four
stakeholders and arranged across
five team development stages.

3 Evaluation and
refinement

Evaluate and refine guide-
lines

Survey and think-aloud sessions
with 10 additional experts in
human-AI teaming

Personal health,
coding, travel, legal
assistant

Reflexive The-
matic Analysis

24 refined guidelines. Ratings of
relevance and clarity per guide-
line group. Experts’ reflections on
guidelines.

for constraining its abilities through interaction. However, partici-
pants acknowledged that, even if the human should be the one who
is globally in control, in a mixed initiative interaction, there are
moments when “the control is shifted” (W-P4). This requires team
members to ensure proper control handover at specific moments.

Safeguards. For LLM agents like Operator, participants con-
sidered several safeguards to limit potential risks. These included
active consent requests or access restrictions to e.g., unsafe websites
or the hard drive. Participants also highlighted that LLM agents
should not be allowed to proceed with actions that involved mak-
ing payments or modifying files (e.g., “A safeguard that you would
definitely want is that it doesn’t modify your files” (W-P11)).

Adaptivity. Workshop discussions addressed the temporal di-
mension of teaming. From the LLM agent’s perspective, the need
to adapt to user preferences over time was highlighted. Similarly,
agent proactivity and safeguards might also evolve over time. Par-
ticipants highlighted the tendency to think of one-shot interactions
and the need to “talk about a system that learns over time” (W-P1).

Desiderata. From the workshop, we distilled three main expert
recommendations to inform the guideline conception phase.

Desideratum 1: Guidelines for human-LLM agent teams should
explicitly account for team members other than the LLM agent.When
workshop participants contrasted the provided design guidelines [4,
20] with the quality model for hybrid intelligence teams [26], they
noticed that the guidelines mostly made an emphasis on AI capa-
bilities. However, they lacked pointers as to e.g., how the human
could adapt to the agent’s behavior as the teaming process evolves.
Experts, therefore, indicated that human-LLM agent teaming guide-
lines should more concretely involve the human team member and
the context where the teaming happens.

Desideratum 2: Guidelines for human-LLM agent teams should
account for the intrinsically asymmetric relation between humans
and LLM agents. For this reason, they suggested that using a unit
of analysis at a team level (as in the quality model by Dell’Anna
et al. [26]) might not be helpful. Instead, guidelines would benefit
from shifting the unit of analysis to the level of team members,
enabling organizations to account for the differences in behaviors
and requirements between humans and LLM agents.

Desideratum 3: Guidelines for human-LLM agent teams should
point to different temporal dimensions of teaming. While the tempo-
ral dimension is present in human-AI interaction guidelines [4], it
is not prevalent in human-agent collaboration considerations [20].

This was considered an important feature to capture the way inter-
dependencies among team members evolve over time.

5 PHASE 2: GUIDELINE DEVELOPMENT
In the second phase, we conducted a systematic literature review
to identify lessons learned from empirical research in human-LLM
collaboration. Insights from literature were combined with the
initial ideas provided by the experts in phase 1 (section 4), and
arranged in accordance with expert desiderata. Since empirical
research in human-LLM agent teaming is scarce (Operator was
released in January 2025), we more broadly searched for lessons
learned from human-LLM collaboration and drew special attention
to research directions suggested by the authors for future scenarios
where LLMs would be provided with higher levels of autonomy.
This approach is in line with the study conducted by Cila [20].

5.1 Systematic Literature Review
We conducted the literature search on the ACM Digital Library
(https://dl.acm.org/). We chose ACM Digital Library because it
represents a comprehensive source of papers published in major
venues on multi-agent systems as well as human-computer and
human-robot interaction. The choice of limiting the search to ACM
Digital Library provided us with a dataset that focuses on the field
of computing and avoids specialized topics that are out of the scope
of this paper [33]. We began our literature review by identifying
appropriate search terms to ensure wide coverage of empirical
research on human-LLM collaboration [28, 72], which led to an
initial set of 241 papers (as of 17 July 2025). The search terms are
listed in the Appendix.

We then conducted a manual screening of the title and abstract
of the resulting 241 papers. We defined seven exclusion criteria
to only focus on full papers or late-breaking work presenting em-
pirical research where at least one human and one LLM or agent
would communicate in natural language—see Appendix. Following
the application of exclusion criteria (EC), 93 papers remained for
review. We then inspected the shortlisted 93 papers systematically
and extracted design recommendations from them. For each paper,
we extracted the author, year and venue of publication, title, ob-
jective of the paper, studied context, relevant results and design
recommendations. In some cases, design recommendations were di-
rectly provided by authors. In those cases, we directly included the
provided design recommendations in our data extraction template
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(e.g., we included “Visualize a pipeline while the user is prompting
the system” [105] as a design recommendation). In the papers where
design recommendations were not directly provided by the authors,
we distilled recommendations based on relevant results (e.g., from
“our qualitative findings suggest AI characters should have emotional
intelligence”[99] we derived a design recommendation in the form
of: “Embed emotional intelligence in AI characters”). Data extrac-
tion led to a total of 481 (non-unique) design recommendations for
clustering and consolidation.

5.2 Consolidation of Guidelines
For guideline consolidation, we combined the initial ideas generated
in the expert workshop and the 481 design recommendations dis-
tilled from literature. We engaged in an iterative process of reflexive
thematic analysis [22, 23] and arranged our guidelines following the
expert desiderata distilled from the exploratory workshop. Reflexive
thematic analysis was chosen because: (1) it allows the interpretive
integration of multiple qualitative data sources (i.e., workshop and
literature findings), and (2) the method’s iterative and reflexive
nature enables us to construct meaning across different data types
and translate these insights into practice-oriented guidelines. The
first author took the lead in guideline consolidation. All authors
contributed to the consolidation of guidelines through the review
and further iteration of coding results.

First, we inductively coded all design recommendations and
reached data saturation, i.e., there was a point where design rec-
ommendations would repeat what was already known through
the workshop or from papers reviewed earlier. This first inductive
phase aimed at coding and grouping together design recommenda-
tions with extensive overlap into higher-level design considerations.
The second round of coding was deductive in nature. Following
expert desiderata 1 and 2, we assigned each design consideration
to the corresponding stakeholder based on which stakeholder was
better suited at realizing the design consideration: LLM agent, in-
teracting human, team designer or the embedding organization.
In the third round, individual codes were inductively clustered
into themes based on purpose similarity, e.g., codes focused on
developing situational awareness. The fourth round of coding was
deductive. We mapped each theme to the corresponding team devel-
opment stage [43, 61]. For this mapping, we identified the strongest
association between the themes and the definition of each team de-
velopment stage [43, 61]. The thematic analysis led to an initial set
of 27 guidelines arranged in 5 team development stages i.e., early
stages, active collaboration stage, completion stage, continuous
learning and affect management. This arrangement of guidelines
differentiates team design time from execution time, which aligns
with expert desideratum 3 from the exploratory workshop. After
the thematic analysis, we refined the guidelines through 5 itera-
tions involving all authors. We articulated guidelines as a rule of
action, followed by a description and strategies for adhering to such
guidelines. The detailed version of the guidelines is shown in the
Appendix.

6 PHASE 3: EVALUATION AND REFINEMENT
In the third phase, we conducted a two-step user study to eval-
uate and refine our guidelines. The objective was to provide an

initial assessment of the capacity of our guidelines to make differ-
ent stakeholders think of actions that they could take for effective
teaming, as well as to evaluate the relevance and clarity of the
suggested guidelines. Based on the evaluation results, we refined
the guidelines, going from 27 to 24 final guidelines.

6.1 Procedure
The guideline evaluation was divided in two steps: a survey and a
think-aloud session. Five experts participated in each step.

Survey. We first conducted a 60-minute survey per expert. At
the beginning of the survey, participants were shown a video with
instructions for the study. Each participant was shown a scenario
describing a pitfall between a human and one of the following LLM
agents: (1) personal health assistant, (2) coding assistant, (3) legal
assistant, or (4) travel assistant. See the Appendix for more detailed
descriptions of the scenarios. Participants were then presented
our guidelines. To evaluate the generative power of the guidelines,
participants were invited to think of actions that could help pre-
vent the pitfall following these guidelines. The survey guided the
participants through all 27 guidelines across 9 different groups of
guidelines (one for each thematic grouping e.g., developing shared
awareness). For each guideline, participants could consult an exam-
ple action. While the example action aimed at helping participants
ideate, we asked participants to use these examples with caution to
avoid anchoring effects [27]. At the end of each group of guidelines,
participants evaluated the clarity and relevance of the guidelines for
preventing the pitfall. After the survey, we iterated on guidelines
that were not considered relevant and improved their clarity.

Think aloud. The second step of the evaluation phase was con-
ducted through a 60-minute think-aloud session per expert. The
version of the guidelines used for the think-aloud session was a
refined version of the guidelines used in the survey. The objective
of the think-aloud sessions was (a) to evaluate the relevance and
clarity of the last version of the guidelines and (b) to get a nuanced
understanding about experts’ perceptions towards the guidelines.
A think-aloud format was chosen because it generates richer data
than a survey. The procedure for the think-aloud session was the
same as for the survey-based study, but instead of asking partici-
pants to write down actions, they were asked to orally share their
thoughts about potential actions and to reflect on the guidelines.

Participant Recruitment.We recruited 10 participants: 4 special-
ized in natural language processing (NLP), 3 in NLP and human-
computer interaction (HCI), 1 in HCI, 1 in cognitive science, and
1 in management studies. We used purposive sampling, recruit-
ing participants through the authors’ networks. Participation was
voluntary and was rewarded with a 30 EUR voucher.

Data collection and analysis. Data consists of the ratings of rele-
vance and clarity provided by participants for each guideline group
and actions suggested per guideline. Data also includes the tran-
scripts of the think-aloud sessions. We analyzed the transcripts
using reflexive thematic analysis [12, 23]. We followed the same
procedure as in the workshop for data analysis –see section 4.1.

6.2 Results of the Evaluation
We report on the findings from our user study below. We refer to
quotes as S-Pj and TA-Pk. S stands for survey, TA for think aloud, P
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for participant and j and k are the indices of each quoted participant
in the survey and think-aloud studies, respectively. We discard S-P2
from the analysis, due to a possible fatigue effect [104], i.e., from a
point on, the quality of their responses dropped noticeably. Unless
stated otherwise, when referring to guideline numbers, we refer to
the latest 24 guidelines (Figure 1 and Appendix).

Relevance. Figure 2a shows relevance ratings per guideline
group. Survey: guidelines on Strategy Development were deemed
Not relevant on two occasions while guidelines on Affect Manage-
ment were considered Not relevant once. Both instances occurred
exclusively within the travel assistant scenario. Think aloud: guide-
lines on Coordination and Completion were considered Not relevant
for the travel scenario. The personal health assistant scenario also
raised questions about the applicability of guidelines on Structuring
Teamwork, Coordinating, and Affect Management. In contrast, in
the coding and legal assistant scenarios all guidelines were consid-
ered relevant, with only minor doubts expressed. Relevance ratings
revealed a divide between use cases across both studies. Scenar-
ios situated within workplace settings—where humans and LLM
agents collaborate in work-related tasks (coding and legal scenar-
ios)—aligned well with our guidelines. However, consumer-facing
scenarios—where a human consumer is assisted by an LLM agent
(travel and health assistant scenarios)—presented a different picture.
The divide was especially evident in the travel assistant scenario:
“Who is the team here? Is there a a customer service team working
with the agent? Or are we talking about the customer?” (TA-P3).
Consumer-facing scenarios were perceived as one-shot interactions
while our guidelines are specifically designed to capture the itera-
tive and ongoing nature of teaming processes. This might indicate
that the teaming perspective underlying our guidelines may bemost
relevant for human-LLM agent teams within workplace settings.

Clarity. Figure 2b shows clarity ratings per guideline group. Sur-
vey: we identified four ratings indicating Unclear guideline groups.
Two of those ratings involved guidelines on Strategy Development
(S-P3, S-P5), and one involved guidelines on Monitoring and Safe-
guarding (S-P3). All those ratings were connected to the travel
assistant scenario and might, therefore, be the result of the mis-
match between the teaming lens and consumer-facing scenarios.
Guidelines on Structuring Teamwork and Developing Shared aware-
ness were rated as Neutral in clarity in 2 out of 4 and 3 out of 4
cases, respectively. We iterated on those guidelines e.g., “Adapt the
interaction medium to the context” turned into “Select the interaction
medium based on team needs” (G2), which helped disambiguate the
term context. We also changed the order of the guidelines related
to Structuring Teamwork (first group in the latest version) and
Developing Shared Awareness (second group in the latest version).
This better reflects the temporal dependencies among guidelines.
Think aloud: most of the guidelines were rated as Clear or Very
clear. The Continuous Learning group of guidelines was the only
one considered Unclear. The number of ratings under the Neutral
label were also significantly reduced compared to the survey study.
Transcripts of the think-aloud session indicate that guidelines on
Continuous Learning were found to “seemingly overlap” (TA-P3).
We, therefore, merge guidelines originally numbered as 23 and 24
into one guideline (G20 in the latest version) where both the human
and the LLM agent learn from each other’s past interactions and
feedback. We also merge guidelines originally numbered as 6 and 7

(G5 in the latest version), and 11 and 12 (G10 in the latest version).
While these guidelines were already considered to be clear, par-
ticipants indicated merging thematically-similar guidelines would
help obtain a more concise version of the guidelines.

Experts’ reflections on the guidelines. The think-aloud ses-
sion enabled us to capture experts’ reflections on our guidelines.
We highlight three main reflections that suggest minor modifica-
tions. First, a recurring comment was the potential negative side
effects of the suggested guidelines. Guidelines indicating that LLM
agents should provide step-by-step explanations or be transparent
about data sources were perceived to be appropriate, yet they could
also lead to humans overrelying on LLM agents. We, therefore,
modify “Provide explanations for output verification” to “Provide in-
formation for output verification” (G10). Second, expert participants
suggested G8 (originally directed at the interacting human) might
be too demanding for lay people, even if they receive training in
AI. We, therefore, assign G8 to the team designer. Third, the de-
sirability of guidelines under Affect Management was challenged.
Questions were raised about the desirability of improving perceived
competence of LLM agents and providing them with emotional in-
telligence. Accordingly, we reword G22 from “to improve perceived
competence” to “to ensure perceived competence matches LLM agents’
capabilities”, and we include “when appropriate” in G23.

Coverage.Guidelineswere perceived to be comprehensive. How-
ever, participants suggested additional considerations. We highlight
three. First, the need to embed the guidelines in the current reg-
ulatory landscape. Since human-LLM agent teaming is part of a
digitization process, regulatory efforts such as the EU’s AI Act need
to be considered. This will affect what “you can and cannot do with
LLM agents” (TA-P3). Second, the need to extend the unit of analysis
from the team level to higher authorities. This would, for instance,
require clarifying the “responsibility of a government” (S-P3) when
improving the population’s AI literacy. Third, the granularity and
applicability of the guidelines in practice. Organizations are more
granular than what we depicted through our guidelines: “we have
procurement, we have innovation teams, we have unions” (TA-P2).
Similarly, guidelines referring to infrastructure or documentation
might face the reality of poor existing practices: “Maintaining a
database of failures would be really useful. But people tend to write
really bad documentation.” (TA-P1). Our guidelines should be seen
as a starting point to be transferred and refined in real-world orga-
nizations. We leave these considerations for future iterations.

7 DISCUSSION AND FUTUREWORK
We introduced 24 guidelines for human-LLM agent teams organized
across five development stages of teamwork. The guidelines move
beyond technical design of LLM agents to address multiple stake-
holders: LLM agents, their human teammates, team designers and
the embedding organization. Our evaluation suggests the guidelines
are relevant and clear, finding them applicable to workplace teaming
scenarios. While providing a framework for principled human-LLM
team design, our guidelines also expose key challenges inherent in
current LLM-based systems. We suggest that AAMAS’s rich body of
research can play an important role in addressing these challenges.

Flexible and dynamic teamwork. Our guidelines call for dynamic
systems that support flexible team composition (G1-G4), continuous
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0 100%

Structuring teamwork
Developing shared awareness

Developing a strategy
Evaluating the output

Coordinating tasks
Monitoring and safeguarding

Finishing
Continuous learning
Affect Management

Clearly not relevant Not relevant Not sure/No action
Relevant Clearly relevant

Survey
0 100%

Think aloud
(a) Relevance

0 100%

Very unclear Unclear Neutral
Clear Very clear

Survey
0 100%

Think aloud
(b) Clarity

Figure 2: Relevance (a) and clarity (b) ratings from our user study for each guideline group (y axis). The x axis of each plot
indicates the percentage of participants (n=4 for Survey, n=5 for Think aloud).

communication and adaptation (G5-G8) and collaborative strategy
development and coordination (G9, G12-G14). Current LLM-based
systems, however, rely on predefined workflows and static roles [17,
32, 41, 69], which fundamentally limits their flexibility. Established
organization-based MASs methodologies [6, 31, 38, 102] can help
bridge this gap, offering robust frameworks to structure teamwork,
formalize roles, responsibilities, and norms for human and LLM
agents. Research on dynamic team formation [5, 70, 77] and role
recognition [59] can inform team active collaboration processes,
and the implementation of LLM agents’ guidelines using team-
oriented prompting strategies (similar to Constitutional AI [7]).

Control and predictability of interactions. Our guidelines demand
cotrollable and predictable human-LLM agent teams able to break
down and scaffold tasks collaboratively (G9), to ensure transparent
execution though team situational awareness, and to course-correct
team members that stray from team goals (G15-G16). However, un-
like human collaboration, which relies onmutual accountability and
trust-building [48, 88], existing LLM agent orchestration uses re-
stricted interaction protocols and prompt-based message exchange
[42, 60, 78], making control over error propagation and hallucina-
tion difficult. To help address this gap, MAS exogenous regulation
mechanisms [2, 13, 18] could be employed to steer the weakly con-
trollable black-box LLM agents. This requires commitment-based
interactions [8, 19, 98] for justifiable task execution, and the use of
guards, sanctions, and rewards [3, 15, 25] to enforce organizational
or team norms. Complementarily, internal LLM reflection tech-
niques [93, 95] can evaluate alignment with team objectives, while
specialized agents monitor adherence to team norms. Open chal-
lenges remain in creating standardized, team-oriented interaction
protocols and ensuring LLM output correctness.

Continuous evolution over time. Our guidelines require human-
LLM agent teams engineered for continuous evolution, supporting
regular output reassessment (G10-G11), evolving knowledge by
providing and learning from feedback (G19-G20), and considering
human well-being and (inter)personal team dynamics (G22-G24).

Current LLM agents, however, lack adaptability for real-time align-
ment and continuous learning and feedback [93]. Research on task
allocation and coordination [34, 84, 86, 87] and multi-agent rein-
forcement learning [14, 76] can provide the necessary foundation
for continuous adaptation and structured feedback loops. A major
open challenge is the emerging evidence of LLM addictive potential
[73, 100], which along with human factors such as age, AI liter-
acy or affinity to technology [54, 56, 82] will affect the long-term
well-being of humans as part of such teams.

Limitations and Future Work. (1) Expert feedback from our user
study confirmed the clarity and relevance of our guidelines, but
also suggested potential limitations on their scope and applicability.
The teaming lens was perceived as more appropriate in workplace
settings than consumer-facing scenarios. Additional work is needed
to assess the usability of our guidelines outside workplace settings.
(2) Our guidelines represent a starting point and still require evalu-
ation and adaptation in real-world organizational contexts. Future
work should ground these guidelines in existing organizational
practices and account for context-specific regulatory landscapes,
such as the AI Act in the European Union. (3) Our search crite-
ria limited the systematic literature review to academic literature.
While some of the reviewed papers discuss findings from industry
settings (e.g. [68, 89]), we did not use blog posts of industry releases
to inform our guidelines. Future research could extend our guide-
lines by incorporating those. (4) Throughout our user studies, we
involved a total of 25 human-AI teaming experts currently based in
academic institutions. While their expertise is varied, the sample
size is limited. Future research should involve additional experts,
including industry practitioners.
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