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Abstract 
This study investigates how the integration of a 

task-specific responsive GenAI agent influences team 
role distribution and task execution. Building on 
collaboration and role theory, we conducted a 
qualitative experiment with six student teams, 
comparing experimental groups with AI access and 
control groups working with search engines. The 
results show that the effectiveness of GenAI depends on 
how critically and collaboratively teams engage with 
it. Teams that over-relied on AI - either due to 
uncertainty or lack of initiative - produced weaker 
outcomes than control groups, whereas those who 
challenged and contextualized AI outputs achieved 
higher performance. Furthermore, the presence of 
GenAI altered team role dynamics, prompting 
reallocation and adaptation of human responsibilities. 
Our findings contribute to the emerging field of 
Human-AI collaboration by exploring early-stage 
interactions and behavior towards AI in team settings. 
The study underscores the importance of role clarity 
and critical engagement for maximizing AI’s potential, 
and aims to contribute to building a continuum of 
understanding of Human-AI teaming. 

 
Keywords: Human-AI Collaboration, Generative AI, 
Human-AI Teaming, Team Roles, Task Performance 

1. Introduction  

As organizations increasingly integrate Generative 
AI (GenAI) systems, tools like ChatGPT have gained 
widespread use in individual contexts. Their 
application within team settings remains relatively 
unexplored - and holds significant potential for 

organizations seeking to enhance collaboration 
systems, challenging how teams interact, allocate 
responsibilities, and perform tasks. Human-AI 
collaboration refers to the synergistic interaction 
between human intelligence and AI systems, where 
both contribute their unique strengths (Seeber et al. 
2019; Siemon et al. 2020). This research field enters at 
the convergence of two emerging fields: the growing 
recognition of team efficacy facilitated by leveraging 
strengths-based role frameworks, and the prospects 
from the integration of AI technologies. Literature 
differentiates the autonomy levels of AI agents. In 
human-automation teaming, technological systems 
operate under human supervision and execute tasks 
only when explicitly directed, reflecting a hierarchical 
relationship where the human retains control (McNeese 
et al. 2019). In contrast, human-autonomy teaming 
involves systems that possess a higher level of 
independence, allowing them to make decisions and act 
without direct human oversight (Schmutz et al. 2024). 

The paper addresses unresolved questions in the 
field of human-AI collaboration, including how teams 
perceive and behave in response to AI integration 
(Budhwar et al. 2022), how responsibilities are 
distributed and assumed between human and machine 
agents (Siemon 2022), and what drives tendencies to 
over-rely on AI systems (Seeber et al. 2019 p.8). 
Hence, we pose the following research question: How 
does GenAI integration affect team role distribution 
and task performance in team settings?  

To answer this question, we employed a qualitative 
experimental design using a task-specific GPT model. 
While the agent used in this study had limited 
autonomy in the team setting, the dynamics observed 
offer preliminary insights into how such systems might 
integrate in more interactive or co-equal team settings, 
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as described in the literature on human-autonomy 
teaming (Lyons et al. 2021; Schmutz et al. 2024). The 
study analyzed multi-facetted interactions between 
human participants and the GenAI agent during a 
structured team task. Results reveal that the addition of 
GenAI presents a dynamic that influences teams' 
strategies and behavior. 

We found that AI can enhance team performance 
when its contributions are critically reflected upon, but 
it may disrupt collaboration and lead to suboptimal 
outcomes when engaged uncritically. These findings 
underscore the importance of establishing clear role 
expectations and adaptive integration strategies in 
hybrid teams. Our study contributes to the emerging 
field of Human-AI collaboration by examining 
early-stage team interactions with GenAI and 
highlighting the significance of role clarity and critical 
engagement. In doing so, it seeks to advance a 
continuum of understanding around Human-AI 
teaming and its implications for future organizational 
practice. 

2. Theoretical Background.  

2.1 Roles in Team Dynamics 

Team Roles significantly shape interactions, guide 
expectations, and influence team dynamics, directly 
impacting performance and outcomes (Belbin 2000; 
Siemon et al. 2020). They also establish accountability, 
as members are aware of their specific responsibilities 
and those of their peers. 

Belbin’s (2000) framework of role archetypes 
captures “contribution patterns” (p.3) that represent 
characteristic strengths as well as (allowable) 
weaknesses. These profiles foster identification and 
clarity on the expected behavior of a role. The nine 
roles can be categorized into action-oriented, 
people-oriented and thought-oriented dimensions 
(Siemon 2022) and offers a practical, behavior-based 
approach to understanding team dynamics. 

Nair and Rani (2020) extend this understanding by 
proposing a new conceptual model of team roles that 
integrates existing frameworks and addresses their 
limitations by proposing a new conceptual model that 
integrates the Belbin Team Roles with the Big Five 
personality framework — comprising Openness, 
Conscientiousness, Extraversion, Agreeableness, and 
Neuroticism (Mathieu et al. 2014). These five factors 
have been shown to be related to various aspects of 
team performance and behavior (Mathieu et al. 2014; 
Salas et al. 2005). This integrated model suggests that 

Belbin Team Roles can be mapped to underlying 
personality traits, aligning team roles with individual 
dispositions. Understanding these roles as inputs rather 
than static assignments enhances team effectiveness, 
ensuring that members' contributions align with their 
natural strengths (Nair & Rani 2020). Roles are 
inherently dynamic, evolving as team processes adapt 
to shifting demands, providing both stability and 
flexibility (Sundstrom et al. 1990). They can be 
assigned explicitly (e.g., through leadership 
designation) or emerge organically through team 
interactions (Driskell et al. 2017; Nair and Rani 2020). 
As team members collaborate, they may discover new 
strengths and preferences, leading to a natural 
reassignment of roles. Fixed roles provide structure but 
may restrict flexibility, while emergent roles allow 
adaptability but need to be supported by clarity and 
accountability. While identification with a role is 
important for culture and performance (Salas et al. 
2014), self-reporting as a method for measuring team 
roles often reveals discrepancies between how 
individuals perceive their own roles and how others 
perceive them (Belbin, 2000 p.4). 

Effective team performance is often linked to 
clear, complementary roles (Belbin 2000; Kozlowski & 
Ilgen 2006). Teams with diverse but well-defined roles 
achieve balanced decision-making and 
problem-solving, while those with ambiguous or 
overlapping roles experience confusion and conflict 
(Siemon et al. 2020). This underscores the value of 
understanding both explicit and implicit role-taking in 
teams, which is critical for fostering a positive team 
environment (Salas et al. 2014; Wang 2018; 
Bonebright 2010).  

2.2 Integrating AI in Teams 

AI models can be adapted and designed to assume 
different role profiles and deliver context-specific  
contributions within teams (Siemon et al. 2020). 
GenAI tools (like ChatGPT and Gemini) demonstrate 
advanced capabilities in text generation, question 
answering, and problem-solving (Yu et al. 2023). 
Improvements in contextual understanding and 
machine learning techniques (Franceschelli & 
Musolesi 2023) make them increasingly versatile assets 
in team settings. 

The integration of AI agents into team 
environments represents a significant shift, evolving 
from a passive tool performing predefined tasks to a 
co-equal collaborator to achieve shared objectives 
(Flathmann et al. 2023; Lyons et al. 2021). As AI 
systems become more autonomous, the complexity of 
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hybrid teamwork rises, posing challenges in 
maintaining team cognition, increasing performance 
potentials (McNeese et al. 2021) and broadening the 
spectrum of responsibilities and contributions AI 
agents can assume. Human perceptions and reactions to 
these agents are differing based on if they contribute 
actively or responsive, higher autonomy levels can 
intimidate humans and build resistance to collaborate 
with agents (Goutier et al. 2024). 

The organisational and psychological disruptions 
of active and responsive AI integration call for several 
managerial implications, challenging strategy and 
leadership to proactively navigate complexity and build 
capabilities and coordination (Raftopoulos 2024). 
Siemon (2022) emphasizes that AI must be designed to 
consistently meet user expectations to avoid 
undermining team effectiveness. Establishing clear role 
boundaries for AI is therefore essential—consistency in 
behavior and contribution is more critical than 
endowing AI with a wide array of capabilities. Instead, 
AI should be developed to complement human 
strengths and support team cohesion (Siemon 2022). 

The integration of AI agents into team settings 
challenges traditional team theory, which has 
predominantly focused on human-only teams (Siemon 
2022). These new dynamics can negatively affect key 
team processes such as coordination, communication, 
and trust, factors essential to team performance 
(McNeese et al. 2019). Notably, trust in AI tends to be 
lower than trust in human team members (Schmutz et 
al. 2024) and can quickly deteriorate if the system is 
perceived as unreliable or biased, emphasizing the need 
for transparency in decision-making, especially of 
autonomous AI agents  (Zhang et al. 2023). An 
overreliance on the other end may occur when users 
place excessive trust in AI outputs without conducting 
critical evaluations, potentially resulting in suboptimal 
decision-making and diminished team performance 
(Seeber et al. 2019). Scholars have expressed concerns 
about a growing dependence on AI, as it may hinder 
critical thinking skills and stifle creativity (Boo et al. 
2025). 

The effectiveness of GenAI in teams hinges on 
several conditions: e.g. the quality and diversity of its 
training data, the trust and acceptance it receives from 
human team members, and the presence of 
organizational support mechanisms (Wang et al. 2023; 
Arslan et al. 2021). Moreover, GenAI must align with 
human cognitive processes and integrate smoothly into 
team dynamics, serving as a complement rather than a 
disruption (Andrews et al. 2022). To enable successful 
collaboration, organizations must adopt a structured 
approach to AI integration that clearly defines the roles 

and responsibilities of both human and AI agents, sets 
meaningful performance evaluation criteria, and 
ensures that AI supports rather than hinders human 
interaction (Seeber et al. 2019; Nyathani 2023). 

3. Methodology 

The study employs an experimental design, 
focusing on six teams of students enrolled in a Master’s 
program. The teams were tasked with collaborating on 
a strategic management case study, with four teams 
given access to a customized GenAI tool, operating 
with OpenAI’s GPT, while two teams used only 
traditional search engines (SE) that did not feature any 
AI technology. The GPT was supplied with all 
materials available to the teams (e.g. team charter, case 
study, tasks) and introduced to participants as an 
addition to the team, but with no formal instructions or 
training provided. The remaining circumstances and 
methods were consistent across all groups. The 
experiment took place in a classroom environment 
designed to simulate a collaborative workspace. This 
setup enabled a comparative analysis of team 
interactions with and without GenAI support.  

A total of 47 students enrolled in a Master’s 
program in the field of business administration were 
approached for participation, of which 20 students 
participated in the study, distributed across six groups, 
with each team comprising a mix of three to four 
participants, except for one team with only two human 
members due to last-minute cancellations. The 
selection ensured that participants had prior experience 
with strategic management topics and case studies. The 
grouping process aimed for team diversity in gender 
and nationality. Teams were assigned as experimental 
groups with access to AI (AI1; AI2; AI3; AI4) and 
control groups (Control1; Control2) randomly. During 
the registration process, participants indicated how 
comfortable they felt using GenAI on a scale from 1 
(low comfort) to 5 (high comfort). Besides one 
member in Control2, all participants indicated prior 
experience with GenAI tools, and all expressed 
medium to high comfort using AI tools. 

 
Table 1. Team Setting and Participants 

Team Member Gender Nationality AI Comfort 
Level (1 low - 
5 high) 

Control1 A f India 3 
B m Germany 4 
C m Egypt 4 

Control2 A f India 4 
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 B m England 3 
C f Germany 4 
D m Mexico 4 

AI1 A m Iran 4 
B f Mexico 5 
C m India 3 
D f Mexico 4 

AI2 A f Germany 4 
B m Iran 4 
C m Germany 5 
D m Germany 3 

AI3 A m Germany 5 
B m Germany 4 
C f Italy 4 

AI4 A f Pakistan 4 
B m Germany 3 

 
Each team worked on the same tasks: first, they 

developed a team charter, a document outlining their 
priorities, goals and communication rules as well as 
requiring the group to come up with a team name. This 
exercise promoted initial discussions and allowed 
teams to establish a foundation for their collaboration. 
The charter asked the team to rank the following on a 
Likert scale from 1 (low) to 5 (high): How trustworthy 
is the information provided by AI/the SE? Further, the 
team charter included an assignment of Belbin Team 
Roles. Without formal instruction, the framework was 
chosen due to its comprehensiveness. A method is 
implemented that applies Belbin's Team Roles to the 
case study tasks. Table 2 facilitates the establishment 
of a consolidated taxonomy for the present paper. 

 
Table 2. Belbin Team Roles behavior in experiment 

Orientation Belbin Team 
Role 

Behavior in the Experiment 

Action Shaper Influences discussions and 
dynamics 

Implementer Focuses on finding and 
realizing solutions 

Completer- 
Finisher 

Formulates and writes down 
final answers 

People Coordinator Facilitates discussions 
Teamworker Supports task fulfillment, 

cooperates where needed 
Resource 
Investigator 

Engages with the case study, AI 
and SE 

Thought Plant Often comes up with ideas 
Monitor- Evaluates different options with 

Evaluator a critical approach 
Specialist Delivers extensive knowledge  

 
Following the development of the team charter, 

teams worked on a case study in the field of 
international strategic management. Teams completed 
five tasks on the case study, designed to assess 
contextual understanding and problem-solving (T1), 
strategic reasoning (T2), analytical thinking (T3), 
structured analysis (T4), and strategic decision-making 
(T5). Both the team charter and the case study were 
completed using paper and pencil, while the GPT was 
provided on a laptop. This design allowed for a 
multifaceted observation of the task completion as well 
as establishing a performance evaluation basis. 

Our data collection was based on a mixed-methods 
approach, combining observations, interviews, and 
performance evaluations to capture a holistic picture of 
the teams’ collaboration. We conducted structured 
observations during all tasks, focusing on role 
distribution, AI integration, and interaction dynamics. 
Observers were present in the room to audio- and 
video-record the collaboration and to take notes using a 
predefined guideline. The analysis based on our 
observations is predominantly qualitative in nature, yet 
it also incorporates numerical comparisons, including 
the proportion of tasks that have been completed with 
the assistance of the GPT.  

Immediately following the experiment, individual, 
semi-structured interviews were conducted with each 
participant by one researcher. These interviews 
explored participants' experiences, their perception of 
GenAI as an addition to their team, and reflections on 
team dynamics. Every interview ended with an 
assessment of the participants' perception of 
trustworthiness (on a scale from 1 low to 5 high) in the 
GPT, as well as in their human team members. 
Interviews were audio-recorded, transcribed, and 
manually checked for accuracy. 

Performance was reviewed by an expert on the 
case study who was unaware of the experimental and 
control group distinctions, and assessed team 
performance using a standardized rubric. Teams were 
evaluated on completeness, quality, correctness, and 
relevance of their analysis and solutions, providing a 
quantitative measure of their success. They also 
received a point score for their case study answers. 

The collected data was analyzed using a 
comparative qualitative approach. We consolidated the 
information to gather and compare collaboration 
aspects (e.g. task strategies, AI usage, role distribution, 
team dynamics and performance) across control and 
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experimental groups, allowing us to interpret their 
impact on team processes and outcomes based on 
theoretical insights. 

4. Results  

4.1 Task Strategy and AI Integration  

Teams demonstrated diverse task strategies, 
significantly shaped by their approach to task 
allocation, time management, and the integration of AI. 
Two general approaches were observed: both control 
groups used a clear division among members, with 
each participant working on a specific task of the case 
study, ensuring individual accountability and effective 
time management. This approach resulted in extended 
periods of individual work, during which members 
were fulfilling the same functions (e.g. reading the text 
and generating the answer). In contrast, teams with AI 
all decided to complete the tasks within a group 
discussion, but created vastly different collaboration 
strategies and dynamics. AI4, despite - or due to - its 
smaller size, displayed strong coordination with 
well-defined roles, balancing group discussions with 
efficient task management. 

AI1, which prioritized speed, finished tasks faster 
with leftover time, while Control2 and AI2 took nearly 
the entire time. AI2 also discussed the potential bias of 
AI responses. During the team charter task they had 
planned to discuss their answers first, then consult AI 
and formulate a final answer together. Due to time 
constraints, they adapted their strategy to split into 
pairs and worked simultaneously on the rest of tasks. 
At this point, members independently interacted with 
the GPT and group discussions had to be minimized. 

AI3 struggled with efficiency, because their rigid 
role distribution (e.g., one member solely writing) led 
to workflow bottlenecks. AI3 and AI4 chose to utilize 
the GPT’s knowledge of the case study text as a 
starting point, instead of reading the whole text. 

AI and SE integration further distinguished group 
behaviors. Control teams used the SE more 
sporadically than experimental teams the AI. AI teams 
were using the SE solely to look up spelling (observed 
in teams AI3 and AI4) or not at all (AI1 and AI2). 
Table 3 focuses on the AI use of experimental groups, 
measured in prompts for task completion. We did not 
count in prompts that were sent on accident or failed 
prompts with no influence on the task execution (e.g. 
AI2 tried to set up a timer with the GPT). 

   
Table 3. Number of prompts used during tasks 

 AI1 AI2 AI3 AI4 
Team Charter 

Team name 1 3 1 2 
Communication 0 0 1 2 
Roles 2 1 0 2 
Trust 0 0 0 0 
Goals 0 0 2 1 

Case Study 
T1 0 4 2 3 
T2 0 3 2 1 
T3 2 4 4 1 
T4 1 1 3 3 
T5 0 1 2 1 
Total number of 
prompts 

6 17 17 16 

Total GPT usage % 40% 70% 80% 90% 
 

AI3 consistently integrated AI throughout the case 
study tasks but focused on prompting the GPT to 
generate short answers, tending to adopt them without 
thorough examination. AI1 was the only team to 
include the GPT for selective tasks, resorting to its 
responses when confronted with uncertainty regarding 
progression. Interviews showed that AI1 members 
were keen to avoid placing too much reliance on AI. 
For this reason, they also answered tasks 
independently. However, when using the GPT, they 
adapted its answer without critical refinement. In 
contrast, Team AI4 reviewed and adapted the AI’s 
suggestions, particularly during the structured analysis 
(T4), where they critically assessed the relevance of 
AI-generated answers. 

The handling of AI integration not only affected 
task outcomes but also highlighted differences in team 
communication, strategy, and adaptability. Across all 
experimental groups AI was used to generate ideas for 
team names, gather additional information about 
Belbin Team Roles, and support analytical thinking 
(T3) and structured analysis (T4) in the case study. 

4.2 Distribution of Roles  

We examined role distribution along two 
dimensions: first, the initial allocation of roles during 
the team charter development phase, and second, the 
roles that emerged through members' actual behavior 
during the case study task. While teams assigned 
Belbin Team Roles under time constraints and with 
limited information, the observational analysis enabled 
us to assess the extent to which these predefined roles 
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aligned with participants’ real-time actions. Drawing 
on Belbin’s framework, we systematically matched 
observed behavior to role profiles. Table 4 presents a 
comparative overview of each team’s role allocation 
and actual role enactment, highlighting the primary 
roles performed by members as identified through our 
observational method (see Table 2). 

 
Table 4. Role assignment vs behavior 

Team Mem- 
ber 

Belbin Team Role(s) 
assigned 

Belbin Team Role(s) 
observed 

Con-​
trol1 

A Specialist; 
Implementer 

Plant; Implementer 

B Specialist; 
Completer-Finisher 

Specialist; Resource 
Investigator 

C Resource 
Investigator; 
Coordinator 

Coordinator  

Con-​
trol2 

A Monitor-Evaluator; 
Teamworker   

Monitor-Evaluator 

B Plant; Shaper; 
Implementer 

Resource Investigator; 
Specialist 

C Coordinator; 
Completer-Finisher 

Coordinator; 
Completer-Finisher 

D Teamworker; 
Implementer 

Teamworker; 
Implementer 

AI1 A Monitor-Evaluator; 
Implementer; 
Teamworker 

Completer-Finisher; 
Resource Investigator 

B Shaper; Resource 
Investigator; 
Teamworker 

Monitor-Evaluator; 
Teamworker 

C Coordinator; 
Completer-Finisher; 
Teamworker 

Specialist; Plant 

D Specialist; Plant; 
Teamworker 

Teamworker; 
Coordinator  

GPT - Resource Investigator; 
Specialist 

AI2 A Shaper; Plant Coordinator; 
Monitor-Evaluator 

B Teamworker; 
Implementer 

Plant; Shaper 

C Plant; 
Monitor-Evaluator 

Plant; Shaper 

D Teamworker; 
Implementer 

Teamworker; 
Implementer 

GPT Resource 
Investigator; 
Coordinator; Shaper 

Resource Investigator; 
Specialist 

AI3 A Coordinator; 
Teamworker 

Coordinator 

B Specialist;  
Teamworker 

Resource Investigator 

C Specialist; 
Teamworker 

Completer-Finisher 

GPT Resource 
Investigator 

Resource Investigator; 
Specialist 

AI4 A Completer-Finisher; 
Coordinator 

Coordinator; Resource 
Investigator 

B Completer-Finisher; 
Resource 
Investigator 

Monitor-Evaluator; 
Completer-Finisher 

GPT - Resource Investigator; 
Specialist 

 
Control1 exhibited a straightforward allocation 

process without external input, relying on members' 
self-assessments. Control2 adopted the SE for 
clarification on the Belbin framework, while all 
experimental groups utilized the GPT to gather 
additional information about Belbin Team Roles before 
finalizing their role assignments.We found that control 
groups generally maintained more consistent role 
execution, with members tending to operate within 
their designated roles. In contrast, experimental groups 
demonstrated greater role flexibility and different 
needs due to their task strategy and AI addition.  

AI2 and AI3 demonstrated an active involvement 
of the GPT in their team charter role assignment, in 
both cases as a Resource Investigator. Throughout all 
AI teams, the GPT consistently functioned as a 
Specialist, providing task-specific information and a 
Resource Investigator, drawing from the case study 
material. Teams also used the GPT for ideation in 
smaller capacity, e.g. for finding team names, which 
matches the Plant role. 

Teams emphasized task execution over strict role 
differentiation and adherence. In AI3, Member B 
mainly assumed the role of a Resource Investigator, 
thereby prompting the GPT. Conversely, Member C 
concentrated on the task of completion as a 
Completer-Finisher. The function of Member A was 
predominantly that of a coordinator, acting as an 
intermediary between the other two members. This 
rigid delineation of roles resulted in Member C being 
compelled to hasten their completion, while the other 
members had already concluded their respective tasks. 
An imbalance in workload was also observed in team 
AI1. However, in this case, it was attributed to the 
presence of strong role fluidity, whereby members 
unexpectedly assumed multiple and overlapping roles, 
with Member A completing tasks independently 
towards the end of the project as a Resource 
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Investigator and Completer-Finisher. Members of AI2 
displayed strong Shaper characteristics, balanced with 
Monitor-Evaluator behavior, critiquing and 
synthesising ideas, and adequate support from 
Teamworker and Coordinator roles. Following the 
modification of the task strategy, there was greater 
fluidity in role distribution. However, members 
remained steadfast in their fulfilment of established 
roles. 

AI4 allocated one team member as Coordinator, 
one as Resource Investigator, and both as 
Completer-Finishers, choosing their roles according to 
the demands of the task. We have observed that the 
designated coordinator was in charge of prompting the 
GPT and the Resource Investigator mainly 
counter-checking GPT results in the case study, 
additionally functioning as a Monitor-Evaluator. They 
both shared and discussed their respective results and 
agreed on their final answers. 

4.3 Performance Review  

The performance of each group was evaluated 
using two primary metrics: their case study answers 
and a grading rubric, assessing overall completeness, 
quality, correctness, and relevance. Combining the 
achieved percentage of both metrics, teams performed 
between 64% and 81%, with no outstandingly high or 
low scores. While the range reflects a consistent ability 
to achieve satisfactory results but also reveals shared 
weaknesses in control and experimental groups. 
Answers were often fragmented and lacked clear 
logical connections. They also showed limited strategic 
depth and theoretical grounding. Common issues 
included the lack of integration of supporting data, 
incomplete explanations, and a tendency to focus on 
isolated elements without forming a cohesive narrative. 

 
Table 5. Team Performance from highest to lowest 

relative scoring 
Indi- 
cator 

Max. AI4 AI2 Con- 
trol 2 

Con- 
trol 1 

AI1 AI3 

Case Study 

T1 4 3 3 4 4 4 3 
T2 4 2 3 3 2 2 2 
T3 4 3 3 3 3 2 1 
T4 12 10 9 6 6 5 7 
T5 8 6 4 4 4 4 4 
Total 32 24 22 20 19 17 17 
% 100 75 69 63 59 53 53 

Grading Rubric 

Complete-
ness 

10 9 9 9 8 8 7 

Quality 10 8 8 8 7 7 7 

Correct- 
ness 

10 9 9 9 8 8 8 

Relevance 10 9 8 9 7 8 8 

Total 40 35 34 35 30 31 30 

% 100 88 85 88 75 78 75 

Combined 
% 

100 81 77 75 67 65 64 

 
The performance analysis reveals a notable 

divergence among experimental groups, which 
included both the highest-performing and 
lowest-performing teams. AI4 achieved the highest 
overall score demonstrating effective use of AI to 
enhance answer quality and maintain a clear, strategic 
approach. AI2 also ranked highly leveraging the GPT 
for idea generation and maintaining strong teamwork 
dynamics. In contrast, AI1 and AI3 recorded the lowest 
scores. Despite access to AI, their reliance on it 
appeared to hinder critical thinking, leading to 
incomplete explanations and a failure to integrate 
theoretical concepts effectively. 

4.4 Team Behavior and Trust Dynamics  

Across all teams, the collaborative environment 
was generally positive, marked by mutual respect, 
active listening, and shared decision-making. 
Participants consistently described their group 
experiences as supportive, with many appreciating the 
opportunity to exchange ideas and work together. The 
presence of AI  added an additional layer to group 
dynamics, with participants in experimental groups 
expressing a mix of curiosity and skepticism.  

Initial trust in AI of experimental teams was 
recorded during the team charter development, where 
teams ranked their perceived trustworthiness of AI. 
Teams consistently rated the trustworthiness of AI at a 
balanced 3, indicating moderate skepticism about the 
reliability of information from these sources. This 
reflects a cautious approach, with participants 
recognizing the importance of critically evaluating AI 
outputs. 
 

Table 6. Trust in AI-teams (1 low - 5 high) 

Page 5508



 Common trust 
in AI (as 
discussed in the 
team charter) 

Average trust in 
AI (indicated 
individually in 
interviews) 

Average trust in 
humans 
(indicated 
individually in 
interviews) 

AI1 3 3.25 (3;4;3;3) 4.00 (5;3;5;3) 

AI2 3 4.00 (4;4;4;4) 4.13 (4.5;4;4;4) 

AI3 3 4.00 (4;4;4) 3.33 (3;3;4) 

AI4 3 3.75 (3.5;4) 4.5 (4;5) 

 
In the post-collaboration interviews participants 

indicated their personal trust in AI and humans, 
reflecting on the experience. Individual trust in AI was 
consistently ranked between 3 and 4, resulting in 
increased trust levels compared to the team charter. In 
most teams, trust in human team members was 
consistently rated higher than trust in AI. AI3 was a 
notable outlier in that domain, displaying the lowest 
average trust in human team members (3.33) while 
maintaining relatively high trust in AI (4.00). This 
aligns with their fragmented teamwork and low 
performance, where over-reliance on AI replaced 
critical discussion among members. In contrast, AI4 
maintained high trust in both AI and human team 
members, reflecting a balanced, effective use of AI that 
complemented strong human collaboration. This 
balance is supported by their strong performance and 
positive teamwork feedback. Across all teams, 
members expressed acknowledgement for the 
contribution of all team members, including the GPT in 
experimental groups. 

Team dynamics can also be seen in the 
communication rules and goal-setting approaches, as 
established in the team charters. All groups shared a 
commitment to maintaining respectful communication, 
emphasizing collaboration and quality output as core 
goals. Most groups also emphasized time management, 
recognizing the importance of staying organized and 
meeting deadlines. Even though their strategies 
differed, every group aimed to balance teamwork, clear 
communication, and quality results, reflecting a 
collective understanding of effective group dynamics. 
Goals of AI2 and AI3 showcased an awareness of AI 
integration, while AI1 and AI4 did not incorporate AI 
specific goals and rules. AI2’s goals show a strong 
focus on keeping bias in mind when integrating AI, 
while allowing open discussion and creating a positive 
environment. In AI3 AI integration was a clear part of 
their communication pattern. The incorporation of AI 
into their frameworks indicates a recognition of the 

AI’s potential to influence team dynamics and 
outcomes. 

5. Discussion  

The stark contrast of performance within the 
experimental groups shows that the use of AI alone did 
not guarantee better results compared to control 
groups. We found that teams who challenged AI 
outputs were the most successful, while teams that did 
not engage critically fell behind control groups 
performance. While the GPT enhanced productivity, its 
effectiveness was limited if teams failed to validate and 
build upon its suggestions. 

AI1 and AI3 displayed different patterns of 
overreliance on AI, which both resulted in superficial 
solutions that lacked depth and critical thinking. AI3, 
for instance, demonstrated a notable imbalance 
between human and AI contributions, with members 
rarely challenging the AI’s suggestions. Such passivity 
hindered the development of a robust problem-solving 
process and led to subpar performance. Team AI1’s 
strategy to engage the GPT in situations of uncertainty 
has resulted in a significant reliance on the GPT's 
output. The dynamics observed in these weaker 
performing teams underscore the necessity of 
cultivating a discerning awareness of and aptitude to 
question, refine, and contextualize AI-generated 
content (Arslan et  al. 2021) as well as proactive 
leadership and strategic foresight (Raftopoulos 2024).   

Weaker performing teams also exhibited unclear 
role distribution, with one member tending to be 
overworked (e.g. in AI1 due to AI interaction and 
writing; in AI3 by writing everything alone), while 
others remained inactive. A notable strength of team 
AI4 was their streamlined process, combining rapid AI 
output with human quality control. This approach was 
found to be effective in leveraging the complementary 
strengths of human-AI collaboration in creative 
endeavors (Boo et al. 2025). The team also 
demonstrated clear role distribution, adapting Belbin’s 
framework to their needs and showed the highest trust 
among human members post-collaboration. This 
mirrors the findings of Salas et al. (2014), who 
emphasize that clear roles and trust are foundational to 
team performance. The AI was used primarily for 
generating specific answers (Specialist role), drawing 
information from the case study (Resource Investigator 
role), while in some cases (e.g. group name selection), 
it participated more actively in idea generation (Plant 
role). This variability aligns with Siemon’s (2022) view 
of GenAI as a flexible team member, capable of 
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assuming different roles based on team needs and 
rather adding to human roles instead of replacing them. 

In the control groups, participants naturally 
adopted a strategy of dividing tasks to enhance 
efficiency. In contrast, the experimental groups aimed 
to collaborate on all aspects of the task, seeking to 
increase efficiency through the integration of GPT. 
This shift suggests that the presence of the AI agent 
influenced team dynamics and strategy. Notably, Team 
AI2 demonstrated a strong emphasis on psychological 
safety, explicitly addressing potential bias and fostering 
open dialogue in their team charter. 

All teams operated under time constraints and 
limited opportunities for collaboration, which likely 
influenced both their teamwork behavior and their 
approach to integrating AI. Although participants 
reported medium to high levels of comfort with AI 
prior to the study, none had prior experience 
collaborating with AI in team settings—their previous 
interactions were limited to one-on-one use. This 
unfamiliarity may explain the relatively superficial 
application of GPT, as teams did not fully utilize its 
potential within the group context. 

6. Conclusion 

Our findings indicate that the mere presence of AI 
does not inherently enhance performance; instead, its 
effectiveness depends on how critically and 
strategically teams engage with it. High-performing 
teams actively evaluated and refined AI outputs, while 
lower performing teams over-relied on the GPT and 
failed to challenge or contextualize its output. The 
observed overreliance on GenAI stemmed from two 
distinct motives: 1. a lack of confidence or initiative 
among team members, leading to passive acceptance of 
AI outputs (as seen in AI3), and 2. a strategic tendency 
to delegate complex or uncertain tasks to the AI 
without sufficient critical engagement (as in AI1). Both 
teams also exhibited ineffective role patterns, 
distributing their workload unevenly. These outcomes 
underscore the importance of integrating GenAI in 
ways that uphold critical thinking, balanced 
participation, and clearly defined roles to guide 
expectations and responsibilities.  

The study has several limitations. The restriction 
to a single model of a responsive GenAI agent 
(ChatGPT) does not fully capture the complexities of 
human-autonomy teaming and limits the applicability 
of findings to other AI technologies. Additionally, the 
small sample size, short duration of team interactions, 
and reliance on qualitative observation may introduce 
subjective bias. Since the experiment was conducted in 

an educational context with student teams, 
generalizability to professional or corporate team 
environments remains limited. 

Nonetheless, the observed team behaviors and role 
adaptations in response to GenAI’s contributions offer 
valuable insights into emerging interaction patterns that 
may become more pronounced as AI systems gain 
autonomy. Therefore, this study contributes to the 
foundational understanding of human-AI teaming by 
examining early-stage, tool-mediated collaboration in a 
team setting. Future research could explore further 
interplay of performance and applied management 
theory in team settings. 
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