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Executive Summary Experimental Setup Experimental Results

Objective: Examine how Al settings affect user trust
and model trust dynamics.

Method: Three participants interacted with 18 Al
chatbot conditions created by combining different
styles, temperature levels, and top-p values. After each
interaction, they completed a Trust in Al questionnaire.

Results: Trust varied across the Al models. Al 10 and Al
12 produced the highest trust scores, while Al 7 and Al
9 showed the lowest. Cognitive trust was generally
higher than affective trust.

Interpretation: Trust is shaped by Al communication
style and response settings and changes over time.

Conclusion: Al parameter settings influence trust in
human-Al collaboration.

Practical Implication: These results can help guide the
design of Al systems that foster stronger, more reliable
user trust.

Background

Human-Al Teaming:

* Human-Al teaming is becoming more common in
work and learning environments.

* Trust plays a key role in whether people accept and
rely on Al systems.

* Al communication style and response settings may
shape user trust differently.

Why model trust:

= Trust changes over time rather than remaining
fixed.

P Different Al behaviors can increase or reduce
e)  trust.

~2 Modeling trust helps predict user response under
nllli  different conditions.

Research Questions:

* How do Al communication style, temperature,
and top-p influence users’ trust in human-Al
collaboration?

 How can trust patterns observed in user
interactions be modeled through agent-based
simulation?

Parameters: Table 1: Configurations of 18 Al Models
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Al Chatbot Development: o 015 s e,

e Style = 2 (Task and Social).
 Temperature =3 (0.2, 0.5, and 0.8).
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Participants. Three male participants
took part in this pilot study.

Figure 1: Various parameter settings affecting response variability.

Study Protocol:

e Recruit 3 male participants for the pilot study.

* Create 18 chatbot conditions using 2 styles, 3 temperature levels, and 3 top-p levels.

 Have each participant interact with the chatbot under each condition.
 Administer a 4-item Trust in Al questionnaire after each task.

* Record responses on a 7-point Likert scale and compute trust scores.

e Use the trust scores as inputs for the AnyLogic agent-based simulation.

Table 2: Trust in Al questionnaire items and 7-point response scale.

Response Scalel to 7 (1 = Strongly
Disagree, 7 = Strongly Agree)

Item # Questionnaire Item (Exact Wording)

1|The Al's answer for this task seems accurate and reliable.

2 | The Al seems knowledgeable and capable for this type of task.

3|1 feel | can predict how the Al will perform on tasks like this.

4|1 would feel comfortable depending on the Al’'s judgment for this task.

Table 3: Sample data structure for participant responses and computed trust scores across parameter settings.

participant_id task id style temperature top_p item1 item2 item3 item4 trust_score
P1 1 task 0.2 0.3 4 6 6 4 66.7
P1 2 task 0.2 0.7 4 7 3 5 62.5
P1 3 task 0.2 1 6 4 4 4 58.3
P1 4 task 0.5 0.3 6 4 4 4 58.3
P1 5 task 0.5 0.7 6 6 5 5 75

Agent-Based Simulation in AnylLogic:
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Figure 2: AnyLogic agent-based simulation showing the distribution of trust states in the population, with most
agents in the high-trust category.
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Figure 4: Positive relationship between
cognitive and affective trust across Al
models. Al 10 shows the highest trust,

while Al 7 and Al 9 show the lowest.

Figure 3: Mean trust scores across the 18 Al models. Al 10 and Al
12 had the highest trust (92.759), while Al 9 had the lowest
(56.498), indicating that parameter settings affected user trust.
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Figure 6: Cognitive trust is consistently higher than
affective trust across all Al models, with the highest
scores observed for Al 10 and Al 12.

Figure 5: Trust scores across interactions for all Al
models. Trust rises after the initial phase and responds to
news shocks.

* Al communication style, temperature, and top-p influenced user trust in human-Al
collaboration.

* Trust differed across the 18 Al models, suggesting that parameter settings play an
important role in shaping user perceptions.

Al 10 and Al 12 had the highest mean trust scores, while Al 7 and Al 9 had the
lowest.

* Cognitive trust remained higher than affective trust across all models, with a clear
positive relationship between the two trust dimensions.

* Limitation: This pilot study included only 3 male participants, limiting the
generalizability of the findings.

* Future research: Future studies should include larger and more diverse participant
groups, additional task types, and broader Al parameter combinations to further
validate the trust model and simulation results.
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