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Introduction

The current state of artificial intelligence (AI) technology 
has led researchers to explore the potential for AI to operate 
alongside humans as teammates. As a teammate, one of the 
core affordances provided by AI, as opposed to human team-
mates, is its ability to constantly sense and interpret copious 
amounts of information surrounding the team (Fui-Hoon 
Nah et al., 2023). Indeed, AI teammates can process signifi-
cantly more data than their human counterparts, enabling 
them to assess a team’s environment and make critical deci-
sions rapidly (Westby & Riedl, 2023). However, beyond 
their decision-making, AI teammates are also in a position to 
actively use this information to support their human team-
mates’ team cognition through contributions to situational 
awareness and decision-making. Indeed, whether it is pro-
moting situational awareness, performing backup behaviors, 
or explaining a team’s current environment, AI teammates 
present numerous ways to utilize their information-gathering 
and sharing capabilities to benefit teamwork. As human-AI 
teams become more prevalent, examining the trust between 
the two partners is crucial to ensure that the teamwork is 
beneficial.

One construct within the broader context of emergent 
states in teaming that is crucial for enabling AI teammates to 
contribute to teaming is trust, defined as one party’s 

willingness to expose themselves to the actions of another 
(Mayer et  al., 1995). If AI teammates are ever going to 
become effective contributors to team cognition constructs, 
such as team or shared situation awareness, shared mental 
models, and transactive memory systems, then humans must 
trust the contributions they are actively providing. This need 
stems from trust influencing teammates’ perception of one 
another and impacting how humans act upon AI insights 
(Choung et al., 2023). If humans do not trust AI, they may 
dismiss valuable suggestions, which could be detrimental to 
team performance (Parasuraman & Riley, 1997). On the 
other hand, over-trust in AI can lead to overreliance, reduced 
performance, and a lack of accountability, among other detri-
ments. As such, it is essential to understand the trust dynam-
ics among human-AI teams to ensure optimal team 
performance. Ensuring optimal performance involves prop-
erly calibrating trust in the information-sharing AI team-
mates engage in to contribute to team cognition.

1367726 PROXXX10.1177/10711813251367726Proceedings of the Human Factors and Ergonomics Society Annual MeetingSchelble et al.
research-article20252025

1The University of Tennessee, Knoxville, USA
2Clemson University, SC, USA

Corresponding Author:
Beau G. Schelble, Industrial & Systems Engineering, The University 
of Tennessee, Knoxville, 515 John Tickle Building, 851 Neyland Dr, 
Knoxville, TN 37996, USA. 
Email: bschelbl@utk.edu

Examining the Role of AI Information-
Sharing on Trust in Human-AI Teams

Beau G. Schelble1 , Gracyn Filer1, Christopher Flathmann2 , 
and Kapil Chalil Madathil2

Abstract
Creating reliable human-AI teams with strong team cognition requires a deeper understanding of how humans perceive 
and react to various information-sharing tactics employed by an AI teammate. The current study details a factorial survey 
investigating how participants’ trust in their AI and human teammates changes across various forms of AI information sharing. 
These information-sharing attributes included backup behavior, explainability, team member statuses, intra- and extra-team 
changes, augmenting team memory, and control. The study found that participants’ trust in their AI teammate benefited 
most from information about changes inside and outside the team, but all conditions outperformed the control. Further, the 
back-up behavior information negatively affected the participants’ trust in their human teammate as the AI corrected the 
human teammates’ actions. These findings demonstrate the utility of a specific form of situation awareness information, while 
highlighting that corrective back-up behavior information from an AI may harm perceptions between human teammates.

Keywords
trust, human-AI teaming, situation awareness, information sharing, team cognition

https://journals.sagepub.com/home/pro
mailto:bschelbl@utk.edu
http://crossmark.crossref.org/dialog/?doi=10.1177%2F10711813251367726&domain=pdf&date_stamp=2025-09-03


2	 Proceedings of the Human Factors and Ergonomics Society Annual Meeting

Information-sharing is the cornerstone of team cognition 
development (Cannon-Bowers et  al., 1993; Cooke et  al., 
2013), and AI teammates possess technical advantages that 
can support and advance team cognition in novel ways. AI 
teammates also generate numerous additional team cognition 
and informational needs for effective operation and coordi-
nation, introducing concepts such as AI transparency and 
explainability (Endsley, 2023; Mercado et  al., 2016). This 
need is especially critical when examining AI contributions 
to team cognition constructs. However, very little existing 
literature explicitly examines how different forms of infor-
mation-sharing by an AI teammate affect trust within the 
human-AI team. Given the known differences between 
human-AI and human-only teams (Schelble et al., 2022), it is 
necessary to investigate how these differences manifest to 
develop more robust and effective collaborative AI systems. 
As such, the current study is motivated to address the follow-
ing research questions (RQs):

RQ1: Do specific types of information that an AI team-
mate shares affect humans’ trust in it?
RQ2: Can specific forms of information-sharing made by 
an AI teammate affect trust between human teammates?
RQ3: Does an AI teammate’s interpretation of the infor-
mation it shares affect trust within a human-AI team?

Examining the above RQs will contribute to the field of 
human factors and human-AI teaming in three ways. First, 
the study provides the first evaluation of how different infor-
mation-sharing strategies influence humans’ dispositional 
trust in their AI teammate. This emphasis thus enables a 
deeper understanding of the pros and cons of developing AI 
to contribute to specific concepts within team cognition. 
Second, studying the effect of AI statements on humans’ dis-
positional trust in their fellow human teammates extends the 
field’s understanding of how AI teammates can influence 
perceptions between human teammates. Third, the study 
advances the concept of AI teammates making active contri-
butions to teamwork through interpretation and direction, 
positioning AI to contribute to leadership, which is a budding 
area of human-AI teaming research.

Background

Ensuring the effectiveness of information-sharing within 
human-AI teams for team cognition requires the intelligent 
design of AI teammates. Team cognition is an umbrella term 
for an emergent state describing the collective cognition 
shared among all team members (Cooke et  al., 2013; 
Mohammed et al., 2017). Team cognition encompasses well-
known constructs, such as shared/team situation awareness, 
shared mental models, and transactive memory systems, all 
constructs that human-AI teams struggle to develop (Endsley, 
2023). Developing AI that can leverage its unique advan-
tages to contribute toward, advance, and support team 

cognition is likely necessary to address the shortcomings in 
these constructs that human-AI teams currently face. As 
such, developing AI to engage in information-sharing that 
makes these contributions is a potential avenue, as demon-
strated in prior AI explainability and transparency studies 
(Mercado et al., 2016). While numerous forms of informa-
tion exist for AI teammates to share within their team, such 
as information about the environment, the team, and prog-
ress toward goals, their human teammates may not be fully 
receptive to certain forms of information-sharing from AI 
teammates (Choung et  al., 2023; Flathmann et  al., 2024). 
Indeed, the massive amount of information obtained by AI 
teammates could quickly overwhelm human teammates, 
even if it is shared to support the completion of their goals 
(Cuevas et al., 2007). Furthermore, humans may have vary-
ing levels of trust in certain types of information-sharing 
from AI teammates, as they may perceive AI as less capable 
of sensing and sharing specific kinds of information. In turn, 
it may inevitably be a detriment if humans are not properly 
calibrated to this AI information-sharing (Parasuraman & 
Riley, 1997). While trust is a highly studied topic in human 
factors and human-AI teaming specifically, it is necessary to 
consider when designing AI systems to function as team-
mates actively contributing to a complex teaming construct, 
such as team cognition. Thus, empirical research is needed to 
understand what information-sharing from AI teammates is 
trusted by humans and the impact that information-sharing 
may have on trust.

Based on this gap, this paper reports on an empirical study 
that quantifies the impact of intentional AI information shar-
ing on perceived trust in AI and human teammates. In par-
ticular, this study examines the effects of six 
information-sharing methods commonly employed in human 
teams when presented by an AI teammate on trust. Further, 
this study explores the benefits of AI in providing interpreta-
tion and information on both trust outcomes. By examining 
the trust in AI and human teammates, this study can identify 
which information-sharing methods humans are most recep-
tive to from AI teammates and their effect on human-human 
trust.

Methods

The current study employed an online factorial survey, a 
methodology that involves experimental manipulations by 
modifying text or video-based scenario descriptions (Jasso, 
2006; Li et al., 2023). The factorial survey method has seen 
significant success over the last decade, as it enables the col-
lection of perceptions of human-AI interaction in response to 
complex or challenging situations (Li et al., 2023). It has also 
achieved explicit success in the field of human-AI teaming 
across various application spaces (Flathmann et  al., 2024; 
Schelble et  al., 2025). Utilizing this approach. The current 
study was designed to manipulate the information shared by 
the AI teammate and determine whether the AI teammate 
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provided an interpretation of the information. This resulted 
in a mixed factorial 6 (AI Information-Sharing: situation 
awareness of Team Member Information, situation aware-
ness of Intra/Extra Team Information Changes, Back-Up 
Behavior Information, Augmenting Team Memory 
Information, Explainability Information, Control) × 2 (AI 
Interpretation: Yes, No) with AI interpretation conducted 
between-subjects and AI information-sharing type conducted 
within-subjects.

Participants

An a priori power analysis was conducted (β = .85, ηp
2 = .10) 

using the study’s mixed 6 × 2 design in GPower 3.1 (Faul 
et  al., 2009) to ensure adequate power was achieved. This 
power analysis indicated that at least 139 participants were 
necessary to run the analysis effectively. As such, the study 
recruited a total of 173 participants; however, 22 participants 
returned an incomplete survey, and one participant failed at 
least two out of the four attention checks. These participants 
were excluded from the data set, resulting in unequal cell 
sizes. To address this, participants were recruited randomly 
until the cell sizes were equal. This resulted in a final data set 
comprising 156 participants, with an average age of 32.28 
(SD = 9.06). Of the 156 participants, 121 self-reported as 
male, 29 as female, five as non-binary, and one chose not to 
disclose. All participants were recruited from the Prolific 
online research recruitment platform, which offers monetary 
incentives to individuals in return for completing research 
studies (Palan & Schitter, 2018). Participants were unable to 
participate unless they self-reported at least some weekly 
experience with video games to ensure familiarity with team-
based settings alongside AI. The survey took an average of 
20 min, and participants were compensated $8.00 per hour 
for their time.

Human-AI Teaming Scenario Vignettes and 
Manipulations

Utilizing the factorial survey approach, the current study 
developed six text-based scenarios of a human-AI team con-
sisting of the participant (Teammate A), one additional 
human teammate (Teammate B), and one AI teammate 
(Teammate C) playing a paintball eSports game against an 
opposing team. Specifically, the scenario was a game of 
capture the flag between two teams of three individuals that 
read as follows: “For the rest of this survey, you will be 
shown multiple scenarios and asked questions about each 
scenario. In the following scenarios, you will be a member 
of a human-AI team playing an online paintball capture the 
flag video game, and you will be asked about how six differ-
ent AI teammates and their information-sharing affect your 
perceptions of your team and the situation described. 
Specifically, capture the flag is where two teams each have 
a flag located in their home base, and the objective is to 

steal the other team’s flag and bring it safely back to your 
base. Players can be knocked out of the game if they are 
tagged with a paintball fired by the opposing team. You and 
your two teammates must go up against three other players, 
successfully get past their defenses, steal the opposing 
team’s flag, and then return it to your team’s base without 
being eliminated by enemy paintballs.” This scenario has 
also been used in prior related human-AI teaming studies 
(Schelble, 2023; Schelble et al., 2025).

Participants would read six different vignettes set within 
this eSports paintball capture the flag scenario, as each 
vignette applied to a different AI information-sharing condi-
tion. The AI information-sharing manipulation consisted of 
information relevant to the eSports paintball capture the flag 
scenario and was specific to the six levels of the manipula-
tion. The six manipulations covered the following AI infor-
mation-sharing strategies: (1) the situation awareness of 
team members’ information-sharing condition communi-
cated the location of each teammate and the amount of 
resources they possessed, (2) situation awareness of intra/
extra team information communicated what happened to 
teammates and what happened to the opposing team, (3) 
back-up behavior conveyed how Teammate B might 
improve their performance within the team based on past 
actions, (4) augmenting team memory communicated each 
teammate’s specific skills, provided a map, and reminded 
the team of time remaining, (5) explainability communi-
cated the AI teammates’ reasoning for suggesting a particu-
lar course of action, (6) the control level provided no extra 
information. The order of the six within-subjects levels was 
presented randomly, and the names used for the AI team-
mate and Teammate B were changed across all six vignettes. 
The names for the AI were Greek alphabet letters (i.e., 
Sigma, Iota), and the human teammate names were unisex 
(i.e., Chandler, Logan) to help control for any potential 
confound.

The between-subjects manipulation of AI interpretation 
was applied across all six vignettes, and the AI made an 
interpretation and provided direction to the team. The inter-
pretation given by the AI teammate was as follows: “You and 
I will provide cover and support to Chandler (Teammate B) 
while they move forward for the flag.” In this context, the 
interpretation manipulation involved the AI teammate sug-
gesting the best way to coordinate based on the information 
it shared with the team (the AI’s information-sharing 
attribute).

Procedure

Participants who chose to participate in the study were first 
presented with an informed consent document that they had 
to read and agree to before proceeding with the survey. If 
they decided to participate in the study after reading the 
informed consent document, they answered a series of demo-
graphic questions and were randomly assigned to one of the 
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between-subjects conditions. After completing the initial 
series of questionnaires, the eSports paintball capture the 
flag scenario was described to them before viewing the first 
text-based vignette. Furthermore, before each text-based 
vignette, participants were provided with a description of the 
information-sharing attribute of the AI they were about to 
work with, ensuring they all had a consistent understanding 
of the AI’s information-sharing attribute before reading the 
associated vignette. After reading each vignette, participants 
rated their perceived trust in the human and the AI teammate. 
Participants completed this process for six vignettes, and 
once all six were completed, the study was finished. The 
study took participants about 20 min.

Measures

Trust in the AI Teammate.  Dispositional trust in the AI team-
mate was elicited using a single-item measure evaluated on a 
seven-point Likert scale ranging from “Strongly Disagree” 
to “Strongly Agree.” The item read “I trust Alpha.” The 
name of the AI teammate (shown in bold) was changed to 
match the name of the AI teammate in the relevant vignette.

Trust in the Human Teammate.  Dispositional trust in the 
human teammate was also elicited using a single-item mea-
sure evaluated on the same seven-point Likert scale ranging 
from “Strongly Disagree” to “Strongly Agree.” The item 
read “I trust Alex.” The name of the human teammate 
(Teammate B, shown bolded) was changed to match the 
teammate’s name in the relevant vignette.

Results

Trust in the Human Teammate

A 6 × 2 mixed ANOVA was conducted to assess the effect of 
AI interpretation (between-subjects) and information-shar-
ing type (within-subjects) on participants’ trust in their 
human teammate. The main effect of information-sharing 
type on participants’ trust in their human teammate was 
found to be significant (F(5, 924) = 34.99, p < .001, ηp

2 = .16; 
Figure 1). All assumptions for ANOVA tests were checked 
and met. Post-hoc tests using Tukey’s HSD correction 
revealed that the participants’ trust in their human teammate 
with the situation awareness of team members’ AI (M = 4.98, 
SE = 0.10) was significantly higher than their trust in the 
back-up behavior AI (M = 3.94, SE 0.10).

The situation awareness of intra/extra team information 
AI condition (M = 5.28, SE 0.10) also had significantly higher 
trust in their human teammates than the back-up behavior AI 
condition. Furthermore, the back-up behavior AI condition 
had significantly lower trust in the human teammate than the 
augmenting team memory AI (M = 5.35, SE = 0.10), the 
explainability AI (M = 5.18, SE = 0.10), and the control AI 
(M = 4.94, SE = 0.10). Lastly, the augmenting team memory 

AI saw participants trust their human teammate significantly 
more than the control AI.

Trust in the AI Teammate

A 6 × 2 mixed ANOVA was conducted to assess the effect of 
AI interpretation (between-subjects) and information-shar-
ing type (within-subjects) on participants’ trust in their AI 
teammate. The main effect of information-sharing type on 
participants’ trust in the AI teammate was significant (F(5, 
924) = 30.68, p < .001, ηp

2 = .14; Figure 2). All assumptions 
for ANOVA tests were checked and met. Tukey’s HSD post-
hoc tests found that the situation awareness of team mem-
bers AI (M = 4.97, SE = 0.10) engendered significantly less 
trust from participants than the situation awareness of intra/
extra team information AI (M = 5.57, SE = 0.10) and the 
explainability AI (M = 5.63, SE = 0.10). However, partici-
pants still trusted it more than the control AI (M = 4.14, 
SE = 0.10).

The situation awareness of intra/extra team information 
AI had significantly higher levels of participant trust than the 
back-up behavior AI (M = 5.09, SE 0.10) and the control AI. 
The back-up behavior AI was trusted significantly less by 
participants than the explainability AI, but more than the 
control AI. Lastly, the augmenting team memory AI 
(M = 5.36, SE = 0.10) and the explainability AI were both 
trusted significantly more than the control AI.

Discussion

These analyses demonstrate that some information-sharing 
from an AI teammate was more effective than none in terms 
of trust in the AI teammate, as indicated by the control AI 
condition. Additionally, the effect size on trust in the AI 
teammate was large, suggesting that when implementing AI 
with information-sharing features that effectively contribute 
toward situation awareness, potential developers will likely 
enhance trust in the AI teammate. Alternatively, the measure 
of how participants felt toward their human teammate was 
also significantly influenced by the information-sharing 
attributes of the AI, with trust toward the human teammate 
dropping significantly when the AI teammate provided 

Figure 1.  Trust in the human teammate. Error bars represent 
standard error.
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corrective backup behavior information directed toward the 
other human teammate (Teammate B). Additionally, it was 
found that the augmenting team memory AI also increased 
participants’ trust in the other human teammate, possibly due 
to the participants seeing increased utility from their human 
teammate with the extra information provided by the AI 
teammate.

The first major takeaway from the current study is that 
certain information shared by AI teammates can alter human 
teammates’ perceptions of their fellow human teammates. As 
seen in the analysis of participants’ trust in the human team-
mate, the information shared by the back-up behavior AI had 
a surprisingly strong adverse effect on participants’ per-
ceived attitude toward their fellow human teammate. The AI 
teammate provided corrective back-up behavior information 
in that specific vignette, advising the teammate to wait for 
covering fire before moving forward with the team next time 
(stating they had not in the past). As such, AI designers 
should be cautious about what their AI teammates say to 
human teammates in an open setting (possibly using private 
direct chats with that specific teammate instead), and future 
research is necessary to determine the extent of this effect. 
The second critical finding was the importance of explain-
ability and situational awareness of intra- and extra-team 
information changes to participants’ perceptions of trust in 
the AI teammate. These findings align with previous human-
AI interaction literature (Shin, 2021) and extend it to human-
AI teaming. Information on AI explainability and 
environmental updates appears to address a unique need 
within human-AI teams, as situational awareness informa-
tion may help mitigate uncertainties associated with AI col-
laboration (Endsley, 2023).

Limitations and Future Work

Some limitations of the study should be considered when 
interpreting the results of the current study. Specifically, the 
scenario was conducted using a low-fidelity text-based 
vignette, which means the results may not readily generalize 
to physical scenarios. As such, future work should aim to 
conduct similar studies examining AI information-sharing 

attributes in both real-world and simulated laboratory set-
tings. Furthermore, the study did not find any effects of AI 
interpretation, which could be due to the interpretation pro-
vided by the AI not being impactful enough. Any future work 
studying AI support for decision-making and leadership 
should continue to explore how information interpretation by 
AI in support of decision-making influences trust, especially 
between human teammates.

Conclusion

The current study details how specific AI information-shar-
ing attributes can significantly affect humans’ trust in them 
and their fellow human teammates. AI information-sharing 
was also a significant improvement in all cases for trust in 
the AI, demonstrating the importance of developing future 
collaborative AI systems that can contribute meaningfully to 
team cognition. Given the current struggles in supporting 
team cognition and complex coordination in these human-AI 
teams, it is more necessary than ever to leverage the inherent 
strengths and technical advantages that AI systems bring to 
the table. As such, the current study demonstrates that AI 
teammates can make these contributions, and human team-
mates do trust them. However, there are caveats as informa-
tion related to explainability and situation awareness 
outperforms other forms of information. Further, backup 
behavior information about the human teammate’s mistakes 
was detrimental to the trust between human teammates. This 
information should be considered when developing collab-
orative AI systems to enhance the team cognition of human-
AI teams.
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