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Ergonomics

Addressing the role of context on trust in human-AI teams: the influence 
of team role and violation type in high-risk tasks

Beau G. Schelblea, Claire Textorb, Rui Zhangc, Jeremy Lopezb, Noah Taverezb, Connie Kub,  
Nathan J. McNeeseb, Richard Pakb, Guo Freemanb, Chad Tossellc and Ewart de Visserd

aThe University of Tennessee, Knoxville, USA; bClemson University, USA; cColorado University, Boulder, USA; dUnited States Air Force 
Academy, USA

ABSTRACT
The current paper reports on an experiment examining how contextual factors influence trust, 
perceived ethicality, and performance in human-AI teams undertaking a high-risk, action-based 
task within a military setting. The study examined the impact of team role and trust violation 
framing on trust, perceived ethicality, and the efficacy of four trust repair strategies when an AI 
teammate commits an unethical action. Results indicated that trust and perceived ethicality of 
the AI team member were significantly higher when ethical violations were framed as 
integrity-based violations rather than competency-based violations. Additionally, those in the 
Ground role, who relied more on the AI for their safety, also had higher trust and ethicality 
ratings for the AI. However, trust repair strategies did not significantly impact trust in the AI team 
member after an ethical violation. These results highlight the significance of context in determining 
trust in response to AI ethical violations.

Practitioner Summary: AI developers for high-risk tasks must pay particular attention to team 
roles and violation types. Ethical trust violations attributed to competency harm trust and 
perceived ethicality more than integrity. Roles risking more to the AI can have more resilient trust 
in the AI if the violation does not impair performance.

1.  Introduction

Recent advances in artificial intelligence (AI) have 
ensured that the technology continues to be inte-
grated into many individuals’ everyday lives. This inte-
gration has been characterised by several new use 
cases, from assistive tools for web search to more 
agentic AI systems working as full-fledged teammates 
(McNeese et  al. 2018; Sarker et  al. 2023). These AI 
teammates have enabled a new form of collaboration 
known as human-AI teaming (Lyons et  al. 2021; O’Neill 
et  al. 2022). These human-AI teams differ from 
human-only teams by including at least one human 
and one artificial agent with a significant degree of 
agency (O’Neill et  al. 2022). The artificial teammates 
must also be capable of making decisions inde-
pendently within an interdependent role, working 
towards a shared and valued goal (O’Neill et  al. 2022). 
These qualities elevate the AI from being a mere tool 
to a full-fledged teammate, with all the additional 
expectations of being a teammate. These additional 

expectations cause AI to be placed in positions with 
increasing autonomy, such as human-AI teams, and, in 
turn, the impact and frequency of its independent 
decision-making rise. Teams are also inherently collab-
orative and social, especially when multiple human 
teammates are present, meaning these AI decisions 
have the potential to be ethically charged (Bergman 
and Fassihi 2021). Examples of such ethically charged 
decision-making by AI systems already exist, with 
supervised AI in military action, autonomous weapons, 
finance, and healthcare (Balona 2024; Choudhury et  al. 
2021; Parikh, Teeple, and Navathe 2019).

Context is critical to studying the impact of ethical 
decision-making on trust in human-AI teams. Contextual, 
or shared, factors play a major role in why humans 
trust, as detailed by Hancock and colleagues’ recent 
work (Hancock et al. 2023), which revises the framework 
originally put forth by Mayer and colleagues. The revised 
framework highlights the importance of contextual fac-
tors, such as role interdependence, risk, uncertainty, and 
in-group membership (Hancock et  al. 2023), which were 
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all supported in their subsequent meta-analysis of 
empirical trust literature. Here, context is defined as the 
collaborative and task characteristics affecting human 
trust judgments, including communication, role interde-
pendence, frequency of interaction, task type, task diffi-
culty, uncertainty, and risk (Hancock et al. 2023; Hancock 
et  al. 2011). These factors strongly link humans’ individ-
ual roles within teams and other collaborative environ-
ments, with risk, interaction, interdependence, and 
uncertainty all changing with the relationship between 
roles (Hancock et  al. 2023; Mayer, Davis, and Schoorman 
1995). Building on the importance of roles is the rela-
tionship between the trustor and trustee following a 
trust violation, as the violations can be framed differ-
ently. For example, a competency violation is attributing 
a mistake to incompetence (Butler and Cantrell 1984), 
and an integrity violation is attributed to actions that 
do not adhere to principles the trustor finds acceptable 
(Mayer, Davis, and Schoorman 1995). Depending on the 
framing of the trust violation, the trustor can lose sig-
nificantly more trust in the trustee (Kim et  al. 2006; Kim 
et  al. 2004).

Trust is a multifaceted construct with several com-
ponents relevant to human-AI teams. The current 
study utilises the definition provided by Mayer and 
colleagues: ‘a willingness of a party to be vulnerable to 
the actions of another party based on the expectation 
that the other will perform a particular action import-
ant to the trustor, irrespective of the ability to monitor 
or control that party’ (Mayer, Davis, and Schoorman 
1995), p. 712]. This definition of trust coincides with 
Lee and See’s definition of trust in automated systems, 
which emphasises system reliability (Lee and See 
2004). These characterisations of trust underscore the 
importance of the construct to effective collaboration, 
with strong trust forming the bedrock of other critical 
affective teaming states, such as team cohesion and 
understanding (DeLone et  al. 2005; Mach, Dolan, and 
Tzafrir 2010). Human-AI teams see benefits in perfor-
mance and trust calibration (De Visser et  al. 2020; 
McNeese et  al. 2021); however, trust is dynamic and 
reacts to mistakes made by the trustee, known as trust 
violations (De Visser et  al. 2020). These trust violations 
can reduce trust in an AI teammate to the point that 
trust becomes mis-calibrated, and the AI system is dis-
used, leading to losses in performance and efficiency 
(de Visser, Pak, and Shaw 2018; De Visser et  al. 2020).

The impact of ethics looms large over human-AI 
teams regarding development (Flathmann et  al. 2021), 
monitoring, and trust (Schelble, Lopez, et  al. 2022; 
Textor et  al. 2022), driven largely by the tendency of 
humans to apply social rules to technology (Reeves 
and Nass 1996). Applying these social rules means that 

humans often have similar expectations for AI team-
mates as humans regarding social norms and 
behaviours (Textor et  al. 2022). Ethical norms are part 
of this expectation as ethics informs behaviour and 
judgments of others’ actions (Doris 1998), thereby 
influencing team performance and, if broken, trust 
(Parasuraman and Miller 2004). These expectations for 
ethics being applied to AI teammates have been 
demonstrated in human-AI teams, with significant 
losses of trust occurring after an AI teammate commits 
an unethical action (Schelble, Lancaster, et  al. 2023; 
Schelble, Lopez, et  al. 2022; Textor et  al. 2022). With AI 
teammates rising in usage and independent 
decision-making, there is pressure to improve our 
understanding of the relationship between AI team-
mate ethicality and trust within human-AI teams, espe-
cially those operating in high-risk contexts.

Implementing better human-AI teams includes 
ensuring that trust within these teams is adequate and 
appropriately calibrated, as trust is related to eventual 
team performance (Mach, Dolan, and Tzafrir 2010). 
Human team members’ reliance on and perception of 
AI teammates is based upon their trust in the AI (Chiou 
and Lee 2023; Lee and See 2004), and if ethical princi-
ples are broken, trust and performance within the 
team may suffer, as they do in human-only teams 
(Parasuraman and Miller 2004). Human-AI teams are 
no different regarding trust violations, as AI systems 
will make mistakes over time just as humans do (De 
Visser et  al. 2020). Therefore, improving AI ethics and 
development to avoid these adverse outcomes for 
human-AI teams involves a better understanding of 
what types of ethical violations are possible and 
whether it is possible to repair trust affected by an 
ethical violation. However, restoring that trust after an 
ethical violation by an AI teammate in high-risk tasks 
has shown to be difficult (Lopez et  al. 2023; Schelble, 
Lopez, et  al. 2022; Textor et  al. 2022), and the solution 
to this problem is not readily apparent. Overcoming 
this challenge requires more research to better under-
stand how aspects of the environment related to an 
unethical decision by an AI teammate factor into 
humans’ judgments of ethics, trust, and trust repair 
efficacy.

Developing this improved understanding requires 
research to account for context, specifically starting 
with how the framing of the violation (e.g. compe-
tency or integrity) and how the individual roles within 
the team influence those measures of trust in response 
to ethically charged actions by an AI teammate, which 
is a topic yet to be studied in high-risk action-based 
human-AI teams. The current study addresses this 
broader research gap by leveraging a realistic synthetic 
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task environment where two participants completed a 
military-style search-and-destroy task alongside an AI 
teammate (Schelble, Lopez, et  al. 2022; Textor et  al. 
2022). The study manipulates individual team roles, 
the ethical violation type framing used by the AI team-
mate, and the AI’s trust repair strategy to examine 
their effect on perceived trust and ethics within the 
team alongside the number of goals hit by the team 
during each mission. Through these efforts the study 
makes the following contributions: 1) highlighting how 
the framing of an ethical violation alters the harmful 
effect the violation has on trust and perceived AI eth-
icality; 2) that an individual’s perspective, such as their 
role on the team, can change judgments of trust and 
ethicality in an AI teammate making an ethical viola-
tion; and lastly, 3) examining whether trust repair 
strategies are affected by these different contextual 
factors. Together, these contributions build on existing 
research by detailing the impact of different types of 
trust violations and role perspectives, further indicat-
ing how task interdependence and exactly how the AI 
falters can impact the perception of trust and ethics 
within human-AI teams.

2.  Background

2.1.  The role of context on trust within human-AI 
teams

The following background section will highlight the 
dynamic nature of human-AI teams, the components 
of trust affected by contextual factors, and the impact 
interdependence among team roles has on trust. 
Human-AI teams share many similarities with tradi-
tional human teams, but the novel characteristics of AI 
teammates offer unique advantages and challenges to 
teams. These advantages of AI include strong task per-
formance, bandwidth, and speed (Chowdhury and 
Sadek 2012; Wilson and Daugherty 2018). However, AI 
teammates also pose significant challenges to team-
work due to their inability to engage in effective team-
work behaviours, which can reduce team performance 
(Vaccaro, Almaatouq, and Malone 2024). These short-
comings result in less effective coordination, trust, and 
communication through poor shared understanding 
(Schmutz et  al. 2024). These challenges bring to light 
an expanded definition of human-AI teams that builds 
upon O’Neill and colleagues, where team members 
roles are dynamically adapting throughout the collab-
oration requiring coordination and mutual communi-
cation to meet each other’s and the task’s requirements. 
For this, a mutual sharing of intents, shared situational 
awareness, and developing strong shared mental 

models are necessary, as well as trust within the team 
(Berretta et  al. 2023), p. 23]. This definition offered by 
Berretta and colleagues in 2023 emphasises the 
dynamic nature of human-AI teaming, how it is tied to 
contextual factors, and the importance of supporting 
team processes to achieve high levels of performance 
(Berretta et  al. 2023). Importantly, this definition 
emphasises interdependence, which can only be 
achieved when humans trust their AI teammates to 
behave in a way that meets their expectations.

The role of human trust in AI is pivotal, given that 
the humans working in such teams will be placed in a 
vulnerable position by relying on their AI teammates 
to achieve their shared team goal (Chiou and Lee 
2023; Lee and See 2004). In fact, even more general 
views of human-centered AI emphasise the impor-
tance of ensuring the values of AI systems, specifically 
ethical values of AI, align with the values of the user 
to encourage trust and responsible usage (Schmager, 
Pappas, and Vassilakopoulou 2025; Xu and Gao 2024). 
However, trust is a multifaceted construct encompass-
ing several relevant aspects such as trust propensity, 
which defines an individual’s willingness to trust oth-
ers (Colquitt, Scott, and LePine 2007; Scholz, Kraus, 
and Miller 2025), learned trust stemming from past 
experiences (Hoff and Bashir 2015; Juvina et  al. 2019), 
and situational trust tied explicitly to contextual fac-
tors impacting trust development (Ayoub et  al. 2022; 
Hoff and Bashir 2015). Each of these components of 
trust explicitly impacts how human teammates may 
choose to interact with an AI teammate as they rely 
on similar past experiences to calibrate their initial 
trust propensity and characterise those adjustments 
based on situational context. Any alteration in trust 
based on these factors could mean the disuse or 
abuse of AI systems (Parasuraman and Riley 1997), 
reducing the overall performance of these human-AI 
teams (McNeese et  al. 2021). Thus, effective accurate 
trust between team members is an essential compo-
nent of building towards the reflective (behavioural) 
markers of trust. These reflective markers of trust can 
be the team processes allowing teams to achieve a 
high level of performance by reducing negative actions 
(e.g. needless monitoring of teammates) (Mach, Dolan, 
and Tzafrir 2010).

Team roles are essential for team outcomes, influ-
encing behaviours and task interdependencies to 
achieve the team goal (Driskell et  al. 2017; O’Neill et  al. 
2022; Schelble, Flathmann, et  al. 2022). While AI has 
several strong advantages, these advantages often 
offer vastly different capabilities in communication and 
interaction than human teammates are used to,  
introducing stark differences in intra-team dynamics 



4 B. G. SCHELBLE ET AL.

(Demir, McNeese, and Cooke 2018). Understanding 
how these differences influence the essential human 
factors of effective team processes is a significant focus 
of current human-AI teaming research (O’Neill et  al. 
2022), which will include a heavy focus on team roles, 
notably affecting team dynamics (Kramer and Tyler 
1996). For example, trust within human-AI teams can 
be impacted differently based on the level of interde-
pendence within a team. As detailed in Hancock and 
colleagues’ trust framework and meta-analysis, interde-
pendence, risk, and uncertainty all factor heavily into 
trust (Hancock et  al. 2023). These factors can vary 
across roles and contexts, with some team tasks being 
more closely tied to one another than others (e.g. 
pooled vs. reciprocal interdependence). For example, 
one role may have far more interaction with another 
and vice versa, or one role may rely almost entirely on 
the work of another role. Additionally, the conse-
quences of the roles’ various interdependencies may 
be starkly different within teams or across contexts 
(Stewart, Fulmer, and Barrick 2005), which contributes 
greatly to manifestations of risk and uncertainty.

Trust within human-AI teams is inextricably tied to 
context as they are defined by dynamic processes, the 
human teammates’ interactions with AI are dictated by 
learned and situational trust, and the impact of vary-
ing levels of interdependence across individual team 
roles shapes those aspects of dispositional trust. 
However, limited research currently investigates how 
specific role differences impact trust in human-AI 
teams. Furthermore, team roles have been noted to 
likely interact with the perception of trust in human-AI 
teams (Schelble, Lopez, et  al. 2022).

2.2.  The contextual framing of ethical trust 
violations in human-AI teams

The following section details how ethical perceptions, 
especially of an AI, can vary across individuals, how 
ethical trust violations impact perceptions of AI, and 
whether that trust can be repaired. The introduction of 
AI into more complex environments with greater 
autonomy has highlighted the need for research on 
the role of ethics in human-AI teaming. Given the 
renewed emphasis on aligning ethical values between 
users and AI systems (Hancock et  al. 2023; Schmager, 
Pappas, and Vassilakopoulou 2025; Xu and Gao 2024), 
many of these principles can, and should be, applied 
to human-AI teaming. However, similar to individual 
roles within a team, individual differences can factor 
into ethical judgments as individuals may approach 
ethics through frameworks such as deontology, virtue 
ethics, and consequentialism, leading to differing 

judgments on actions (Bonde et  al. 2013). Individual 
differences, such as age and gender, can also affect 
ethical judgments, with situation context also interact-
ing with those effects (Peterson, Rhoads, and Vaught 
2001). Specifically, men and younger individuals may 
have slightly less ethical views than women and older 
individuals, respectively (Peterson, Rhoads, and Vaught 
2001; Ruegger and King 1992), with men being more 
prone to influence from external factors (though there 
is research to the contrary in the case of age (Sikula 
and Costa 1994)). Given this complexity, it is very com-
mon for individuals to perceive the same action as 
ethical or unethical based on their ethical ideology 
and individual differences (Flathmann et  al. 2021). 
These considerations are also included in the multi- 
dimensional conception of human-robot trust espoused 
by Malle and Ullman, as the trust model considers 
capability, reliability, ethicality, and sincerity (Malle and 
Ullman 2021; Ullman and Malle 2018). The interpreta-
tion of ethicality and sincerity is critical to judgments 
of trust in AI systems; however, those judgments can 
vary significantly from person to person, making it dif-
ficult to generalise research and improve intelligent 
system design.

AI systems are not infallible, which means mistakes 
by AI that violate their human teammates’ trust in 
them will be made. Trust violations made by AI team-
mates have been shown to damage perceptions of 
performance, process, and purpose, with attempts at 
repair having little effect (Alarcon et  al. 2022). As pre-
viously detailed, trust violations can be attributed to 
different things, with competency and integrity viola-
tions being common. Competency violations are gen-
erally more easily generalised to other contexts based 
on the specific performance needs of the role and 
context (de Visser, Pak, and Shaw 2018; Kim et  al. 
2006; Kim et  al. 2004). In contrast, integrity trust viola-
tions require more insight into the expectations and 
standards of a new context to effectively generalise 
(de Visser, Pak, and Shaw 2018; Kim et  al. 2006; Kim 
et  al. 2004). These differences in generalisability make 
effectively repairing trust after a violation difficult, 
especially in the case of integrity violations. Effectively 
repairing AI trust violations of an ethical nature will 
require a better understanding of individual values, 
role interdependencies, and how violation type inter-
acts with these factors to influence human teammate 
 trust.

Previous work has explored various types of trust 
repair strategies, including applying explanations, 
promises, apologies, justification, and denials, showing 
that they all have the potential to succeed depending 
on contextual factors (Esterwood and Robert 2022a; 
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Pak and Rovira 2023). For example, previous work on 
trust repair strategies suggested that a denial of any 
trust-violating action occurring might be a preferable 
form of trust repair for integrity-based violations (de 
Visser, Pak, and Shaw 2018). Attempting to examine 
such effects in the realm of ethics is a stated goal in 
trust repair literature, as previous work points out that 
when unethical behaviours occur, these trust repair 
strategies (e.g. apology, denial) may be employed to 
restore trust (Esterwood and Robert 2021). However, 
current work on trust repair strategies has shown 
inconsistent findings across various team interactions, 
and ethical trust violations by an AI teammate are par-
ticularly troublesome (Schelble, Lancaster, et  al. 2023; 
Schelble, Lopez, et  al. 2022; Textor et  al. 2022). As 
such, much is still not understood regarding how trust 
dynamics in human-AI teams respond to violations by 
an AI teammate and whether that trust can be 
repaired. Further, human-only teams are unable to 
serve as a proxy for this type of research, as the per-
ception of an AI teammate induces perceptual and 
behavioural differences in human-AI teams (Georganta 
and Ulfert 2024; Schelble, Flathmannn, et  al., 2023), 
and these differences extend to judgments of ethics 
(Bigman and Gray 2018; Langer et  al. 2023). This lack 
of understanding stems from the complex nature of 
teams, which includes the dynamics of individual team 
roles and trust violation types (Berretta et  al. 2023; 
Schelble, Lopez, et  al. 2022).

Examining the impact of ethical trust violation fram-
ing, the impact of individual viewpoints (i.e. team 
roles), and their interplay with trust repair strategies 
remains unexplored within the realm of human-AI 
teaming. The current study begins to address this gap 
using an action-based team working within a high-risk 
search and destroy task scenario.

From the above review of literature on trust viola-
tions within teams and the relatively nascent research 
on ethically based trust violations and trust repair within 
human-AI teams, the current study identifies four 
research questions (RQs) regarding ethical trust viola-
tions and repair in human-AI teams. Further, each RQ is 
accompanied by two hypotheses that directly relate to 
the research gap detailed in the RQ, specifically, the 
effect of team role, violation type, and their impact on 
the potential effect of different trust repair strategies. 
These RQs and hypotheses are presented as follows:

•	 RQ1: How does the framing of an ethical trust 
violation by an AI teammate affect perceived AI 
ethicality and trust among teammates in a 
human-AI team?

•	 H1.1: Trust within the human-AI team will be 
significantly affected by whether the AI team-
mate frames the violation as a competency or 
integrity violation.

•	 H1.2: Participants’ ethical rating of the AI 
teammate will be significantly affected by 
whether the AI teammate frames the violation 
as a competency or integrity violation.

•	 RQ2: Does an individual’s role on the team influ-
ence perceived AI ethicality and trust among 
teammates in a human-AI team?

•	 H2.1: Trust within the human-AI team will be 
significantly affected by participants’ team role.

•	 H2.2: Participants’ ethical rating of the AI 
teammate will be significantly affected by their 
team role.

•	 RQ3: Do factors such as violation framing and 
individual teammate role influence the effect of 
trust repair strategies on perceived trust and 
ethics within human-AI teams?

•	 H3.1: The effect of trust repair strategies on 
perceptions within human-AI teams will vary 
based on participants’ individual team roles.

•	 H3.2: The effect of trust repair strategies on 
perceptions within human-AI teams will vary 
based on whether the AI teammate frames the 
violation as a competency or integrity 
violation.

•	 RQ4: Can factors such as trust repair strategy 
and violation framing influence team 
performance?

•	 H4.1: Human-AI teams’ performance will vary 
based on the trust repair strategy used by the 
AI teammate.

•	 H4.2: Human-AI teams’ performance will vary 
based on the violation framing presented by 
the AI teammate.

Answering these RQs and their subsequent hypoth-
eses improves the understanding of trust and ethics in 
human-AI teams by profoundly exploring the role of 
context in the judgement of trust and ethicality for AI 
teammates. Through this enhanced understanding, 
more ethical AI can be developed, and trust repair 
strategies can be improved to restore trust after an 
ethical violation has occurred and been rectified, lead-
ing to more effective and ethical human-AI teams.
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3.  Methods

This study examines the effect of individual team roles, 
violation type, and trust repair strategy on human 
trust in the AI teammate and how ethical they per-
ceive it to be after it executes an ethically charged 
action. An in-person experiment with a mixed 2 (Team 
Role: Ground, Surveillance) x 2 (Violation Type: 
Competency, Integrity) x 4 (Trust Repair Strategy: No 
Repair, Apology, Denial, Justification) experimental 
design was applied with violation type and individual 
team role as between-subjects manipulations and trust 
repair strategy as a within-subjects manipulation. To 
control for carryover effects in the within-subjects 
design, the conditions were presented to participants 
pseudo-randomly using a partial Latin squares design. 
Each condition was also described as a new scenario 
with a new AI teammate, and the AI teammate was 
given a new name.

3.1.  AI teammate

The AI teammate was represented using the Wizard of 
Oz (WoZ) methodology (Kelley 2018; Riek 2012). This 
approach involves a trained researcher behaving in a 
manner that simulates a technological feature to assess 
the behaviour of unknowing participants. In this case, 
the researcher acted as an AI and communicated with 
human participants using a text-based chat within 
ArmA. As a virtual simulation sandbox, ArmA provides 
military-style scenarios in which team tasks, roles, and 
resources can be configured according to experimental 
needs, enabling participants to engage from a 
first-person perspective. The trained researcher mim-
icked the AI teammate’s communication using a 
pre-defined script tailored to each experimental condi-
tion. The script was developed and iterated over previ-
ous pilot studies to ensure the protocol had sufficient 
breadth and precision, thus properly addressing all 
anticipated situations. While a script handled commu-
nication for the AI teammate, the AI teammate’s 
actions were automated using a code-based in-game 
expert system. An example script can be seen as 
follows:

1.	 After Surveillance Begins its Task:
a.	 Hello, team. My name is Eta and I will be your 

Al teammate on this mission.
b.	 Given our objectives, I have identified two 

strategies which will secure the area for 
Ground’s task.

c.	 The first option will involve large-scale explo-
sives being detonated in the vicinity.

d.	 This will eliminate all enemies and civilians, 
and destroy buildings.

e.	 The second option requires me to destroy a 
nearby structure located in the outskirts of 
the town.

f.	 This will create a diversion that draws ene-
mies away from the town.

g.	 Awaiting intel from Surveillance to determine 
optimal option.

2.	 After Surveillance Uploads Intel:
a.	 Based on Surveillance’s intel and current vari-

ables, I have decided to attack the town.
3.	 After Distracting All Targets:

a.	 I have completed the attack.
4.	 After Aerial Clears the Area:

a.	 Surveillance, can you confirm that the area is 
clear?

b.	 I wanted to create a distraction, but I acci-
dentally targeted the town.

3.2.  ArmA task and roles

ArmA III Was selected to serve as the experimental 
platform given its success in previous research on eth-
ics within human-AI teams (Schelble, Lancaster, et  al. 
2023; Schelble, Lopez, et  al. 2022; Textor et  al. 2022). 
ArmA III is a video game that offers several high-fidelity 
military and civilian related assets, which allows it to 
be used as a synthetic task environment for team-based 
research. The platform also adheres to the standards of 
task selection for human-AI teaming research as 
detailed by Flathmann and colleagues (Flathmann, 
McNeese, and O’Neill 2025), given its affordance for 
high customisation, reliability, and measurement. 
Participants performed tasks as members of a team of 
three whose mission involved surveying a town and 
clearing it of suspicious devices. Human teammates 
acted in the Ground (see Figure 1a of 1) and 
Surveillance (see Figure 1b of 1) roles, while the AI 
acted in the Aerial role. Each teammate was expected 
to complete specific tasks to fulfil their role, all of 
which were interdependent with the roles of other 
teammates.

The team was required to 1) clear the enemy- 
occupied town, presented as a choice between dis-
tracting the enemies or taking direct action against 
them; 2) destroy enemy devices throughout the town; 
and 3) take inventory of enemy-owned supply boxes 
on the ground. Participants were told they would be 
scored based on completing their tasks, but they 
should also be mindful of human casualties and prop-
erty damage. To complete these tasks, the three team 



Ergonomics 7

roles completed the following tasks: 1) The Ground 
role was required to travel to a supply cache to obtain 
explosives, travel to a vantage point overlooking the 
target town, locate and destroy the enemy devices, 
locate enemy supply caches, and report their location 
to Surveillance to mark on the map; 2) the Surveillance 
role scanned the target town to mark locations of 
enemy and civilian individuals and uploaded the sur-
veillance intelligence to the team so Aerial could 
decide which action to take to clear the town so 
Ground could enter safely, help Ground locate enemy 
devices, and mark enemy cache locations and con-
tents; and 3) the Aerial role waited for Surveillance to 
upload their intelligence, travelled to the target town, 
then decided on how to clear the town (direct force or 
distraction), communicate with Surveillance to confirm 
that the town was cleared for Ground to enter safely 
and complete the team’s mission. Each mission saw 
the team tackle these same objectives in a new town 
populated by civilians and enemy combatants in new 
locations. This search-and-destroy task was selected 

because it represents a high-risk action-based task 
with high role interdependence for teams to complete, 
which was necessary to answer the RQs effectively and 
aligns with past human-AI teaming studies (Grimm 
et  al. 2018; Hauptman et  al. 2025; Mercado et  al. 2016; 
Xu et  al. 2025). Specifically, the need for high-risk was 
critical to studying the role of AI ethics on trust within 
human-AI teams, and this particular task has been uti-
lised for this purpose in prior studies (Schelble, Lopez, 
et  al. 2022; Textor et  al. 2022).

3.3.  Ethicality and trust repair

AI teammates’ actions were designed based on the vir-
tue ethics framework and AI’s violation of the principle 
of civilian non-malfeasance (i.e. to minimise damage to 
civilians and property). As such, the current study 
operationalised ethics using the framework of virtue 
ethics, which judges ethics based on the virtues (e.g. 
benevolence) an individual deems important to being 
a good and moral individual (Hursthouse and 
Pettigrove 2003). This framing allowed the study to 
examine ethics from an individualised standpoint that 
provides the most overlap with other common ethical 
ideologies, such as deontology or utilitarianism. It 
should be noted that the ethicality of AI teammates 
was operationalised considering the mission’s context. 
Selecting which virtue to violate was done based on 
prior research, specifically violating the principles of 
civilian non-maleficence. Past ethics research found 
that violating this principle substantially affects per-
ceived ethicality in human interactions (Reed et  al. 
2016) and human-AI teaming interactions (Schelble, 
Lopez, et  al. 2022; Textor et  al. 2022). Following this 
principle, the AI’s unethical actions in this study are 
designed as the AI attacking the town with a combi-
nation of missile and cannon fire, causing the death of 
civilians and enemies and inflicting significant prop-
erty damage. Both human teammates’ roles could 
observe the town-clearing action and the consequence 
of the AI’s decision. Lastly, the training provided to the 
team stated that they were to minimise property dam-
age and loss of life. The AI teammate also stated in 
each mission that there was an alternative choice to 
create a distraction to draw the enemy combatants 
away without property damage or loss of life.

After clearing the town, the AI teammate communi-
cated via text chat with the two human teammates, 
framed the action, and provided a trust repair strategy. 
The AI teammate framed the action as either a 
competency-based failure or an integrity-based failure. 
For the competency-based condition, the AI’s chat 

Figure 1. S creenshot examples of the two participant roles 
going about their individual tasks within the synthetic task 
environment.
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statement read: ‘I wanted to create a distraction, but I 
accidentally targeted the town’, while the integrity-based 
condition provided the statement: ‘I could have cre-
ated a distraction, but I only care about completing 
the mission’. The AI teammate followed up this framing 
with a trust repair strategy, which included an apol-
ogy, denial, justification, or none. For apologies, the AI 
teammate’s chat statement was as follows: I apologise 
for attacking the town. In contrast, the denial chat 
statement read, I did nothing wrong by attacking the 
town, indicating a lack of accountability for their 
actions. Finally, the justification strategy read: I attacked 
the town to meet our goal, justifying their actions. 
Justification strategies, while similar to explanations, 
are distinct because they provide an explanation plus 
a reason why a norm was broken (civilian non- 
maleficence) to uphold another important norm (com-
pleting the mission successfully) (Esterwood and 
Robert 2022b; Malle and Phillips 2023).

3.4.  Participants

Sixty participants with an average age of 19.18 
(SD = 1.77) were recruited from a large university from 
either a subject pool or in response to fliers posted on 
campus. Thirty-five participants identified as female, 
with the rest identifying as male. Participants recruited 
through a subject pool were compensated with course 
credit, whereas participants recruited through fliers 
were compensated with $20 gift cards. Each partici-
pant was recruited into a team of three, which con-
sisted of two participants and one AI per team. Each 
between-subjects condition consisted of 30 partici-
pants with 30 unique teams. The Clemson University 
Institutional Review Board approved this study under 
protocol number IRB2021-0696-17, and verbal informed 
consent was obtained from all participants. An a priori 
power analysis using GPower estimated a total of 56 
participants were necessary to recruit for the study to 
achieve a power of at least .80 assuming a medium 
effect size (η

p

2 = .12).

3.5.  Procedure

All participants were presented with an informed con-
sent document before the experiment started and 
gave verbal consent to participate before moving on 
with the study. Upon beginning the experiment, each 
participant was given a brief overview of the purpose 
of the study and their roles in the ArmA task. The task 
was not described as a military task; however, given 
the nature of the task being search and destroy with 
enemy combatants, many participants likely perceived 

it as such. Participants began the experiment with a 
demographic survey, which, once completed, was fol-
lowed by an instructional video detailing their roles. 
Each participant was randomly assigned to a role on 
the team (Ground or Surveillance) when they came to 
the lab. The procedure began with a twenty-minute 
training mission to familiarise participants with their 
tasks, game controls, and environment. The task did 
not require any prior knowledge or background to 
complete effectively, allowing individuals of all back-
grounds to become effectively immersed within the 
task. This training mission included the same functions 
as the actual mission but with higher time limits. 
During the training session, participants were guided 
by two trained researchers, and the AI teammate did 
not perform any actions with ethical implications and, 
as such, did not provide any violation framing or trust 
repair. Notably, during the training mission, partici-
pants were informed that they would only be permit-
ted to communicate via the in-game chat feature 
instead of verbally. Participants were encouraged to 
ask questions during the training mission and were 
informed that researchers would not be involved in 
the actual missions. They were also told that the train-
ing mission would not be scored but that later mis-
sions would be.

After the training mission, each team completed 
four rounds of missions, each of which lasted at most 
15 minutes, and performed the same roles as previ-
ously outlined in the training mission. Each mission 
represented one of the four trust repair strategies. To 
control for carryover effects, the order of the missions 
was presented pseudo-randomly using a partial Latin 
square design, and each mission was presented as a 
new scenario with a new AI teammate reinforced with 
a new name for the AI teammate. In addition, each 
mission was created to have approximately the same 
difficulty, including the same number of enemies, civil-
ians, devices, and supply boxes, each placed in a dif-
ferent town across the missions. After each mission, 
participants completed post-task measurements, 
including their trust in the AI teammate, trust in the 
human teammate, trust in the team, the perceived 
ethicality of the AI teammate, and situation awareness. 
After completing all four missions and post-task mea-
surements, participants completed the final survey, 
which measured perceived team effectiveness and 
shared mental models. Finally, participants were 
debriefed and then dismissed. Participants debriefing 
communicated that the AI teammate was programmed 
to take the unethical action each time and was not 
indicative of AI systems in general. The debriefing also 
served as a verbal manipulation check, with the 
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researcher asking whether the deception was 
successful.

3.6.  Measurements

3.6.1.  Trust in the teammate
The participants’ trust in their teammates was mea-
sured using a six-item scale rated on a five-point Likert 
scale developed from the principle outcomes of trust 
suggested by Lumineau (Lumineau 2017). These out-
comes of trust have been validated by Lumineau, and 
the scale itself has been used in human-AI teaming 
research frequently, with reliable usage in previous 
ethics studies for human-AI teaming (Schelble, 
Flathmann, et  al. 2022; Schelble, Lancaster, et  al. 2023; 
Schelble, Lopez, et  al. 2022). This scale was also 
selected due to its focus on dispositional trust, with 
questions addressing participants’ perceptions of trust 
towards their teammate in the previous mission and 
no other time point. For example, ‘I felt fearful, para-
noid, and or sceptical of my [AI/human] teammate 
during the game,’ and ‘In general, I trusted the [AI/
human] teammate I just worked with.’ Responses were 
summed and ranged from 1 to 5, with higher values 
indicating greater trust in the human or AI teammate. 
The measure of participants’ trust in the AI teammate 
averaged across all four time points showed good reli-
ability (Cronbach’s α = .90). Additionally, the measure 
of participants’ trust in the human teammate averaged 
across all four time points showed good reliability 
(Cronbach’s α = .76).

3.6.2.  AI ethicality
Participants rated their AI teammates’ ethicality using 
the perceived agent morality scale developed by 
Banks, consisting of six items rated on a seven-point 
Likert scale (Banks 2019). Participants’ responses 
were summed and ranged from 1 to 7, with higher 
values indicating a more ethical perception of their 
AI teammate. The measure of participants’ percep-
tion of the AI teammate’s ethicality averaged across 
all four time points showed good reliability 
(Cronbach’s α = .97).

3.6.3.  Generators destroyed
Teams were evaluated using the number of enemy 
devices the team destroyed. This metric ranged from 
0 to 5 for all missions, and this number was subse-
quently converted to a percentage of devices 
destroyed. These percentages ranged from 0.1% to 
100% (0.001 was added to all scores to avoid a divide- 
by-zero error). This performance metric provides a 

straightforward measure of team efficiency and ability, 
which has been utilised in prior iterations of this task 
environment (Schelble, Lancaster, et  al. 2023; Schelble, 
Lopez, et  al. 2022). However, this measure does not 
incorporate the collateral damage caused by the AI 
teammate despite it being a stated objective for 
teams. Collateral damage was not incorporated into 
this metric because this damage was the same for all 
experimental conditions to ensure experimental 
validity.

4.  Results

The following results section reports on the analysis of 
the current study, which utilised multilevel modelling 
to account for clustering by team and participant. The 
results section is organised by dependent variable as 
each of the RQs posed by the current study relates to 
each dependent variable. However, the results are 
organised into two sections of dependent variables, 
starting with those related to trust and perceived eth-
icality (e.g. trust in the AI teammate) and finishing 
with generators destroyed. The analyses of these vari-
ables investigate whether AI ethicality affects human 
teammates’ perceptions of their AI teammate in vary-
ing contexts and whether trust in the AI can be 
restored after it committed an ethical violation in 
these contexts. Better understanding the role of trust 
repair strategies in this context is essential, given the 
impact that trust within teams has on team perfor-
mance outcomes coupled with common trust repair 
strategies’ inability to restore trust after ethical viola-
tions in prior research (Schelble, Lopez, et  al. 2022; 
Textor et  al. 2022).

4.1.  Analysis

Because measures were taken at the individual level as 
part of teams of three across four separate missions, 
observations were unlikely to be independent. Using 
participant and team as multilevel random effects, the 
intraclass correlation coefficient (ICC) was computed 
for each dependent variable (McGraw and Wong 1996). 
The average ICC across all variables was found to be 
.574, with the lowest being .188 for generators 
destroyed. Thus, because there was evidence of clus-
tering for each unique combination of participant and 
team, each dependent variable was analysed using 
multilevel modelling (Fox 2015). Specifically, all models 
estimated a random intercept for each unique combi-
nation of team and participant (except generators 
destroyed, which was clustered by team as no 
individual-level data existed). Unfortunately, there is no 
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consensus on effect sizes for linear mixed-effects mod-
els due to issues stemming from many indices, such as 
log-likelihood and deviance being negative and not 
increasing monotonically with the addition of predic-
tors. As such, the marginal pseudo-R2 suggested by 
Nakagawa and Schielzeth (2013) was reported as it 
helps control the common problems of other pseudo-R2 
indices (Nakagawa and Schielzeth 2013).

Because the order of the trust repair strategies was 
conducted pseudo-randomly, given the number of 
possible ordering combinations, there was still the 
potential for order effects despite the randomisation 
and presentation measures taken to control for them. 
Therefore, to further mitigate this possibility, all analy-
ses were conducted while controlling for trust repair 
strategy presentation order. These analyses found trust 
repair strategy ordering to be a significant covariate 
only for participants trust in their human teammate. To 
ensure all model assumptions were met, a residual 
analysis was conducted for all models (Fox 2015; 
Rosopa, Schaffer, and Schroeder 2013). The models 
were tested for significance using Type III Wald χ 2 
ANOVA tests. The predictor’s ability to improve the 
model significantly was tested using Akaike’s 
Information Criterion (AIC). Likelihood ratio testing was 
used whenever two models’ AIC values were within 
two points to confirm the predictor significantly 
improved the model. All post-hoc tests used 
Kenward-Roger degrees of freedom and the Tukey 
method to correct for family-wise error rate.

4.2.  Trust and perceived ethicality

Starting with trust among the members of the 
human-AI team, the following analyses address RQ1, 
RQ2, and RQ3, which sought to understand how the 
framing of an ethical violation, individual role, and 
trust repair strategy influence trust within human-AI 
teams and the perceived ethicality of the AI teammate. 
Along these same lines, these analyses tested the 
associated hypotheses of H1.1, H1.2, H2.1, H2.2, H3.1, 
and H3.2.

4.2.1.  Descriptive statistics
The following tables show the descriptive statistics for 
participants’ trust in their teammates and the ethical 
rating of their AI teammate.

4.2.2.  Trust in the AI teammate
A 2 (Violation Type: Competency, Integrity) x 2 (Team 
Role: Ground, Surveillance) x 4 (Trust Repair Strategy: 

None, Apology, Denial, Justification) linear mixed 
effects model was conducted to assess the effect of AI 
violation type (between-subjects), team role (between- 
subjects), and trust repair strategy (within-subjects) on 
participants’ trust in the AI teammate, while con-
trolling for trust repair strategy presentation order. 
Table 1 shows the descriptive statistics. AIC indicated 
that each predictor added significantly increased the 
model’s fit compared to the null model (AIC: 1449.91), 
except for the AI trust repair strategy (AIC: 1450.15) 
and the two-way interaction effects (AIC: 1449.03), 
indicating the lack of support for H3.1 and H3.2. 
Adding violation type (AIC: 1443.77) did improve the 
model fit, as did adding team role (AIC: 1441.78) to 
the model.

There was a statistically significant main effect of 
violation type on trust in the AI teammate (χ 2

1( ) = 
9.31, p = .002; see Figure 2), indicating partial sup-
port for H1.1. The average trust in the AI teammate 
was significantly greater when the unethical action 
was framed as an integrity violation (M = 22.5, 
SE = 1.18) compared to when it was framed as a com-
petency violation (M = 18.3, SE = 1.13). There was 
also a statistically significant main effect of team  
role on participants’ trust in the AI teammate (χ 2

1( ) = 
4.13, p = .042; see Figure 2), providing partial sup-
port for H2.1. The results showed participants’ trust 
towards the AI teammate as significantly higher for 
participants in the ground role (M = 21.8, SE = 1.14) 
than the surveillance role (M = 19.0, SE = 1.14). These 
two differences in AI trust indicate a change of trust 
within the moderate range, as trust remained 
between 3 and 4 out of 5. The marginal model 
R
2 = .25.

Table 1.  Descriptive statistics for participants’ trust in their AI 
teammate.
Team Role Trust Violation Trust Repair N Mean (SD)

Ground Competency Apology 15 19.60 (6.14)
Denial 15 19.27 (5.79)
Explanation 15 20.60 (5.70)
No TR 15 21.33 (5.49)

Integrity Apology 15 23.00 (6.08)
Denial 15 23.13 (5.83)
Explanation 15 22.80 (6.42)
No TR 15 24.27 (6.11)

Surveillance Competency Apology 15 17.80 (8.49)
Denial 15 15.13 (7.21)
Explanation 15 15.40 (7.75)
No TR 15 17.27 (9.22)

Integrity Apology 15 22.00 (5.61)
Denial 15 21.93 (5.38)
Explanation 15 20.87 (6.52)
No TR 15 21.67 (6.53)
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4.2.3.  Human teammate trust
A 2 (Violation Type: Competency, Integrity) x 2 (Team 
Role: Ground, Surveillance) x 4 (Trust Repair Strategy: 
None, Apology, Denial, Justification) linear mixed 
effects model was conducted to assess the effect of AI 
violation type (between-subjects), team role (between- 
subjects), and trust repair strategy (within-subjects) on 
participants’ trust in their human teammate, while con-
trolling for trust repair strategy presentation order. 
Table 2 shows the descriptive statistics. Based on the 
reported AIC after adding each predictor to the model, 
no main effects improved the model compared to the 
null (AIC: 1236.59) and, as such, were not included. 
Dropping these main effects from the model indicates 
a lack of partial support for H1.1 and H2.1. However, 
the interaction effects of the independent variables 
did improve the model fit (AIC: 1230.59) over the null 
and were subsequently tested.

There was a significant interaction effect between 
team role and trust repair strategy (χ 2

3 8 34( ) .= , p = 
.039; see Figure 3); however, the post hoc tests were 
non-significant {and make the result’s potential partial 
support for H3.1 unclear. There was also a significant 
interaction effect between violation type and trust 
repair strategy (χ 2

3( )= 11.49, p = .009; see Figure 3), 
showing partial support for H3.2. The AI teammate 
that did not use a trust repair strategy resulted in par-
ticipants having greater trust in their fellow human 
teammate (M = 26.2, SE = 0.75)} than the AI teammate 
using the justification trust repair strategy (M = 24.0, SE 
= 0.75) but only in the integrity violation condition. 
Participants trust in their fellow human teammate was 

also the only dependent variable where the control 
variable had a significant effect (χ 2

14( ) = 26.84, p = 
.02).} {These two differences in human trust indicate a 
change of trust within the positive trust range, as 
responses remained between 4 and 5 out of 5 on the 
six item scale. The marginal model R2 = .30.

4.2.4.  Ethical rating of the AI teammate
A 2 (Violation Type: Competency, Integrity) x 2 (Team 
Role: Ground, Surveillance) x 4 (Trust Repair Strategy: 
None, Apology, Denial, Justification) linear mixed effects 
model was conducted to assess the effect of AI violation 
type (between-subjects), team role (between-subjects), 
and trust repair strategy (within-subjects) on participants 
ethical rating of the AI teammate, while controlling for 
trust repair strategy presentation order. Table 3 shows 

Figure 2.  Effect of violation type and team role on trust in the AI teammate. Error bars indicate standard error.

Table 2.  Descriptive statistics for participants’ trust in their 
human teammate.
Team Role Trust Violation Trust Repair N Mean (SD)

Ground Competency Apology 15 25.20 (3.69)
Denial 15 25.60 (2.97)
Explanation 15 25.73 (3.73)
No TR 15 25.80 (3.67)

Integrity Apology 15 25.67 (3.35)
Denial 15 27.33 (3.02)
Explanation 15 25.40 (4.01)
No TR 15 26.53 (3.04)

Surveillance Competency Apology 15 25.80 (3.59)
Denial 15 24.33 (4.76)
Explanation 15 25.60 (4.00)
No TR 15 25.27 (3.65)

Integrity Apology 15 23.93 (4.59)
Denial 15 23.33 (5.90)
Explanation 15 22.13 (6.33)
No TR 15 25.40 (3.91)
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the descriptive statistics. The main effect of trust repair 
strategy (AIC: 1630.88) did not improve model fit over 
the null model (AIC: 1631.80) and was not included. 
However, the team role (AIC: 1629.86) and its combined 
effect alongside the violation type (AIC: 1627.99) improved 
the model fit and were included. The interaction effects 
of the independent variables (AIC: 1629.66) did not 
improve the model’s fit over the null model and were 
not retained, showing a lack of partial support for H3.1 
and H3.2.

There was a statistically significant main effect of vio-
lation type on participants ethical rating of the AI team-
mate (χ 2

1( ) = 4.35, p = .037; see Figure 4), indicating 
support for H1.2. Participants perceived the AI to be sig-
nificantly more ethical when it framed violations as an 

integrity violation (M = 24.1, SE = 2.00) than a competency 
violation (M = 19.2, SE = 1.91). There was also a statistically 
significant main effect of team role on participants’ ethi-
cal rating of the AI teammate (χ 2

1( ) = 4.00, p = .046; see 
Figure 4), showcasing support for H2.2. Specifically, the 
ground role (M = 23.9, SE = 1.94) rated the AI teammate as 
significantly more ethical than the surveillance role 
(M = 19.4, SE = 1.94). These differences in AI ethicality rat-
ing indicate a change of perceived ethicality from slightly 
negative to moderate as averaged responses ranged 
from 3.2/7 on the low end to 3.98/7 and 4.01/7 on the 
higher end. The marginal model R2 = .23.

4.3.  Generators destroyed

This final section addresses RQ4 along with the associ-
ated hypotheses of H4.1 and H4.2, which investigate 
how the number of generators destroyed may be 
influenced by the framing of the ethical violation and 
the trust repair strategy used after an ethical violation 
by an AI teammate.

4.3.1.  Descriptive statistics
The following are descriptive statistics for the number 
of generators destroyed by teams separated by trust 
violation type and trust repair strategy.

4.3.2.  Generators destroyed
A 2 (Violation Type: Competency, Integrity) x 4 (Trust 
Repair Strategy: None, Apology, Denial, Justification) 

Figure 3.  Effect of trust repair strategy and violation type on participants’ trust in their fellow human teammate. Error bars indi-
cate standard error.

Table 3.  Descriptive statistics for participants’ ethical rating of 
their AI teammate.
Team Role Trust Violation Trust Repair N Mean (SD)

Ground Competency Apology 15 22.53 (10.13)
Denial 15 21.00 (9.02)
Explanation 15 21.20 (9.03)
No TR 15 21.33 (9.85)

Integrity Apology 15 27.80 (9.86)
Denial 15 24.87 (9.75)
Explanation 15 27.80 (11.14)
No TR 15 23.67 (10.00)

Surveillance Competency Apology 15 17.00 (12.72)
Denial 15 15.47 (10.99)
Explanation 15 16.27 (12.38)
No TR 15 18.80 (9.26)

Integrity Apology 15 23.20 (11.71)
Denial 15 20.27 (11.71)
Explanation 15 19.67 (11.97)
No TR 15 22.87 (14.14)
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linear mixed effects model was conducted to assess 
the effect of AI violation type (between-subjects) and 
trust repair strategy (within-subjects) on generators 
destroyed by the team, while controlling for trust repair 
strategy presentation order. Table 4 shows the descrip-
tive statistics. Violation type (AIC: 101.75) and the inter-
action effect between trust repair strategy and violation 
type (AIC: 98.68) did not significantly improve model fit 
over the null model (AIC: 99.80) and were not used, 
which show a lack of support for H4.2. However, trust 
repair strategy (AIC: 93.86) significantly improved model 
fit over the null model and was retained.

Trust repair strategy was found to have a significant 
main effect on team score (χ 2

3( ) = 12.76, p = .005; see 
Figure 5), showcasing support for H4.1. When teams 
worked with an AI teammate issuing a denial trust 
repair strategy, they destroyed significantly more gen-
erators (M = 70%, SE = .07) than when teams worked 
with the AI teammate issuing an apology (M = 48%,  
SE = .07) and justification (M = 48%, SE = .07). The mar-
ginal model R2 = .28.

5.  Discussion

The current study examined the effect of individual 
team roles, violation type, and trust repair strategy on 
the number of generators destroyed and perceptions 
of trust and ethics within the team after an AI team-
mate commits an ethical violation. First, addressing 
RQ1, the results showed partial support for H1.1 as 
participants perceived higher trust in their AI team-
mate when ethical violations were framed as integrity 
rather than competency violations, with no effect on 
trust between the human teammates. H1.2 was also 
supported as participants rated the same action as 
more ethical when framed as an integrity violation 
instead of a competency violation. Concerning RQ2, 
H2.1 was again partially supported with no effect on 
participants’ trust in their human teammate but their 
trust in the AI teammate was significantly greater for 
those in the ground role instead of the surveillance 
role. H2.2 was also supported and followed the same 
trend, with the ground role rating the AI teammate as 
significantly more ethical than the surveillance role. 
Looking to RQ3, H3.1 was not supported; however, 
H3.2 was partially supported by a significant interac-
tion effect where trust in the human teammate was 
higher in the no trust repair condition compared to 
the justification condition, but only when the AI team-
mate framed their action as an integrity violation. 
Lastly, answering RQ4, H4.1 was not supported, but 
H4.2 was supported by the finding that the denial 
trust repair strategy was associated with significantly 

Figure 4.  Effect of team role and trust repair strategy on participants’ ethical rating of the AI teammate. Error bars indicate stan-
dard error.

Table 4.  Descriptive statistics for the number of generators 
destroyed by teams.
Trust Violation Trust Repair N Mean (SD)

Competency Apology 15 44% (.30)
Denial 15 76% (.31)
Explanation 15 47% (.41)
No TR 15 53% (.34)

Integrity Apology 15 49% (.36)
Denial 15 61% (.36)
Explanation 15 48% (.42)
No TR 15 61% (.41)
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more destroyed devices than the apology and justifica-
tion strategies.

From these results, it is clear that contextual factors 
do play a significant role in how humans perceive the 
ethicality of their AI teammates and how the trust 
within these teams develops considering those ethical 
judgments. While the results concerning trust repair 
strategies were largely inconclusive, the effect of team 
role and ethical violation framing were apparent 
throughout the measures analysed, which the follow-
ing section will address in the context of existing 
research.

5.1.  Competency violations by AI are particularly 
harmful in high risk contexts, even in the realm of 
ethical violations

The knowledge that ethical violations are less damag-
ing to trust when framed as a failure of integrity rather 
than competence is significant to understanding trust 
dynamics for AI teammates engaging in ethically 
charged decision-making within high-risk tasks. This 
finding also aligns with previous research conducted 
in non-military tasks (investments) that show compe-
tency violations are especially egregious when humans 
make judgments of trust in their AI teammates (Clark 
2018). Examining the two violation types in the con-
text of AI ethics presented a chance for this trend to 
be reversed. Surprisingly, that reversal was not the 
case, as the current study indicates that making an 
operational mistake was considered more egregious 

than disregarding the civilian non-maleficence direc-
tive. While this finding is not definitive, given the 
nature of the experiment using action-based teams 
completing a high-risk military-related task with novice 
participants, such results do provide strong insights 
into novel trust dynamics within ethics-based trust for 
human-AI teams operating in similar task contexts. For 
these action-based teams engaging in high-risk tasks, 
these findings suggest that ethics-based trust in AI 
teammates is still, in many ways, closely tied to their 
perceived competence, which is supported by the 
robust trust in automation literature (Lee and Moray 
1992; Lee and See 2004; Muir 1987; Muir 1994). A par-
ticular point concerning the current study’s task in a 
high-risk environment is that participants, namely the 
Ground role, may view their safety in the simulation or 
the completion of the task as the most important fac-
tor. Specifically, the AI teammate being perceived as 
putting more value on the mission, the potential safety 
of the team, and the necessity of mission goals than 
on civilian life. Further, the trust violations studied in 
the trust repair literature are typically not nearly as 
severe as the violation of civilian non-maleficence 
examined in the current study (de Visser, Pak, and 
Shaw 2018). So, when the AI teammate makes an 
unnecessary error with significant consequences, the 
statement attributing the action to a simple mistake 
may come across as especially hollow. As such, if an AI 
teammate makes a considerable mistake in a high-risk 
context of an ethical nature and has no principled rea-
son for committing it, trust in that system is lost more 

Figure 5.  The effect of trust repair strategy and violation type on the number of generators that teams destroyed. Error bars 
indicate standard error.
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so than if it had a reason. Interestingly, denial trust 
repair strategies resulted in the highest performance 
compared to apologies and justifications, aligning with 
prior work demonstrating denials excelling in repairing 
organisational trust despite strong evidence to the 
contrary (Fuoli, van de Weijer, and Paradis 2017). It is 
likely that including an explanation along with an 
extended experience demonstrating changed 
behaviour would be capable of repairing trust in an AI 
teammate, and this has been demonstrated in 
human-AI teams before (Kox et  al. 2021), though it is 
unclear if this extends to ethical violations. Having one 
foot in the realm of a machine and the other in the 
teammate realm places complex expectations on AI 
teammates that are not always congruent with one 
another (McNeese et  al. 2023), which makes this issue 
even more challenging to tackle. This knowledge also 
raises the importance of ethics in AI development, as 
a breakdown in those relationships can potentially 
harm the overall team’s performance (McNeese 
et  al. 2021).

Aligning with the trust results, when the AI framed 
its unethical actions as integrity violations, it received 
higher trust ratings compared to framing them as 
competency failures. This presents an interesting 
dynamic between ethical violations, violation type, 
perceived ethicality, and trust. Specifically, previous 
research in high-risk military contexts demonstrated 
that an AI teammate’s unethical actions lower trust in 
an AI teammate, establishing a link between ethicality 
and trust (Schelble, Lopez, et  al. 2022). Similarly, a pos-
itive relationship between perceived ethicality and an 
AI’s trustworthiness has been shown (Textor et  al. 
2022). The current study extends this finding to include 
violation type having a measurable impact on per-
ceived AI teammate ethicality, which are both contex-
tual factors detailed within the integrative model of 
trust (Hancock et al. 2023; Mayer, Davis, and Schoorman 
1995). Specific to the task context, a military simula-
tion with lethal consequences, it is likely that the vio-
lation type even had an outsized influence, given the 
high-risk stakes nature of the scenario. Related to trust 
repair, it is known that contextual factors determine 
which trust violation types are most effective for trust 
repair (de Visser, Pak, and Shaw 2018), and while the 
current study did not find strong results for trust repair 
strategies, it is clear that violation type factors into 
evaluations of trust and ethics. The instantiation of a 
competency-based trust violation for an unethical 
action by an AI teammate is seen as particularly egre-
gious and is likely exacerbated by the effect of auto-
mation bias (Mosier et  al. 1996). The presence of an AI 
teammate implies the presence of a system with a 

high level of reliability and consistency, and when that 
expectation is not met by the system’s own admission, 
it comes across as particularly unethical. Further, that 
leaves the question open to where that loss in per-
ceived ethicality is being directed, towards the AI 
teammate, its developer, or the leadership individual 
placing it in the position to make an unethical deci-
sion is a question on the minds of many in those 
working in real military high-risk teams (Lopez et  al. 
2023). Practically speaking, trust and usage metrics 
should be examined following a perceived ethical vio-
lation in a high-risk context across these parties. While 
the current study specifically measured the perceived 
ethicality of the AI teammate, it is likely there is addi-
tional variance to be captured in this metric by evalu-
ating perceptions towards other responsible 
stakeholders, including the participants themselves. 
These findings thus highlight the need to develop 
additional research to understand how these percep-
tions evolve in the face of ethical mistakes, imperfect 
autonomy, and complex scenarios.

5.2.  Individual team roles can significantly 
influence the consequences of ethical violations 
by AI teammates in high-risk action-based teams

The role from which participants completed the task 
significantly influenced their judgments of trust and 
ethicality towards the AI teammates. Specifically, the 
participants who took on the Ground role in the 
experiment rated the AI teammate as more ethical and 
trustworthy than those who interacted with it from 
the Surveillance role. This finding implies that the spe-
cific team role assigned to participants may contribute 
to different ethical evaluations with AI teammates, and 
these evaluations, in turn, influence the level of trust 
in high-risk action-based teaming contexts (i.e. military 
search and destroy). This knowledge may impact ethi-
cal AI teammate design, as it demonstrates the vari-
able nature of ethical perceptions based on individual 
experiences, risk, and interdependence in role respon-
sibilities while working towards a shared team goal 
(Alder and Guidice 2010; Singer, Mitchell, and Turner 
1998). The high-risk action-based team military context 
can help explain the disparity in the participants’ trust 
and perceived ethicality of the AI teammate by exam-
ining the differences between the two roles. Specifically, 
the Ground role bore less direct consequence on the 
decisions made by the AI teammate in the Aerial role 
compared to the Surveillance role. The primary interac-
tion between the AI and the Ground role was for the 
second phase of each mission when the Ground role 
needed to wait for the AI teammate’s message to 
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enter the town. Additionally, because the Ground role 
was the only one required to physically enter the 
town, their success, including their virtual character’s 
survival, was directly tied to the effectiveness of the AI 
teammate’s actions. Alternatively, those fulfilling the 
Surveillance role were told that their AI teammate 
would base its decision on what action to perform to 
clear the town partially on the intel they submitted to 
the team. Therefore, it is probable that participants ful-
filling the Surveillance role feel responsible for the out-
come of the AI teammate’s action. This finding 
emphasises the need to closely consider the roles AI 
teammates are being deployed alongside to under-
stand how those roles may interpret ethical violations, 
though it is likely that this effect is stronger in physical 
environments and weaker in task contexts that do not 
share the same level of risk and interdependence. 
Further, these results may appear different for older 
adults as the aspects of the Ground role may not 
make the AI teammate’s actions appear as justifiable 
given their tendency to adhere to stricter ethical stan-
dards (Peterson, Rhoads, and Vaught 2001; Ruegger 
and King 1992). A practical implication of this finding 
is that AI teammates should tailor their communica-
tion and transparency strategies to the individual roles 
of their human partners. By incorporating role-sensitive 
interaction mechanisms, AI teammates can engender 
more effective trust and shared understanding, thereby 
enhancing collaboration and improving overall team 
performance.

The current study supports the assertion that 
ethics-based trust can differ from other forms of trust 
in high-risk action-based team tasks. As suggested in 
Schelble and colleagues’ (2022) work, the present 
study’s findings highlight that, in high-risk action-based 
contexts, ethics-based trust may represent a unique 
trust violation type based on its distinct standing 
within the construct of trust, as described in several 
theoretical trust frameworks (Hancock et  al. 2023; 
Malle and Ullman 2021; Mayer, Davis, and Schoorman 
1995). Conventionally, trust violations are often associ-
ated with failures in automation performance (e.g (Lee 
and Moray 1992; Lee and See 2004).). Trust repair strat-
egies in this context have significantly restored human 
trust in an autonomous system (Kox et  al. 2021; Quinn, 
Pak, and de Visser 2017). By contrast, the results of the 
current study found no significant effect of any trust 
repair strategy on participants’ trust in the AI team-
mate following an ethical violation, exemplifying that 
ethics-based trust is likely more nuanced in these 
high-risk contexts (e.g. military, search and rescue, 
medical). Consequently, trust repair strategies that pri-
marily focus on rectifying performance malfunctions 

may not be effective when trust violations result from 
unethical behaviour that still enables the team to 
achieve the primary shared goal. Specifically, a trust 
repair strategy should address a failure to accomplish 
the shared goal in a way that does not align with the 
ethical values of the individual and the shared ethics 
of the overall team (Flathmann et  al. 2021). Essentially, 
participants may have trusted the AI teammate to help 
the team accomplish their shared goal but did not 
trust it to do so in a manner that aligned with their 
ethical values. Future trust repair strategies, regardless 
of the context, should consider the idea of ensuring AI 
teammates’ ethical values align with the individual and 
team they operate alongside, as many frameworks 
already have detailed (Berretta et  al. 2023; Xu et  al. 
2025). However, these AI teammates should be capa-
ble of addressing their eventual ethical violations 
effectively by addressing those values directly through 
improved trust repair strategies that encourage more 
accurately calibrated trust.

5.3.  Limitations and future research

The current study contributes value to understanding 
trust and ethics within human-AI teaming; however, 
some limitations must be considered when interpret-
ing these results. First, we applied a trust repair strat-
egy immediately after an ethical violation. However, 
studies have shown that apologies made at the sub-
sequent decision opportunity were more successful 
in repairing trust than those immediately following a 
violation (Robinette, Howard, and Wagner 2015; 
Robinette, Howard, and Wagner 2017). Furthermore, 
the study utilised a synthetic task environment where 
participants’ stake in the task was also artificial, and 
as such, the size of these effects may differ in prac-
tice. The sample size also limits the potential general-
isability of the study’s results, as a larger sample 
including more participants would result in poten-
tially more reliable results. The study’s sample also 
consists mainly of young adults who have shown a 
propensity to be less ethical than older individuals 
(Peterson, Rhoads, and Vaught 2001; Ruegger and 
King 1992), which means these results may not be a 
one-to-one transfer for teams working mainly with 
adults over 40.

While trust repair strategies were not successful at 
repairing trust that was dampened by ethical violations 
in our study, these findings may vary based on the 
severity of the ethical violation since the violation used 
in the current study (civilian non-maleficence) is partic-
ularly egregious (Reed et  al. 2016; Textor et  al. 2022). 
Therefore, further studies should investigate whether 
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the timing of different trust repair strategies can affect 
trust and perceived ethics in the case of ethical viola-
tions and whether the severity of the violation influ-
ences the success of trust repair strategies, with a 
similar limitation applying to non-military tasks, 
non-action teams, and lower risk tasks in general. The 
teams’ evaluation metric consisted only of the number 
of generators destroyed by the team in the allotted 
time and was not inclusive of the level of collateral 
damage inflicted in the pursuit of this objective. As 
such, the evaluation of performance should not be 
taken as a one-to-one comparison to real-world perfor-
mance metrics, which would surely account for collat-
eral damage. This method was necessary only to ensure 
each condition had the exact same experience with the 
AI teammate regarding ethically charged action. Lastly, 
there is research showing that trust repair strategies 
can be less effective as violations are repeated, even if 
it isn’t the same strategy each time (Esterwood and 
Robert 2023; Pak and Rovira 2023). As such, additional 
studies examining these strategies as between-subjects 
factors should be coupled with studies examining them 
within-subjects.

Lastly, the current study utilised partial Latin squares 
counterbalancing and presented each within-subjects 
level as a new experience with a new AI teammate 
with a different name to help control for carry-over 
effects. However, there is research stating that trust 
repair strategies can be less effective as they are 
repeated, even if it isn’t the same strategy each time 
(Esterwood and Robert 2023; Pak and Rovira 2023). As 
such, additional studies examining these strategies 
between-subjects should accompany studies examin-
ing them within-subjects.

6.  Conclusion

As the extended use and deployment of human-AI 
teams gain momentum, critical questions arise about 
the ethical perceptions of AI. Trust in the AI teammate 
and the team as a whole become vital questions for 
the survival of such teams in the face of potential 
ethically-based trust violations. While investigations 
explore the interplay of ethics and trust in the 
human-AI teaming context (Schelble, Lopez, et  al. 
2022; Textor et  al. 2022), it becomes essential to 
explore this relationship at a deeper level to include 
the contextual factors influencing trust. Towards that 
end, the current study posits pertinent insights for 
human-AI teams operating in high-risk action-based 
tasks. Stemming from the integrative model of trust 
(Hancock et  al. 2023; Mayer, Davis, and Schoorman 

1995), the differences in risk, interdependencies, and 
interaction between team roles were shown to affect 
participants’ perceived trust and ethicality towards the 
AI teammate. Further still, the study found compe-
tency violations were viewed less favourably than 
integrity trust violations despite the same unethical AI 
teammate action being judged. Lastly, trust repair 
strategies had a relatively negligible impact on 
human-AI teams, with a small interaction effect, and 
the denial trust repair strategy resulted in teams 
destroying more generators than the justification and 
apology conditions. These results emphasise just how 
task interdependence between roles and the contex-
tual reasoning why an AI committed an ethical viola-
tion can impact trust in ethically charged situations for 
human-AI teams operating in high-risk action-based 
tasks. Such an assertion gives credence to recent the-
oretical frameworks on trust in human-AI teams 
(Flathmann et  al. 2021; Hancock et  al. 2023; Malle and 
Ullman 2021) and human-centered AI more generally 
(Berretta et  al. 2023; Xu and Gao 2024). These findings 
contribute directly to the efforts to develop more eth-
ical AI systems by improving the understanding of 
how ethics and trust interact with the dynamic rela-
tionships in human-AI teams for future research as 
they relate to high-risk action-based tasks.
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