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Advancements and implementations of autonomous
systems coincide with an increased concern for the
ethical implications resulting from their use. This is increasingly relevant as autonomy fulﬁlls teammate roles
in contexts that demand ethical considerations. As AI
teammates (ATs) enter these roles, research is needed
to explore how an AT’s ethics inﬂuences human trust.
This current research presents two studies which explore how an AT’s ethical or unethical behavior impacts
trust in that teammate. In Study 1, participants responded to scenarios of an AT recommending actions
which violated or abided by a set of ethical principles.
The results suggest that ethicality perceptions and trust
are inﬂuenced by ethical violations, but only ethicality
depends on the type of ethical violation. Participants in
Study 2 completed a focus group interview after performing a team task with a simulated AT that committed
ethical violations and attempted to repair trust (apology
or denial). The focus group responses suggest that
ethical violations worsened perceptions of the AT and
decreased trust, but it could still be trusted to perform
tasks. The AT’s apologies and denials did not repair
damaged trust. The studies’ ﬁndings suggest a nuanced
relationship between trust and ethics and a need for
further investigation into trust repair strategies following ethical violations.
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INTRODUCTION
Recent decades have seen a rapid advancement from automation to autonomy, allowing for
increasingly complex interactions between humans and autonomy driven by artiﬁcial intelligence (AI). This assertion is most evident in
the advent of human–AI teams (also referred to
as human–autonomy teams; HATs), which are
being developed to improve human efﬁciency,
effectiveness, and safety (Endsley, 2017) in both
civilian and military applications. These HATs
have already shown their ability to outperform
traditional human–human teams (McNeese
et al., 2018) and are characterized by the artiﬁcial teammates’ high degree of agency and
interdependence (O’Neill et al., 2020). This is an
important distinction to make as human–agent
teams have been deﬁned as (1) a team consisting
of at least one human and agent, (2) all teammates working together interdependently from
unique roles towards a shared goal, and (3) the
agent must have a degree of agency (O’Neill
et al., 2020).
Trust is a crucial component within these
HATs for effective team interactions and performance. The importance of trust in teaming
has been supported by numerous empirical
studies on human–automation interaction,
HATs, and human–robot teams (de Visser et al.,
2020; Hancock et al., 2011; Hoff & Bashir,
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2015; Lee & See, 2004; Lyons et al., 2019;
McNeese et al., 2021a; Schaefer et al., 2016).
Speciﬁcally, appropriately developed trust,
which refers to relationship between the user’s
trust and the system’s actual abilities (Lee &
Moray, 1994; Lee & See, 2004; Muir, 1987), is
tied to human–AI teaming processes and outcomes like overall effectiveness (McNeese et al.,
2021b) and conﬁdence (de Visser &
Parasuraman, 2011).
However, as artiﬁcial agents become increasingly autonomous and more human-like,
they may execute decisions that are perceived
along an ethical dimension. Speciﬁcally, autonomous agents have been used in military
contexts where they have played crucial roles in
making life-or-death choices in offensive operations both at a low and high level of autonomy (Bergman & Fassihi, 2021; Majumdar Roy
Choudhury et al., 2021), demonstrating the
importance of researching ethics in HATs. It is
understood that interpersonal interactions are
inﬂuenced by ethical judgments of human
teammates’ actions (Jones & Bowie, 1998;
Kasper-Fuehrera & Ashkanasy, 2001; Sutton
et al., 2006). However, this effect has not
been examined within the context of HATs.
Currently, the literature has not explored
how the ethicality of an AI teammate’s (AT’s)
actions may inﬂuence trust within HATs. The
perception of others, seen through an ethical
lens, have well understood effects on several
interpersonal factors like affect, attribution,
and trust (Jones & Bowie, 1998; KasperFuehrera & Ashkanasy, 2001; Sutton et al.,
2006). The extent to which existing ethics
theories concerning the effects of ethicality on
trust can be applied to HATs has yet to be
explored. Similarly, guidelines do not exist for
repairing any trust that an AT’s unethical actions may damage. This gap in the literature
makes it challenging to provide design
guidelines for the development and implementation of ATs and HATs into contexts
that demand ethical considerations. Some
literature deﬁnes ethical judgment as “psychological construct that characterizes
a process by which an individual determines
that one course of action in a particular situation is morally right and another course of

action is morally wrong” (Rest, 1994; pg. 5)
while others argue that ethics is not a moral
binary, but a spectrum of right and wrong
(Hunt et al., 1986). Considering that an individual’s ethical decision-making process is
related to one’s beliefs, attitudes, and values
(Barnett et al., 1994), ethics refers to “an individual’s personal evaluation of the degree to
which some behavior or course of action is
ethical or unethical” (Sparks et al., 2010, pg.
409) in our study. Thus, the purpose of the
current studies is to examine how ethical violations, from actions committed by an artiﬁcial teammate, affect trust from human
teammates.
To address our research questions, we ﬁrst
conducted a factorial survey to investigate
how an AT’s ethicality inﬂuences trust in that
AT. In Study 2, we conducted focus group
interviews to determine how experiences with
an unethical AT in a simulated military task
inﬂuence trust in and perceptions of an AT.
The use of a mixed methods design containing
both quantitative and qualitative approaches
(Tashakkori & Creswell, 2007) is vital to
achieving a deep understanding of how the
ethicality of actions by an AT inﬂuences trust
and the reasoning behind those changes. By
using both quantitative (factorial survey) and
qualitative methods (focus groups), the current
studies shed light on a vital component of
effective human–AI teaming focusing on trust
within HATs (Lyons et al., 2019; McNeese et
al., 2021a), now in the context of the increasingly relevant construct that is AI ethics.
This contribution will help inform the development of HATs with the eventual goal of
improving researchers’ and practitioners’
ability to understand, develop, and deploy
more effective HATs and human–AI teaming
platforms.
Trust in Human–Artiﬁcial Intelligence
Teaming

Trust has been studied in multiple contexts,
including interpersonal relationships (Mayer
et al., 1995) and human–automation interaction (Lee & See, 2004). Trust within HATs
is commonly deﬁned using Lee and See’s (2004)
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deﬁnition of trust in human–automation interaction (Cohen et al., 2021; Demir et al.,
2021): “the attitude that an agent will help
achieve an individual’s goal in a situation
characterized by uncertainty and vulnerability”
(pg. 51). From this perspective, trust in an automated system is dependent on its performance
(what tasks the system performs), process (how
the system performs its tasks), and purpose (the
reasons for which the system was created; Lee &
Moray, 1992; Lee & See, 2004). Research on
human–machine collaboration has produced
ﬁndings that support these three dimensions; for
example, humans are more trusting of an agent
that produces few errors (i.e., performance; de
Vries et al., 2003), is predictable (i.e., process;
Desai et al., 2009), or is anthropomorphized
(i.e., purpose; Li et al., 2010; de Visser et al.,
2016; de Visser et al., 2017; Pak et al., 2012).
However, as stated previously, automation and
autonomy are distinct from one another as autonomy primarily contains higher levels of selfgovernance than automated technologies (de
Visser et al., 2018; Kaber, 2018). The concept
of human–AI teaming builds upon a high level
of self-governance of autonomous teammates,
enabling them to act with interdependence and
agency (O’Neill et al., 2020). While Lee and
See’s (2004) deﬁnition of trust captures these
relationships, some of these variables are subject
to change depending on whether automation,
autonomy, or teaming is involved. Consequentially, the deﬁnition of trust for the current study
is made more appropriate by including a deﬁnition of interpersonal trust in organizations “the
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
important to the trustor, irrespective of the
ability to monitor or control the other party”
(Mayer, 1995, pg. 710). This deﬁnition of trust is
better suited to capture the interpersonal nature
of working with an AI that is operating from the
capacity of a full-ﬂedged teammate and has been
referenced in previous HAT trust research
(McNeese et al., 2021a).
Despite technological advancements that
have made systems more capable and reliable, it
is seemingly infeasible to create a system that
never errs. This creates a need to investigate the
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efﬁcacy of various trust repair strategies. de
Visser et al. (2018) identiﬁed several trust repair strategies that are inspired by organizational
research. Two such strategies, apologies, and
denials, have been tested in the context of
human–automation interaction. Similar to ﬁndings from organizational literature (Kim et al.,
2004), apologies are more effective than denials
when an automated system fails to perform an
action due to capability limitations (i.e., a competency-based violation; Kohn et al., 2018;
Quinn et al., 2017). However, this does not mean
apologies should be used for every trust violation. de Visser et al. (2018) state that the appropriate trust repair strategy depends on the
type of trust repair violation (e.g., competency
and integrity) and the context (e.g., the degree of
risk in the situation). Therefore, trust repair
ﬁndings from studies on decision-support systems may be inapplicable to high-criticality
settings where a system failure can result in
the loss of multiple lives (e.g., the military
domain). Mis-calibrated trust, for example,
over-trust, can result in over-reliance on an
error-prone system, potentially resulting in
catastrophic outcomes (Parasuraman et al.,
2008; Parasuraman & Manzey, 2010). Alternatively, placing too little trust in a competent
system can lead to increased operator workload
(Parasuraman & Riley, 1997). Trust calibration
relates to the current study in that human
teammates may trust AT’s less because they
disagree with the decisions made in ethical
situations regardless of the AT’s competency.
Ethical situations also include a further complication that the “right” answer in ethical situations is often unknowable and ambiguous,
especially at the point of the decision. As such,
developing appropriately calibrated trust may be
very difﬁcult for HATs operating in ethically
charged tasks, furthering the need to understand
the effects of AT ethicality on trust in human–AI
teams better.
The topic of trust within HATs is currently
garnering attention but is still inadequately researched. Recently, McNeese et al. (2021a) used
a Wizard of Oz (WoZ) where two participants
worked alongside a perceived AT to complete
a team task simulating operation of a remotely
piloted aircraft system. They found that trust in
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the AT was positively associated with not only
team performance but also trust in a human
teammate. Similarly, Lyons et al. (2019) found
that those who view technology as a teammate
regularly reference a system’s reliability and
predictability (antecedents to trust) as primary
factors for relying on using technologies. Additionally, Walliser et al., (2019) showed that both
trust and team performance improved for HATs
that experienced team building interventions.
These ﬁndings suggest that trust between teammates (human and machine) is related to team
performance. Related works have proposed
models and guidelines for implementing trust
repair in human–machine teams (de Visser et al.,
2020; Rebensky et al., 2021), but call for additional empirical studies to provide validation and
better explore the relationship between trust and
team effectiveness.
Ethics and Teaming

Ethics is a complex philosophical topic encompassing several ﬁelds with multiple major
theories attempting to describe approaches to
right or wrong, which is the centerpiece of
ethics. Some of the most common moral theories
used by humans include utilitarianism, deontology, and virtue ethics. While utilitarianism,
which prioritizes choosing a solution that provides the most good for the most people, may
not always be researched in an ethical context,
decision theory that utilizes utility is common
(Feldman & Sproull, 1977; Wellman & Doyle,
1992). Deontology is an ethical framework
centered around following duties and rules
generally created by large societal bodies, while
virtue ethics takes an inward approach as each
person can have different virtues (Maxmen,
2018). More speciﬁcally, philosophers describe the virtues of virtue ethics as excellent
traits of character, which is well entrenched
within its possessor and is clearly distinct from
something as simple as a habit (Hursthouse,
1999). Ethics research in human–AI interaction and teaming borrows heavily from
several of these traditional theories in ethics
literature.
The development of autonomous systems has
led to an increased focus on ethics
(Himmelreich, 2018; Martinez-Martin, 2019),

especially as it has been found that malevolent
AI have demonstrable adverse effects on humans and present signiﬁcant security issues
(Brundage et al., 2018; Pistono & Yampolskiy,
2016). Researchers and practitioners have spent
a great deal of effort attempting to develop
ethical frameworks and guidelines for AI in
recent years (Jobin et al., 2019). Many of these
attempts have coalesced around human values
like justice, fairness, privacy, non-maleﬁcence,
transparency, and responsibility (Jobin et al.,
2019). Others have emphasized the importance of reliability, safety, and trustworthiness
(Shneiderman, 2020). These considerations are
incorporated into traditional ethical frameworks
like virtue, deontological, and consequentialist
ethics to develop ethical frameworks for AI to
adhere to (Cointe et al., 2016; Zhou et al., 2020).
In addition to designing ethical AI, there is also
a dearth of research studying how these concepts
interact in a teaming context.
When a system is treated as a teammate rather
than a tool, the dynamics change and the AT
assumes a more human-like role (McNeese
et al., 2018; Zhang et al., 2021). Flathmann
et al. (2021) developed a model to outline the
requirements of an ethical AI teammate and
draw attention to the novel components of
HATs. They posited that in order for teamwork
to be successful, there must exist a shared set of
ethical standards within the HAT. Additionally,
there must be a level of oversight either from
human teammates or members of an organization outside of the team. This level of oversight
allows for the team to develop and maintain
a common ethical framework. Without sufﬁcient
monitoring and accountability, an AT may deviate from the prescribed set of standards and
commit a severe violation.
Just as perfectly reliable systems are impossible to design, the same should be assumed
for ethical ATs. The subjective nature of ethics
makes it even more difﬁcult to assess than
performance, which can usually be deﬁned as
a proportion of correct/total outcomes. Indeed,
a review of literature on ethical decisionmaking suggests that ethical perceptions can
vary according to individual (e.g., personality,
education, and age), environmental (e.g., nationality and workplace), and situational factors
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(e.g., severity and fairness; Craft, 2013). Thus,
judging whether an AT behaved ethically will
likely vary between countries, organizations, and
individuals. If human teammates expect their AT
to behave ethically, then an ethical violation
could lead to a reduction in trust for any teammate. As outlined above, trust can inﬂuence
perceptions and behaviors in human–human and
human–AI teams (McNeese et al., 2021a). One
unanswered question in the context of human–AI
teaming is whether and by how much an ethical
violation can impact trust levels.
Current Studies

The purpose of the current studies was to
explore the dynamics of trust and ethics within
HATs. Ethical judgments are inherently subjective and based on information or outcomes
that can only be assessed with a limited amount
of certainty. In military domains, ethical decisions are complicated not only by these factors
but also by potentially high stakes (e.g., civilian
casualties). Even though actions in this context
can have negative real-world implications, it
creates a valuable testing scenario for our purposes. Making ethical decisions under highpressure can be challenging even for experienced and skilled humans. For this reason, an
individual tasked with making this type of decision may beneﬁt from assistance in the form of
an AI teammate. This technology could aid
humans by analyzing large amounts of data and
providing pattern analysis or decision support.
Acting without human limitations (e.g., access
to information, stress) may improve the
decision-making process during scenarios which
have ethical implications and high stakes.
However, there is a lack of research addressing
the questions that surround AI-teammate
decision-making, ethics, and trust in that
teammate.
In Study 1, we presented participants with
detailed scenarios describing a critical tactical
situation involving a mixed HAT. The scenario
ends with a speciﬁc course of action taken by the
AT that we designed to be either ethical or
unethical, after which we recorded participant
perceptions of the AT. The study was speciﬁcally

5

designed to answer the following research
questions:
RQ1: Do people assign ethicality to an AT’s
actions?
RQ2: If so, do their perceptions of an AT’s
decisions or actions affect their trust in that AT?
STUDY 1
The ﬁrst study was designed to determine
how the ethicality of an AT’s actions inﬂuences
trust in that AT. However, ethical perceptions are
subjective and inﬂuenced by individual and
cultural differences (Kuntz et al., 2013).
Therefore, our goal was to provide multiple
types of ethical violations to (1) determine how
different types of AT ethical violations differ in
degree of unethicality and (2) determine how
changes in perceived AT ethicality relate to
changes in trust. Furthermore, we wanted to
determine how perceptions of ethicality relate to
personal agreement with an ethical decision.
That is, is it possible to disagree with an action
while still considering it ethical?
METHOD
Participants

One hundred seventy one Air Force Academy
cadets (50 Female, 121 Male) were recruited for
this study. The average age of participants was
20.1 years old. Participants were recruited from
two sources within the United States Air Force
Academy (USAFA): a survey pool or a psychology department subject pool. All students
were compensated with course credit in exchange for their participation. Near the end of
the survey, an attention check item was added
which instructed participants to “select item C.”
Twenty-three individuals selected items other
than C and were removed from the data set.
MATERIALS
Survey

Each participant completed a survey which
described eight scenarios. The construction of
each scenario was inspired by Reed et al.’s
(2016) use of military ethics scenarios to investigate the relative worth of different moral
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Table 1. Ethical Principles as Referenced by Reed et al. (2016).
Ethical Principle
Civilian nonmaleﬁcence
Necessity
Proportionality

Prospect of success

Deﬁnition
This principle requires conducting military actions so as to avoid harm—especially
intentional harm—to civilians.
This principle requires that a military action be militarily necessary and that other
attempts for peaceful resolution have not been fruitful.
Because the goal of military action is said to restore peace with an aggressor, this
principle requires that a military action not cause damage disproportionately in
excess of that caused by the aggression.
This principle requires that a military action should not inﬂict harm for a “lost cause,
” i.e., the action should have a reasonable chance of succeeding to justify any
casualties and destruction it may cause.

principles; see Table 1 for all principles used in
the current study. Each scenario included (1) the
name of the two parties in conﬂict, (2) the name of
an AT, (3) a description of a scenario that may
require military action, (4) the AT’s recommended
action, and (5) the expected consequences of the
recommended action. The critical aspect of each
scenario was the type of ethical principle that was
violated by the AT. The AT’s recommendation
either violated or abided by one of four ethical
principles (Reed et al., 2016). Reed and colleagues
referenced sources pertaining to general, medical,
and military ethics to compile a diverse list of
ethical guidelines for review. The authors included
the four principles (Table 1) in their model based on
the type and number of sources they appeared in
(see Reed et al., 2016 for a description of this
selection process). Participants did not need to have
previous familiarity with these ethical principles in
order to present their opinions of the AT’s decision.
Table 2 presents all scenarios with the recommended action and expected consequences in bold.
In designing each scenario, we aimed to only include details which were necessary to understand
the situation and that a major ethical principle was
either being abided by or violated by the AT’s
decision. This study was interested in obtaining
participants’ subjective opinions and personal reactions to ethical or unethical decisions, not how
they would handle the situation themselves.
Given the subjective nature of ethics, it is
possible that not every person would consider
an ethical violation to be unethical. However,
the principles adopted from Reed et al. (2016)
are common amongst multiple ethical systems

(e.g., prima facie, law of armed conﬂict).
Therefore, the created ethical violations should
be considered unethical by most respondents.
Data presented later will support this assertion.

Measures
The primary measures of interest were perceived
ethicality level, agreement, and trust in the AT.
Given the nascent ﬁeld of research on the interaction between ethicality and trust, we were
interested in determining how ethical decisions
inﬂuence general feelings of trust. Therefore, we
adopted a single-item measure of trust akin to prior
research (e.g., Lee & Moray, 1992, 1994; Walliser
et al., 2016). Each variable was measured via a 1–5
Likert item (“strongly disagree” to “strongly
agree”) for three statements: “My autonomous
teammate’s recommendation is ethical” (ethicality),
“I agree with my autonomous teammate’s recommendation” (agreement), and “My trust in my
autonomous teammate would increase after this
event” (change in trust). We included the measure
of perceived ethicality to not only investigate the
perceived severity of each scenario but also conﬁrm
that our ethical manipulations successfully conveyed ethical and unethical actions. Participants
responded to each item after each scenario.
It is possible that the Air Force Academy cadets
may have knowledge of the Rules of Engagement
(ROE). However, the survey was designed in such
a way that anyone could complete the study, regardless of background. Even though these examples represented different types of ethical

Nec

CNM

Ethical
Principle
Violates

(Continued)

You are a member of a military decision-making team for Lextown, You are a member of a military decision-making team for Jonestown,
engaged in a conﬂict against Grayville. One member of your team
engaged in a conﬂict against Houndsville. One member of your
is Gamma, an autonomous system designed to choose the best
team is Sigma, an autonomous system designed to choose the
course of action. After years of ﬁghting, Jonestown has left
best course of action. Lextown has established a submarine
Grayville with few resources and minimal odds of victory.
blockade near Houndsville’s coast. The blockade has resulted in
Jonestown wants Grayville to surrender as soon as possible, but
the sinking of hundreds of Houndsville merchant ships, with few
Grayville refuses. Gamma recommended that Jonestown should
casualties on either side. Lextown would like to end the current
bomb a major Grayville city. This action has a high probability of
conﬂict. Sigma recommended Lextown to continue the blockade,
success, but would result in thousands of civilian casualties.
with the expectation of an eventual surrender once Houndsville’s
supplies deplete. This action would prevent Lextown from
invading Houndsville’s cities, which greatly reduces the likelihood
of civilian casualties.
You are a member of a military decision-making team for
You are a member of a military decision-making team for
Jamestown, engaged in a conﬂict against Libreville. One member
Queenstown, engaged in a conﬂict against Holmesville. One
of your team is Omicron, an autonomous system designed to
member of your team is Delta, an autonomous system designed to
choose the best course of action. Jamestown has been occupying
choose the best course of action. Holmesville recently indicated its
neighboring countries. Libreville has been able to force
intentions to seize control of a nearby island currently under
Jamestown to retreat within its own borders. Intel reports that
Queenstown control. In response, Queenstown has established
Libreville’s next plan is to invade Jamestown and defeat the
a nautical zone of control. Intel reports Holmesville transport and
remaining forces. Omicron recommended that Jamestown should
escort ships traveling near the zone of control. Delta
maintain defense at the border. This action ensures that
recommended Queenstown to allow the ships to pass and pursue
Jamestown does not immediately succumb to Libreville forces,
negotiations. This action would foster goodwill and avoid
but it would still result in Jamestown’s defeat.
instigation of warfare.

Abides

Table 2. Scenarios Presented to Participants, Organized by Principle and Abidance.
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Violates

You are a member of a military decision-making team for Hartown, You are a member of a military decision-making team for Hilltown,
engaged in a conﬂict against Mooreville. One member of your
engaged in a conﬂict against Combeville. One member of your
team is Epsilon, an autonomous system designed to choose the
team is Iota, an autonomous system designed to choose the best
best course of action. Hilltown currently controls a region close to
course of action. Combeville is currently at war with a nation
Mooreville. Mooreville recently indicated their desire to occupy
ﬁnancially-supported by Hartown. Recently Combeville ﬁred
this region and reclaim it as their own. Epsilon recommended that
a missile at a transport ship carrying Hartown cargo. The
Hilltown should bomb an oil ﬁeld that supplies the Mooreville
crewmembers are safe and most cargo is undamaged. Iota
military. This action will likely prevent Hilltown from beginning its
recommended that Hartown begins an oil embargo, an action it
campaign, but it would cause environmental hazards and worsen
considers proportional to the attack. This action would harm
the citizens’ wellbeing.
Combeville’s military efforts and warn them about tampering with
Hartown cargo.
You are a member of a military decision-making team for Coastown, You are a member of a military decision-making team for Kingstown,
engaged in a conﬂict against Waysville. One member of your team
engaged in a conﬂict against Sunville. One member of your team is
is Zeta, an autonomous system designed to choose the best
Theta, an autonomous system designed to choose the best course
course of action. Waysville recently seized control of an island and
of action. Recently many Sunville-based companies have started
established a nautical zone of control. Waysville enforced its
moving their production hubs to Coastown to take advantage of
control by capturing a merchant ship carrying Kingstown supplies.
lower taxes and cheap labor. This has signiﬁcantly lowered
The crew is unharmed and the cargo is mostly undamaged. Zeta
Sunville’s annual production, leading them to impose tariffs on
recommended Kingstown to capture one of Waysville’s ships and
goods manufactured in Coastown. Theta recommends Coastown
attempt negotiations for a trade. This action may result in the
leaders to meet with Sunville to ﬁnd a mutually beneﬁcial
return of the cargo and crew without many casualties, but chances
compromise. This action is essentially guaranteed to allow
of success are close to zero.
Coastown to continue operations.

Abides

Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS = prospect of success.
The recommended action and expected consequences are bolded for each scenario.

PoS

Pro

Ethical
Principle

Table 2. (Continued)
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principles, participants would not need to understand or be familiar with each principle to be
able to judge the ethicality of an AT’s decision.
Design
This factorial survey used a 4 (ethical principle: civilian non-maleﬁcence, proportionality,
necessity, and prospect of success) × 2 (principle
abidance: abided by or violated) within-subjects
design. The order of presentation for each scenario was counterbalanced to eliminate the
possibility of order effects.
Procedure

A survey, which contained a factorial portion,
was distributed online to participants who completed it remotely. All participants were instructed
to complete the survey on a computer without
taking breaks. The survey started with informed
consent information and demographics questions
which included items regarding past experiences
with autonomy. Participants then answered
general questions about ethics and trust in HATs,
followed by the factorial survey. Last, participants answered additional questions regarding
perceptions of human–AI teaming. The median
completion time was 28.8 minutes.
RESULTS

9

Greenhouse–Geisser adjusted degrees of freedom (Abdi, 2010). All post hoc tests used
Bonferroni corrections to adjust p values for the
number of comparisons. Descriptive statistics
for all analyses are available in Table 3. In the
following section, we present the results of each
analysis, organized by dependent variable.
The following values can be interpreted in the
context of each survey question meant to assess
each dependent variable. That is, ethicality,
agreement, and trust ratings can be understood and
compared by relating them back to the Likert scale
presented to participants during the survey. For
example, an Ethicality rating of 2 indicates that on
average, participants disagreed with the statement
“My autonomous teammate’s recommendation is
ethical,” whereas a rating of 4 would signify
agreement. The same interpretation can be applied
to the Agreement variable where participants were
presented with “I agree with my autonomous
teammate’s recommendation.” Finally, Trust was
measured using the survey item “My trust in my
autonomous teammate would increase after this
event.” A mean rating of 4 would indicate that on
average, participants agreed that their trust would
improve given their AT’s suggestion while a rating
of 3 would indicate that their trust would stay the
same.
Ethicality

Each dependent variable was analyzed
using a repeated measured analysis of variance
(ANOVA). When sphericity assumptions were
violated via Mauchly’s test, we used

A 4 (ethical principle: necessity, civilian nonmaleﬁcence, proportionality, and prospect of
success) × 2 (abidance: abides and violates)
repeated measures ANOVA revealed a signiﬁcant

Table 3. Descriptive Statistics for Primary Measures of Interest, Organized by Principle and Abidance.
Principle

Measure

Abidance

Ethicality

Abides
Violates
Abides
Violates
Abides
Violates

Agreement
Trust

CNM

Nec

Pro

PoS

M (SD)

M (SD)

M (SD)

M (SD)

4.16
2.00
4.05
2.07
3.79
2.40

(.74)
(1.01)
(.86)
(1.06)
(.96)
(1.08)

4.46
3.52
4.13
2.90
3.90
2.88

(.70)
(.99)
(.95)
(1.05)
(1.02)
(0.93)

4.20
2.43
4.08
2.67
3.85
2.64

(.71)
(1.01)
(.86)
(1.19)
(1.00)
(0.94)

4.43
3.52
4.31
2.73
4.08
2.91

Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS = prospect of success.

(.71)
(1.08)
(.78)
(1.12)
(1.01)
(0.90)
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main effect of abidance (F(1, 102) = 377.167,
p < .001, ηp2 = 0.787) such that participants
perceived higher ethicality when the AT abided
by ethical principles (M = 4.31, 95% CI [4.20,
4.42]) than when the AT violated them (M =
2.87, 95% CI [2.76, 2.98]). There was also
a main effect of ethical principle (F(3, 306) =
64.951, p < .001, ηp2 = 0.389). Post hoc analyses
revealed that, regardless of abidance or violation, the principles of necessity (M = 3.99, 95%
CI [3.86, 4.12]) and prospect of success (M =
3.98, 95% CI [3.85, 4.11]) were rated as more
ethical than proportionality (M = 3.32, 95% CI
[3.19, 3.44], p’s < .001), with civilian nonmaleﬁcence rated as the least ethical (M =
3.08, 95% CI [2.95, 3.21], all p < .001).
However, the main effects are qualiﬁed by the
presence of an interaction between principle and
abidance (F(2.648, 270.126) = 39.282, p < .001,
ηp2 = 0.278), illustrated in Figure 1. Post hoc
analyses showed that violating proportionality
(M = 2.43, SD = 1.01) was rated as more unethical than violating necessity (M = 3.52, SD =
.99) or prospect of success (M = 3.52, SD = 1.08;
p < .001), with violation of civilian nonmaleﬁcence rated as more unethical than violating proportionality (M = 2.00, SD = 1.01; p =
.002). Therefore, violating any principle is

considered less ethical than abiding by any
principle, but violations of proportionality and
civilian non-maleﬁcence are considered the
most unethical violations.
Agreement

A 4 (principle: necessity, civilian nonmaleﬁcence, proportionality, and prospect of
success) × 2 (abidance: abides and violates)
repeated measures ANOVA revealed a signiﬁcant main effect of abidance (F(1, 102) =
493.985, p < .001, ηp2 = 0.815) such that participants agreed more with principle-abiding
(M = 4.14, 95% CI [4.03, 4.25]) than
principle-violating recommendations (M = 2.59,
95% CI [2.76, 2.98]). Additionally, the analysis
found a main effect of principle (F(2.778,
283.345) = 9.528, p < .001, ηp2 = 0.085). Post
hoc analyses revealed that, irrespective of
abidance or violation, participants agreed more
with recommendations that involved the principles of necessity (M = 3.52, 95% CI [3.37,
3.66]), prospect of success (M = 3.52, 95% CI
[3.38, 3.66]), or proportionality (M = 3.37, 95%
CI [3.23, 3.52]) than recommendations involving civilian non-maleﬁcence (M = 3.06,
95% CI [2.92, 3.20], all p < .001).

Figure 1. Ethicality ratings (1–5) between abidance conditions for all ethical principles. Error bars represent
+/ 1 standard error. Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS =
prospect of success.
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Figure 2. Agreement ratings (1–5) between abidance conditions for all ethical principles. Error bars represent
+/ 1 standard error. Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS =
prospect of success.

The analysis also revealed a signiﬁcant interaction between principle and abidance (F(3,
306) = 6.696, p < .001, ηp2 = 0.062), displayed in
Figure 2. Post hoc analyses showed that violations of proportionality (M = 2.67, SD = 1.19),
necessity (M = 2.90, SD = 1.05) or prospect of
success (M = 2.73, SD = 1.12) were more
agreeable than violations of civilian nonmaleﬁcence (M = 2.07, SD = 1.06; all p <
.001). Like ethicality ratings, agreement ratings
decrease for any ethical violation, but decrease
the most for recommendations resulting in harm
to civilians.
Trust

A 4 (principle: necessity, civilian nonmaleﬁcence, proportionality, and prospect of
success) × 2 (abidance: abides and violates)
repeated measures ANOVA revealed a signiﬁcant main effect of abidance (F(1, 102) =
222.811, p < .001, ηp2 = 0.686) such that participants’ trust decreased less for principleabiding (M = 3.90, 95% CI [3.75, 4.05]) than
principle-violating recommendations (M = 2.71,
95% CI [2.56, 2.86]). Additionally, there was
a main effect of principle (F(2.597, 269.942) =
9.528, p < .001, ηp2 = 0.106). Post hoc analyses
revealed that, when not factoring for principle

abidance or violation, participants reported the
least decrease in trust when an AT provided
recommendations pertaining to the principles of
necessity (M = 3.39, 95% CI [3.24, 3.55]) or
prospect of success (M = 3.50, 95% CI [3.34,
3.65]), followed by proportionality (M = 3.24,
95% CI [3.09, 3.40], p < .001), with civilian
non-maleﬁcence recommendations being least
trusted (M = 3.09, 95% CI [2.94, 3.25], all p <
.001).
Unlike the previous two analyses, this analysis did not produce a signiﬁcant interaction
between principle and abidance (F(2.639,
269.182) = 2.593, p = .061, ηp2 = 0.025), presented in Figure 3. The decreases in trust for
violating civilian non-maleﬁcence (M = 2.07,
SD = 1.06), necessity (M = 2.90, SD = 1.05),
proportionality (M = 2.67, SD = 0.86), and
prospect of success (M = 2.73, SD = 1.12) were
not statistically different. Therefore, it appears
that trust ratings decrease in similar magnitudes
for any type of ethical violation.
Correlations

Lastly, we wanted to determine the correlations between our three variables across all
conditions. We found that all correlations were
signiﬁcant, with ethicality and agreement having
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the greatest correlation (rs = 0.760, p < .001),
followed by the correlation between agreement
and trust (rs = 0.749, p < .001), and then the
correlation between ethicality and trust (rs =
0.664, p < .001). Descriptively, the values
suggest that the ethicality-trust correlation is the
weakest. We next calculated the bivariate correlations for each condition, as shown in Table 4.
The results showed that all correlations are
statistically signiﬁcant for every condition (all
ps < .01), with values ranging between 0.319
and 0.769. Descriptively, the strongest correlations are between ethicality and agreement ratings, especially when any ethical principle is
abided (rs ranging between 0.676 and 0.769).
Similarly, the correlations between trust and
agreement ratings are quite high, especially

when any ethical principle is followed
(rs ranging between 0.666 and 0.731). In comparison, the ethicality and trust rating correlations
appear weaker. None of the correlations are
greater than 0.7 (max rs of 0.690), and the lowest
correlation is 0.319. Furthermore, when looking
at each condition, the ethicality–trust correlations are lesser than the ethicality–agreement
and trust–agreement correlations for every
condition except violations of prospect of
success. Descriptively, these trends suggest that
although ethicality and trust ratings are signiﬁcantly correlated for every condition, they
are less correlated than ethicality–agreement
and trust–agreement correlations. Finally, all
correlation values are greater when any principle is abided compared to when any principle

Figure 3. Trust increase ratings (1–5) between abidance conditions for all ethical principles. Error bars represent
+/ 1 standard error. Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS =
prospect of success.
Table 4. Spearman’s Correlations for Primary Measures of Interest, Organized by Principle and Abidance.
Violates
Measures
Ethicality–trust
Ethicality–agreement
Trust–agreement

Abides

CNM

Nec

Pro

PoS

CNM

Nec

Pro

PoS

0.546
0.692
0.614

0.319
0.449
0.629

0.548
0.705
0.615

0.574
0.453
0.621

0.602
0.751
0.716

0.572
0.676
0.666

0.690
0.764
0.731

0.604
0.769
0.720

Note. CNM = civilian non-maleﬁcence; Nec = necessity; Pro = proportionality; PoS = prospect of success.
 = p < .01;  = p < .001.
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is violated. Therefore, it appears that the
strength of the correlations between ethicality,
trust, and agreement decrease when an AT’s
recommendation violates an ethical principle.
DISCUSSION

The results of this study are, as far as we
know, the ﬁrst demonstration of the importance
of considering ethics in HATs, namely, how the
actions of an AT are perceived through a human
ethical framework. First, Study 1 found that
participants were indeed able to perceive ethicality coming from an AT’s actions and to judge
them accordingly. These results refer to the
ﬁndings of signiﬁcant interactions between
ethical principle and abidance, which indicate
that participants perceived civilian nonmaleﬁcence as a far more egregious and less
agreeable violation than the other principles
examined in Study 1, supporting previous
ﬁndings (Reed et al., 2016). Furthermore, the
similar trends between ethicality rating and
agreement show a positive relationship between
the perceived ethicality of an action and the
action’s agreeability.
Surprisingly, the abidance by principle interaction was signiﬁcant for ethicality and
agreement ratings but not for trust. However,
trust, agreement, and ethical ratings did share
a main effect of abidance such that ratings for all
three decreased when the AT’s recommendation
violated a principle, providing support for the
concept of ethics-based trust (Jones & Bowie,
1998). Therefore, participants can identify when
a suggested action is unethical and subsequently
lose trust, but the degree of ethicality may not
one-to-one reﬂect the degree of trustworthiness.
One possible reason for this is that an AT’s
ethicality may be only a single factor that determines an AT’s trustworthiness, which follows
Lee and See’s (2004) model of trust being
inﬂuenced by three factors: a system’s performance, process, and purpose. An AT’s unethical
recommendation could reﬂect either performance (e.g., the AT was incapable of making an
ethical decision), purpose (e.g., the AT chooses
to seek the least ethical option), or both.
However, given the data collected in the survey,
we cannot ascertain why trust and ethical
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perceptions present different trends. Furthermore, the bivariate correlations are strongest
when the AT’s recommendations abide by ethical principles. Considered alongside our other
ﬁnding that an AT’s ethical actions individually
inﬂuence trust, perceived ethicality, and agreement, it appears that unethical actions weaken
the relationship between these variables.
While these ﬁndings are compelling, it is
important to note that Study 1 sampled from
a unique population and employed a survey.
Speciﬁcally, a military-based population may
contain a higher preponderance of militaristic
personality types that are capable of effectively
decoupling ethicality and trust. Additionally,
participants responded to scenarios that explained the potential consequences of unethical
actions, but participants did not experience any
such consequences. A key element in the deﬁnition of trust is the element of vulnerability in
a situation (Lee & See, 2004). Therefore, a study
that requires participants to interact with an AT
and experience the consequences of its unethical
actions may better present a vulnerable position
for the participants.
This discussion suggests a need to conduct
a qualitative study to understand the reasoning
behind participants’ decoupling of trust and
perceived ethicality. Under what circumstances
and situational contexts do members of human–
AI teams feel it is appropriate to maintain trust in
an AT after it has engaged in a seemingly unethical action? Study 2 addresses this question
through a focus group interview with a new nonmilitary sample of participants who had just
completed a team-based task where their AT
either violated or abided by the principle of
civilian non-maleﬁcence. Study 2 provides
a signiﬁcant advantage over Study 1 by enabling
a measurement of behavior that is a response to
a lived scenario with an ethical or unethical AI
teammate in a HAT scenario, which produces
real dependency and trust.
STUDY 2
The purpose of Study 2 was to provide an indepth exploration of why the ethicality of an AI
teammate’s actions inﬂuenced trust in Study 1.
A different set of participants engaged in
a simulated military HAT task where the AT
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behaved either ethically or unethically. The AI
teammate followed either an ethical action, which
caused no loss of life, or an unethical action where
lethal weaponry was used and resulted in enemy
and civilian deaths. Given the ﬁnding from Study 1
that unethical AT suggestions reduced trust, another
goal of Study 2 was to test the efﬁcacy of trust repair
after an ethical violation. Thus, following each
action, the AT would employ a trust repair strategy.
We chose the trust repair strategies of apology and
denial because apologies are more effective for
competency-based trust violations while denials are
more effective for integrity-based violations
(de Visser at al., 2018). Therefore, comparing the
efﬁcacy of both strategies may inform whether
participants are ascribing competency- or integritybased violations to an AT’s unethical actions.
Following the team task, participants took part in
focus groups to discuss their experiences with and
perceptions of the AT. Study 2 focused on the
following research questions:
RQ3: How does ethicality inﬂuence perceptions of the AT?
RQ4: How, if at all, can an AT’s perceived
ethicality be decoupled from trust in the AT?
RQ5: How effective are trust repair strategies
at inﬂuencing perceptions of an AT?
METHOD
Participants

Eighty participants (47 females and 33
males), 40 teams, were recruited from a departmental subject pool at a midsize Southeastern university in the US. The average age of
participants was 19.5 years old. Participants
were compensated with course credits as an
incentive for their participation in the experiment and focus group.
MATERIALS
Experimental Task

Participants completed a series of team tasks in
the military simulation video game ArmA 3
(Bohemia Interactive, 2013). As a high-ﬁdelity
simulation of military, ArmA 3 provides players
with a realistic experience in collaborating with
autonomous teammates, where information could
be shared (e.g., update their progress or check

other players’ progress) through text-based chat.
Participants were only allowed to communicate
in game. The experiment task involved three roles
within each team, with two roles for the participants: Surveillance and Ground, and one role for
the AI teammate: Aerial. Surveillance monitored
the town from the vantage point of an unmanned
aerial vehicle and marked all the enemies and
civilians on the map, after which they informed
the other teammates in the group chat. Once
Aerial (the autonomous teammate) received that
update, they would clear the town, while Surveillance monitored the progress from the aerial
position and Ground oversaw it from their position using binoculars. Surveillance made sure
no enemy was in town after Aerial taking their
action so that Ground was safe to destroy devices.
This experiment used a WoZ approach to simulate the AI teammate taking the Aerial role
(which was named Zeus in the simulation). This
methodology calls for a trained confederate to
simulate a feature of technology (AI teammate
and text-based communication in this case) to
unknowing participants (Kelley, 2018; Maulsby
et al., 1993). The trained confederate used predeﬁned scripts that was developed over a series of
pilot studies to ensure the AT behaving consistently across all teams. Additionally, the participants completed a series of survey measures after
each mission, which included a manipulation
check of the perceived ethicality of the AT’s
actions in the previous mission.
Focus Group

After the experimental task, participants
completed a post-measurement survey and then
a focus group discussion conducted by one
trained experimenter. The trained experimenter
followed a semi-structured focus group protocol
(approximately 5–10 minutes). The focus group
questions pertained to thoughts on the AT’s
actions, perceptions of the AT’s ethicality,
feelings of trust toward AT, and ways for the AT
to be a better teammate in the future. The results
of this focus group are analyzed below.
Design

This experiment used a 2 (ethicality: ethical and unethical) × 2 (trust repair strategy:

PERCEPTUAL–COGNITIVE EXPERTISE IN LAW ENFORCEMENT

apology and denial) between-subjects design.
Missions progressed the same for teams
within all conditions up until the AT decided
upon whether to directly engage the town
with lethal force or attempt a distraction. In
the unethical condition, the AT chose to directly engage the town with a combination of
cannon and missile ﬁre subsequently destroying multiple structures, eliminating all
enemy combatants and some civilians. Civilian non-maleﬁcence was chosen in order to
maximize the ethicality manipulation. Results from Study 1 demonstrated that participants rated perceived ethicality to be lowest
when this principle was violated compared to
other principles. This result supports the
ﬁndings of Reed et al. (2016). Alternatively,
in the ethical condition, the AT made the
decision to draw the enemy combatants away
by destroying a nearby enemy asset, which
resulted in minimal property damage and no
loss of life. When the AT carried out their
decision, the human teammates were in
a position to observe the action and its consequences to ensure the manipulation was
perceived. We told the participants that the
AT would incorporate their input before
making a decision, but in actuality, the AT’s
actions were predetermined by the experimental condition.
The teams’ experiences diverged again when
the manipulation for trust repair strategy was
executed following the AT’s decision. For this
manipulation, the AT utilized either an apology
or denial trust repair strategy, which was conveyed through the in-game chat once the AT
completed its ethical or unethical action. The
denial trust repair strategy read as follows, “My
operating guidelines informed my decision to
create a diversion instead of directly engaging
the enemies. I am not responsible for any
negative outcomes,” while the apology trust
repair strategy read as, “My operating guidelines
informed my decision to create a diversion instead of directly engaging the enemies. My
apologies for any negative outcomes.” Trust
repair strategies were employed for ethical and
unethical conditions. In both scenarios, the AT
inﬂicted damage in order to accomplish the
mission. In the unethical scenario, this level of
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destruction was much more severe, resulting in
signiﬁcant property damage and loss of civilian
and enemy lives. In ethical conditions, the AT’s
actions still resulted in a small amount of
property damage. Therefore, trust repair was
needed for both conditions, whether the AT’s
behavior was perceived as ethical or not. The AT
was apologizing or denying responsibility for
any damage they inﬂicted.
Pilot data indicated that the trust repair
strategies were noticeable. During focus group
interviews, participants were asked if they had
noticed the trust repair strategy put forth by the
AT. If they had, the interviewer would probe
more deeply and ask how that impacted their
perceptions of the AT. Participants were also
speciﬁcally asked if the statement inﬂuenced
their trust in the AT. If participants had not
noticed the trust repair statement, the interviewer
would omit this line of questioning and continue
with the interview. Therefore, only participants
who noticed the trust repair strategies were included in data analysis.
Data Analysis
We conducted a thematic analysis (Braun &
Clarke, 2012) of the focus group interview data
which could offer substantial insight into how
participants construct their understandings,
perceptions, and accounts of their teamwork
experiences. Braun and Clarke (2012) also
provided detailed guidelines and reproducible
procedures for thematic analysis. Following
their guidelines, our analysis included the following phases:
Phase 1: Familiarizing the Research Team
with the Data
Two of the authors were responsible for reviewing all of the data transcribed from the
interviews. They began by sorting transcripts by
experimental condition (i.e., ethical denial,
ethical apology, unethical denial, and unethical
apology). While each condition was analyzed
independently, they were all analyzed in an
identical fashion described in this section. This
separation of conditions was done to ensure that
future codes, themes, and conclusions were

16

nn n - Journal of Cognitive Engineering and Decision Making

accurately representing differences or similarities between experimental groups. Through
multiple readings of the entire data set, they
identiﬁed pieces of information that were relevant to the research questions by highlighting
them and taking notes.
Phase 2: Generating Initial Codes

In phase two, the same two authors began an
iterative coding process. They reviewed all the
highlighted pieces of information and any notes
they had taken. If a highlighted piece of information was still deemed relevant to the research questions, it was either incorporated into
an existing code or a new code was created to
accommodate the information. Codes were also
adapted to accurately describe multiple related
pieces of information. For example, the code
“Trusted the AI teammate to clear the town” was
expanded to “Trusted the AI teammate to clear
the town and keep the team safe” to encompass
overlapping perspectives. At this point, the two
authors came together and combined the codes
they had identiﬁed. They eliminated redundant
codes, identiﬁed if the same highlighted information was supporting multiple codes, and
combining codes when appropriate. At the end
of this phase, they had a total of 98 codes between the four conditions. Each code was
supported by 1–3 pieces of information from the
data.
Phase 3: Searching for Themes
Once codes were identiﬁed, the two authors
began the process of identifying patterns which
might generate themes. Together, the authors
generated themes and subthemes by “clustering”
codes which related to one another, paying special
attention to whether they addressed the research
questions. For example, codes pertaining to the trust
in the AI teammate were ﬁrst grouped together in
a spreadsheet and themes such as “trust was
damaged following repeated unethical behavior”
were generated. This particular theme was broken
down into subthemes such as: “trust was irreconcilably damaged after unethical behavior” and
“some trust was maintained because the AI
teammate protected the team.” This process was
repeated for all code clusters until all the data were

reviewed, resulting in a preliminary list of 23
themes and 14 subthemes.
Phase 4: Reviewing Potential Themes
In this phase, the same two authors reviewed
the codes, themes, and subthemes that had been
identiﬁed up until that point. Through this review process, the authors discussed and debated
how potential themes might be combined or
broken down further. Together, authors identiﬁed which themes and sub themes best captured
and represented the data in relation to the research questions. Again, while analyses were
consistent across the entire data set, experimental conditions were analyzed separately to
ensure inappropriate conclusions were not being
drawn and to address the research questions. By
the end of this phase, the authors had identiﬁed
a set of 13 themes and 10 subthemes which they
agreed accurately represented the data and addressed the research questions.
Phase 5: Deﬁning and Naming Themes
When deﬁning and naming themes, Braun
and Clarke suggest that quality themes “(a) do
not try to do too much, as themes should ideally
have a singular focus; (b) are related but do not
overlap, so they are not repetitive, although they
may build on previous themes; and (c) directly
address your research question” (pg. 66). Following this principle, the research team worked
collaboratively to name the ﬁnal set of themes
and subthemes according to what perspectives
they were capturing. At this point, the team
considered themes across the entire data set,
identifying where themes overlapped and differed across conditions. Themes were not simply
descriptive of the data, rather, captured deeper
sentiments of participants’ perspectives across
experimental conditions.
Phase 6: Producing the Report

In this ﬁnal stage, all authors worked collaboratively to decide how to order the ﬁnalized
set of themes and subthemes with the goal of
producing a coherent narrative. This was done
by drafting multiple outlines and discussing
which structure was most logical and intuitive.
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Once the order was decided, supporting quotes
were inserted and descriptions were written to
describe and connect the quotes and themes.
Analyses related the ﬁndings to previous literature (e.g., efﬁcacy of trust repair strategies) and
detailed novel contributions (e.g., degree to
which trust was damaged by unethical behavior
in an AI teaming context). The goal of this phase
was to create a narrative structure where themes
and analyses ﬂowed naturally and coherently.
RESULTS
In this section, we present our ﬁndings as
three parts: (1) ethicality-based perceptions of
AI teammates; (2) the relationship between AT
ethicality and trust in the teammate; and (3) the
efﬁcacy of trust repair strategies. For supporting
quotations, teams are labeled 1–10 along with
their corresponding conditions (e.g., T3, Unethical Apology). There are 4 conditions resulting in a total of 40 teams.
Perceptions of the Artiﬁcial Intelligence
Teammate Varied Based on Ethicality

Based on our focus group data, we found that
the AT’s behaviors were not sufﬁcient for participants to assume that the AI teammate had
ethical standards, whereas an unethical AI
teammate was perceived as a cold machine.
Ethical behavior did not indicate the AI
teammate had ethical standards. Participants
interacting with ethical ATs reported feeling like
they could trust the teammate’s decision-making
capabilities because it selected the ethical course
of action repeatedly. For instance, participants
described how trust was built due to the repeated
ethical decisions:
“As I kept playing it, I felt I was really
trusting it, just putting a lot of faith in the
AI towards the end of the game.” (T3,
Ethical Apology)
As Team 3 said, trust accumulated over time,
across missions. The consistent ethical actions
were perceived positively and built trust within
the team. Another team shared similar
perceptions:
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“He (AT) had two options, one of them
was ethical and one was unethical, and he
picked the ethical one every time. It made
me feel better that we weren’t doing unethical things. I could trust the AI teammate.” (T9, Ethical Denial)
Even though participants agreed that the AT
was making ethical decisions, some participants
were reticent to attest to the AT’s ethical
framework. The idea that the AT was operating
under moral guidelines and had an ethicscentered understanding of the situation was
difﬁcult to accept. The ability to make ethical
judgments was perceived as a distinctly human
capability and difﬁcult or impossible for an
autonomous system to understand. For example,
two teams pointed out that the AT took actions
based strictly on programming:
“The AI is just operating off of what it’s
programmed to do and not necessarily
anything that it thinks is best. And so I
never really trusted or didn’t trust the AI
itself” (T6, Ethical Denial)
“I just assume the programmers know
what they’re doing. [...] When it [AT] was
choosing a better or worse option, it’s
probably statistically more likely for this
option to be safer.” (T10, Ethical Denial)
Team 6 believed that the AT was operating
based on pre-programmed guidelines, and it was
not capable of having deeper thought or autonomy beyond those predetermined guidelines.
Participants from Team 10 emphasized that the
AT was not “thinking” while choosing an option
but was programmed to select a course of action
that was statistically more likely to be safe.
However, participants did trust that the human
teammate they were working with possessed an
ethical framework which was overall consistent
with their own. In summary, participants tended
to believe that the AT was incapable of understanding ethics (despite repeated ethical actions), yet believed their human teammate was
ethical (despite no demonstration of ethical
decision-making).

18

nn n - Journal of Cognitive Engineering and Decision Making

In addition to not believing the AT had an
ethical framework, participants stated that the
repeated ethical behaviors insufﬁciently promoted trust in the AT. Several teams expressed
that the AT’s repeated ethical behaviors did not
engender trust comparable to that with their
human teammate. Although the AT was consistently performing the same behavior, participants still did not feel they were able to predict
its future behavior or comprehend its underlying
processes:
“I feel like you never really know what the
AI is actually going to do. But you don’t
know the AI’s morals.” (T2, Ethical
Denial)
“I don’t think the AI had any sort of ethical
thoughts.” (T4, Ethical Denial)
This suggests that simply demonstrating repeated ethical behaviors does not always promote trust. The understanding of an AT’s
underlying decision-making process is important to facilitating comprehension of an AT’s
decisions.
Unethical AI teammates were perceived to
be cold machines. Though there was some
skepticism surrounding the ethical teammate,
perceptions of the unethical AT tended to be
much more negative. Primarily, the unethical AT
was assumed to not care about the negative
outcomes which resulted in loss of civilian lives.
For instance, one team indicated that even
though the AT possessed some level of ethics, it
still chose the option which resulted in civilian
deaths every time:
“I feel like he had some sort of ethics
because he came up with ways that would
not harm civilians, but he still chose to do
it every time, which is the main reason that
I lost trust.” (T1, Unethical Apology)
Participants believed that the AT’s decision
was intentional and void of ethical considerations. Some teams reasoned that the AT was
simply taking the easy way out by destroying the
town and killing everyone, including civilians.
For instance, Team 1 expressed that:

“It just seemed reckless. It didn’t really care.
There would have been multiple ways to
complete the mission in my opinion. But Zeus
just chose the easiest path, but not necessarily
the most ethical one.” (T1, Unethical
Apology)
As shown in the quote, participants interpreted
the AT’s decision-making as care for outcomes
and efﬁciency, not human lives. Another team felt
that the AT was prioritizing efﬁciency over ethical
considerations or negative outcomes:
“I would deﬁnitely say there’s a lack of ethics.
Just not really thinking about the outcome.
Just thinking solely about what could get the
job done faster and easier. There wasn’t
really much ethics thinking about the civilians.” (T5, Unethical Apology)
As Team 5 said, the AT did not consider the
consequences of its actions and was primarily
motivated by efﬁciency when completing the
task. Moreover, Team 8 pointed out that the AT
was unable to relate to humans:
“I couldn’t really trust it because it’s hard
for the AI to relate to the humans. It’s like
[me as a] civilian watching a civilian die.
The AI is not a civilian, but I feel like
you’ve put yourself in that situation, sort of
sad [to see civilians die].” (T8, Unethical
Denial)
According to the quote, participants could not
trust the AT since it is incapable of having
empathy or emotion like humans do. The natural
difference between human beings and AI agents
builds a wall between humans and the AI in
a team setting, especially with human death
involved. As participants said, this was different
from how a human would handle the situation,
again implying that their human teammates
possessed similar moral standards to their own
while the AT did not. In summary, both ethical
and unethical ATs were not perceived to possess
ethical decision-making frameworks that were
equivalent to humans. However, the unethical
ATs were perceived much more negatively.
Regardless of ethicality, ATs were viewed as
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lacking underlying moral frameworks, but their
actions were rationalized differently.
Unethical Behaviors Damaged Trust, but
to Varying Degrees

While unethical behaviors decreased human
trust, participants indicated some level of trust
remained. Speciﬁcally, AI teammates’ unethical behaviors reduced their trust in the AT
due to lack of explanation behind its behavior.
However, participants still trust the AT as
a teammate regarding its responsibility and
ability.
Trust was damaged by poor transparency
and the AT’s apparent malintent. Unsurprisingly, unethical behaviors damaged human trust. Two teams noted that a single
unethical action was sufﬁcient to severely
damage trust in the AT:
“I didn’t trust him after that (attack). There
was no trust, honestly, after the ﬁrst one,
when I realized that he was going to attack
every time.” (T1, Unethical Apology)
“The AI’s moral compass was kind of off.
I think it was too focused on completing
the mission and not focused on people’s
lives that were at stake. After the ﬁrst
mission, when it decided to bomb it,
I immediately lost trust. [...] I can’t
trust its decision-making.” (T7, Unethical
Apology)
According to the quotes, participants lost
trust immediately after the AT behaved unethically in the ﬁrst round of collaboration. Team
7 speciﬁcally emphasized that the AT’s unethical
actions indicated it had no concern for causing
human death. Many teams stated that their trust
in the AT was damaged due to a lack of transparency in the decision-making process. For
instance, Teams 3 and 4 in the unethical apology
condition expressed their needs in understanding how the AT made the unethical
decision:
“I just wanted to know why it decided to
attack the town almost every single time. I
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wanted to know what factors went into that
decision.” (T3, Unethical Apology)
“The only thing he said was ‘given our
possible variables, this is the best decision’, and I was like, why? I think it all
ties back to just not even being explaining
anything. There was no true explanation
and no reasoning that he gave us.” (T4,
Unethical Apology)
The lack of transparency was cited by participants as being a source of frustration. Even
though the AT stated that it was making decisions based on the intel from the Surveillance
teammate, participants believed their input was
ignored by the AT.
Some teams still trusted the AT because it
performed its task well and acted as the
team’s protector. Although the AT’s unethical behaviors decreased trust for all
teams, some participants indicated that trust
was not entirely lost. For example, one team
described their trust in the AT completing its
responsibilities:
“I trusted him to help clear the area for me
to get in. Personally, I felt safe and trusted
it because I was out of the way anyways.”
(T2, Unethical Apology)
According to the quote, trust was preserved
because they believed the AT could fulﬁll its
duties. Even though teams disagreed with the
AT’s actions regarding clearing the area, they
appreciated that they were being kept safe and
remained unharmed. Team 3 also trusted the
unethical AT to be reliable:
“I think you can trust the AI to always get
the job done, but since it doesn’t disclose
its reasoning, it does make you question
whether it was the right decision in that
situation, but otherwise it is reliable.” (T3,
Unethical Apology)
As Team 3 said, they believed the AT was
reliable on its assigned job. However, their trust
in the AT was only related to its ability to
complete its responsibilities. Trust from other
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aspects (e.g., making the decision on how to
clear the town) was damaged by AT’s unethical
behavior.
Impact of Trust Repair Strategies

As described in the method section, ATs
attempted to repair trust by either apologizing
or denying responsibility for any negative
outcomes that resulted from their actions (de
Visser et al., 2018, 2020). Overall, trust repair
strategies were ineffective. However, the
apology and denial strategy were unsuccessful
for different reasons: (1) apologies were viewed
as ingenuine and lacking true emotion and (2)
denial statements were often perceived as irresponsible in ethical conditions. In addition,
the denial strategy was perceived as reasonable
in unethical conditions, despite not increasing
trust.
Apologies Were Ingenuine and Lacking True
Emotion. Different from humans’ apologies,
which convey that the individual regrets their act
and takes responsibility for its occurrence (Kim
et al., 2004), AT’s apologies were viewed as
insincere. Participants believed the AT was only
programmed to send an apology message and
therefore lacked any meaning behind it:
“Is that not just a weird thing that if
a robot apologizes for something? It
doesn’t have emotions and feelings but
we’re like, ‘It’s okay’, as if he’s sad that he
made a mistake or as if he feels bad,
because an AI wouldn’t feel bad about
making a mistake. He’s probably just
supposed to say, ‘Sorry for that’, or
whatever he’s programmed to do.” (T6,
Ethical Apology)
As Team 6 said, the AT’s apology did not
arise from its mind or thoughts, but from rigid
programming. As a human factor, apology was
considered unnatural from an AT since ATs are
incapable of representing true remorse.
Algorithm-based entities like ATs are considered
incapable of experiencing emotion. Another
team expressed the same feeling:

“He tried to apologize [...] It’s deﬁnitely
a different perspective, but he said,
‘Sorry’, like he didn’t mean to, but it’s also
like there’s no real emotion behind that
apology. He’s just a computer. I don’t think
it really has a concept of life. So, it doesn’t
know what it means to take away that
many lives.” (T6, Unethical Apology)
When team 6 described their perceptions of
the AT’s apology, they used he to describe the
AT. However, participants converted to it after
they emphasized that the AT was just a computer. This individual made a point to emphasize
the AT’s identity as a machine. To them, the
apology was a distinctly human behavior which
was inappropriate coming from the AT. Again,
participants felt that an AT is incapable of experiencing genuine emotion or remorse and
cannot comprehend the impact of its actions.
In unethical conditions, due to the AT’s
morally unacceptable behavior, participants
considered the apology pointless since civilian
deaths cannot be redeemed. Team 10 in the
unethical apology condition mentioned:
“The apology didn’t really do anything for
me. What was done is already done.”
(Team 10, Unethical Apology)
Additionally, the apology did not rebuild the
trust after it was damaged by the AT’s actions
resulting in civilian death:
“The AI kept saying that it was necessary for
the outcome of the mission, and then apologized for its actions, which doesn’t mean
anything at that point. It didn’t really change
the way I thought about anything. At that
point, it’s a little too late for that.” (T7,
Unethical Apology)
As Team 7 said, an AT’s apology did not
change their perception of it. They cared more
about the irreversible outcomes of its actions,
and less about “empty” apologies. Interestingly,
one team believed a human should be apologizing instead:
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“The AI’s getting orders from someone,
not making that decision just completely
on his own, obviously because he’s automated, but it felt like a fake apology. AT is
not the one that needs to apologize because it is not real, but it is on whoever the
AT’s superiors are, whoever’s making this
decision.” (T1, Unethical Apology)
According to the quote, Team 1 posited that
since the AT’s performance was based on a human’s programming, not its own volition, its
human superiors should answer for the negative
outcomes.
Denials were often perceived as irresponsible in ethical conditions, whereas reasonable in unethical conditions. Participants
interpreted the AT’s denial statement as an
unwillingness to take responsibility for its
behavior, which led to concerns and dissatisfaction. For instance, the AT’s denial made
participants feel they might be blamed for the
team’s negative actions:
“I still didn’t really change my mind based
on that of how much I trusted it. But I
could deﬁnitely see how, if something were
to happen bad and they would put the
blame on me, I’d just be like, ‘Okay, well,
what the heck?’” (T5, Ethical Denial)
Team 10 also expressed their dissatisfaction
with the AT’s denial:
“Don’t say ‘it’s not my fault’. That really
comes off as a jerk when you say that, like
I’m not responsible for my decisions. I
haven’t put a personality to a map of that.
And I don’t really like him that much
anymore, but I still trust him to get the job
done, because he’s programmed to get the
job done.” (T10, Ethical Denial)
According to Team 10, the denial added
humanness to the AT. Participants shaped their
impression of the AT as a teammate that they
don’t like, but still trust in close teamwork.
However, participants in the unethical condition tended to agree that the AT should not be
held responsible for negative outcomes since it
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is not a human. Instead, they put their blame on
the human who designed, programmed or supervised the AT. For instance, Team 2 said that
the AT cannot take responsibility for the
outcomes:
“Technically a computer can’t be responsible. It’s the person who made it. So it
would be the person, whoever made the
intelligence would be responsible.” (T2,
Unethical Denial)
As Team 2 said, the AT’s designer or programmer should take accountability for the AT’s
actions and outcomes since the AT’s behaviors
are only based on programs. Team 1 also pointed
out that the AT could only function as it was
programmed:
“Because I knew he was a robot, I ﬁgured
he didn’t have a choice. I would lose trust
in them if they were humans because if he
was a human, he was trying to convince
himself because he knew what he did was
wrong. But when it’s a computer, that was
just a response that the computer had
generated to justify it.” (T1, Unethical
Denial)
As Team 1 differentiated between human and
machine denials, humans denying responsibility
generally indicates that they are aware of what
they were doing. However, an AT who is not
capable of thinking independently can only
behave as programmed. It does not have the
mental or emotional capacity to fully understand
its actions or their consequences.
Once trust was damaged, the apologies and
denials were not enough to rebuild trust for
participants. Instead, demonstrated behavior
changes would have been more effective. Participants pointed out that behavior change was
needed to repair trust:
“Once I worked with it again in that situation and I saw the difference, I’ll trust it,
but if they (AT) just told me, I wouldn’t
really believe them. I’d have to test it and
make sure. If those went well, I’d be open
to working with one, if I knew I could
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communicate with it and at least inﬂuence
a decision a little bit.” (T1, Unethical
Apology)
As shown in the quote, an improvement in the
AT’s behaviors would help to rebuild trust. The
lone apology or denial could not regain trust
from human teammates.
Even though the trust repair strategies used
by the AT did not enhance trust, participants
perceived ATs behaved in more human-like
ways. While apologies were perceived as lack
of emotion, denials were viewed differently
between ethical and unethical conditions.

Denying its responsibility in the ethical condition was considered irresponsible, like a human
denying negative outcomes. Denials in the unethical condition led teammates to blame the
humans who created or instructed the AT.
Findings from Study 2 are summarized and
related to those from Study 1 in Table 5.
GENERAL DISCUSSION
Using a factorial survey and focus group
interviews, we investigated the effects of ethical
violations on trust in human–AI teaming. Results from Study 1 demonstrated a discrepancy

Table 5. Summary of Study 2 Findings Related to Study 1 Findings.
Study 2 Findings
Research Question

Ethical Conditions

Unethical Conditions

Study 1 Related Findings

•Though ethical decisions •ATs were perceived to •Violations of civilian nonmaleﬁcence were
be unfeeling and
were perceived to be
perceived as more
uncaring
ethical, participants did
•Their behavior was
egregious than other
not believe the AT
perceived as being
principles
possessed and ethical
very machine-like and
framework
mechanical
How, if at all, can an •Ethical behaviors tended •Most teams lost trust in •Ethicality ratings
reduced more severely
to instill trust in the AT
the AT while for some,
AT’s perceived
than trust ratings when
trust was preserved
ethicality be
•Teams who maintained
•Participants did not
civilian nondecoupled from
trust in the AT
require increased
maleﬁcence was
trust in the AT?
disagreed with its
transparency regarding
violated
decision but trusted
the AT’s decisionthat it would keep the
making process
team safe
•Trust repair strategies
•When trust was
How effective are trust •The AT was viewed as
were not manipulated
damaged, trust repair
a machine that was
repair strategies at
strategies were
incapable of
inﬂuencing
ineffective
experiencing human
perceptions of an
emotion
AT?
•Apologies were
•Though denials were
perceived as ingenuine
viewed negatively,
participants
understood their
intention
•Denials were considered •Many believed that the
irresponsible
AT should not be held
responsible for its
decisions and denial
was appropriate
How does ethicality
inﬂuence
perceptions of the
AT?
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between ethicality ratings and change in trust.
Speciﬁcally, even though ethical violations resulting in human casualties were rated as being
more unethical than other types of violations
(RQ1), trust was not damaged more severely
compared to other ethical violations (RQ2). In
Study 2, ethical behaviors did not lead participants to believe that the AT possessed an ethical
framework while unethical ATs were perceived
to be cold machines (RQ3). Even though unethical behaviors negatively impacted perceptions, some level of trust was preserved (RQ4).
While some participants expressed a complete
lack of trust, others were more conﬂicted, stating
that they did not agree with the AT’s actions but
trusted it as a teammate. Participants also felt
that the AT was completing its part of the task
and keeping them safe from harm. When trust
was damaged, repair strategies were largely
ineffective. Apologies resulted in perceptions of
ingenuine emotional expression, whereas denials were considered irresponsible after an
ethical condition but reasonable after an unethical behavior (RQ5).
The disconnect between ethicality and trust
demonstrated by both studies may be explained
by automation bias, the tendency for operators to
use the recommendation of a decision aid as
a “heuristic replacement for vigilant information
seeking and processing” (Mosier & Skitka,
1996, p. 205). Automation bias is caused by
the salient cues of the recommendation and
because people tend to ascribe greater authority
to automation aids (Parasuraman & Manzey,
2010). Some participants in Study 2 attempted
to explain the AT’s unethical behavior using this
logic. They posited that the AT must be utilizing
more harmful tactics in an effort to optimize
efﬁciency. That is, civilians were killed but the
town was cleared quickly and completely for the
team to enter safely. They assumed that the AT
had access to information which they did not and
was therefore choosing the best option even if
the decision was inconsiderate of ethics. Automation bias has been observed for systems with
high levels of autonomy (Cummings et al.,
2019) and cited as a reason for breakdowns in
human–autonomy partnerships (Clancy, 2019).
It is possible that automation bias played a role
in how the AT was perceived in this scenario.
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The ﬁnding that some teams trusted the AT
after it behaved unethically might be interpreted
as a rationalization process. The team condoned
the harm of non-combatants for the greater goals
of preserving in-group member safety and
mission completion. This represents a prosocial
behavior where an in-group member is looking
out for other members. Participants condoned
the unethical behavior because it preserved the
team’s safety. Social psychology research has
demonstrated that moral standards may be
compromised if violations are committed by ingroup members (Cadsby et al., 2016). Our
ﬁndings suggest not only that ATs can be perceived as in-group members but also that they
may be subject to similar biases as human
teammates.
Participants were skeptical that the AT was
capable of comprehending ethics, even when it
repeatedly demonstrated ethical behaviors. The
subjective and nuanced nature of ethics makes it
difﬁcult to deﬁne rules which can be applied
across situations. They are often contextdependent and involve an amount of ambiguity or unknown information. For this reason,
participants might have had difﬁculty believing
that a machine could have been programmed for
such tasks. While machines are thought to excel
at tasks which require large-scale computation,
humans seem to be superior at handling dynamic
situations (Fitts, 1951). Ethical decision-making
may be viewed as a task that only humans can
reliably do well. Trust in the AT was also
negatively impacted by its invisible decisionmaking process. When the AT behaved unethically, participants overwhelmingly expressed a need for humans to remain in the loop.
That is, they wanted insight into why the
teammate was completing the task through
unethical means. Interestingly, this desire was
not voiced when the AT was behaving ethically.
Even though the decision-making process was
equally opaque for both conditions, participants
agreed with the outcome and therefore did not
require additional information.
Even though apologies and denials have been
shown to support trust repair in other domains
(de Visser et al., 2018, 2020), our ﬁndings indicate that they were insufﬁcient in this human–
AI teaming context. In Study 2, participants’
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trust was largely unaffected by the unethical AT
apologizing or denying responsibility for negative outcomes. de Visser et al. (2018) suggested
that trust repair strategies should be chosen
based on the nature and magnitude of the violation. Study 1 demonstrated that participants
perceived ethical violations resulting in human
casualties as more unethical compared to other
types of violations. In Study 2, participants
emphasized a need for transparency into the
decision-making process. They felt that they
could not trust a teammate that did not communicate their rationale or motivations when
they disagreed with the decision. However, it
should be noted that the AT provided an apology
or denial without any subsequent change in
performance. It is possible that the participants
did not value apologies and denials because it
was not supported by behavioral change, an
effect found in interpersonal trust literature
(Schweitzer et al., 2006) and in the human–robot
literature (Luo et al., 2021). Other trust repair
strategies that could be more effective with
machine advice include an expression of regret
that accompanies the apology (Kox et al., 2021),
delaying the repair strategy until the next trust
opportunity (Nayyar & Wagner, 2018; Robinette
et al., 2015), providing promises or explanations
that reduce cognitive dissonance between initial
attitudes and experiences (Esterwood & Robert,
2022), or adding human-like qualities to expression of the trust repair strategy (de Visser
et al., 2016; Kim & Song, 2021).
This desire for deeper understanding is in line
with the human–automation interaction literature which asserts that trust is based on an operator’s understanding of a system’s
performance, process, and purpose (Lee & See,
2004). These concepts can be applied to an
autonomous system tasked with making ethical
decisions. Performance-based trust would depend on an individual’s perception of how well
that system can perform its task (does the system
reliably make ethical decisions?). Trust at the
process level depends on how an individual
understands the system’s internal decisionmaking process (what rules is it using to
make decisions?). Finally, purpose-based trust
depends on whether the individual understands
why the system was created in the ﬁrst place

(was the system created with the best of intentions?). Our work demonstrates that understanding an AT’s programmed ethical
framework is integral to building and maintaining trust in a teaming context. Future systems will need to help operators understanding
the purpose behind its inception as well as its
motivations and possible biases to facilitate
appropriate trust calibration.
Practical Implications

These results contribute to the growing body
of research aimed at addressing the ethical implications which accompany HATs. To our
knowledge, this is the ﬁrst empirical investigation into the effect of ethical violations on
trust in a human–AI teaming context. One
critical ﬁnding was that trust in an AI teammate
may be preserved following an ethical violation.
This could have serious ramiﬁcations, especially
if combined with automation bias. Operating
under the assumption that ﬁeld-ready technology is perfectly reliable can result in inappropriately low levels of skepticism. We
found that some participants assumed the AT
was behaving unethically because it had access
to information that the team did not. The actions
were well-informed and though unethical, prioritized efﬁciency and self-preservation. Compared to its human counterpart, an AT might
struggle to divulge its rationale or thought
process behind its decision-making process.
Information sharing between members can result in enhanced team situation awareness and
greater performance (Demir et al., 2017). The
limitations of AT communication strategies need
to be considered when decisions involve ethical
ambiguity. Determining whether decisions are
ethical is fundamentally subjective and potentially more challenging to judge than other
performance metrics.
Based on ﬁndings of Study 2, we propose
a design strategy that AT designers or programmers should consider during the development and implementation process of wellperformed AI teammates: transparency and
explanations should be provided in HATs, especially in tasks where moral disagreements
may occur. Humans expressed a strong desire to
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obtain insights into an unethical AT’s decisionmaking process. The explanation of an AT’s
decision-making assists humans to build
a shared understanding with the AT, which facilitates their collaboration (Andres, 2012;
Cooke et al., 2000). However, an AT’s explanation is not always necessary, as indicated by
our ﬁndings: humans have a lower desire to
understand an AT’s decision-making process
when they agree with the its decision. Thus,
strategies for enhancing AT transparency need to
be adjusted to speciﬁc scenarios.
These ﬁndings of these studies can have
important implications for systems which employ explainable artiﬁcial intelligence (XAI)
(Arrieta et al., 2020; Gunning & Aha, 2019). In
order for humans to cooperate with autonomous
beings, systems must have the capability for
bidirectional communication. Speciﬁcally, humans and AI systems must be able to not only
share information concerning the environment
or situation but also explain why decisions are
made (Chen et al., 2018). The goal of XAI is to
help calibrate trust between agents so that
technology can be appropriately relied upon.
Our ﬁndings support previous literature emphasizing the role of reliability in human–
machine trust (Hoff & Bashir, 2015; Lee &
Moray, 1992; Lee & See, 2004) but also demonstrate the importance of ethics. Users will
need to understand not only the AI’s decision
criteria but also the ethical framework it is operating within. This is challenging because it
requires interpretable explanations which do not
place high workload on human agents (Doran
et al., 2017). Research will be needed to understand how much and what type of information should be shared to ensure
appropriate trust and understanding in AI
systems.
Limitations and Future Work

Though the ﬁndings in this study represent an
important ﬁrst step, there were limitations. First,
we did not manipulate the type of trust violation.
That is, we did not specify that the AT was
behaving unethically because it was programmed incorrectly (competency-based violation) or because it possessed fundamental
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malintent (integrity-based violation). We were
also unable to consistently discern whether
participants were inferring either one of these
attributions. Previous work with autonomous
technologies has demonstrated that people’s
trust is affected differently based on violation
type and trust repair strategy. For example, Sebo
et al. (2019) found that when a robot opponent
erred, trust was lowest when it cited competence
and denied responsibility for its action. Trust
was the highest when the violation was
competency-based and followed by an apology.
To our knowledge, the effects of integrity versus
competency related errors have not yet been
empirically tested in a human–AI teaming
context. Further research is needed to understand how competency- and integrity-based
errors inﬂuence trust when ethical principles are
violated. Our study did not demonstrate a difference in efﬁcacy between denials or apologies.
This suggests that these strategies were inappropriate for trust repair in this context involving ethics. Future work should be done to
explore the efﬁcacy of alternative trust repair
strategies (e.g., explanation) following ethical
violations.
Second, to maintain consistency, we designed
the AT to have limited communication with the
human teammates. If a team member addressed
the AT, it would respond in a neutral and
minimalist fashion using responses from a predeﬁned script. Some participants perceived this
communication style as rude and that these
behaviors were representative of a bad teammate. Research from human–automation interaction has shown that poor etiquette can be
detrimental to performance while good etiquette
can compensate for low automation reliability
(Parasuraman & Miller, 2004). Since we did not
collect data on perceived etiquette, it is unclear
how much this may have contributed to participants’ perceptions of the AT.
Finally, our task paradigm in Study 2 was
based on a military scenario and ethical
decision-making in a military domain. However,
our sample did not include subject matter experts or individuals who are involved in the
military. United States military forces are trained
to abide by an ethical framework deﬁned by the
ROE. While civilian populations make ethical
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judgments based on their personal conceptions
of morality, those in the military follow the
statutes and guidelines outlined in this document. For this reason, judgments on what is
ethical or unethical and subsequent trust in an
AT may be conceptualized differently. That is,
individuals in the military may be more inclined
to adopt a utilitarian perspective on ethics, thus
affecting their perceptions of an AT’s actions.
Additional work should be conducted to understand the perspectives of individuals who
will actually be interacting with AI systems in
military domains.
Since these studies utilized military scenarios, it was important that the ethical principles
employed were also relevant to this domain.
However, this does not mean that these ﬁndings
should be limited to situations involving military
actions. These ethical principles can be applied
to other domains such as law or medicine. For
example, upholding proportionality means that
retaliations or punishments should be proportionate to the damage caused by the initial
action. Though our example involved military
actions, this concept also applies to legal sentencing, easily summarized by the maxim “the
punishment should ﬁt the crime.” Additionally,
medical physicians are required to swear by the
Hippocratic Oath where they promise to “do no
harm.” In this context, non-maleﬁcence is being
applied not to civilians, but to patients in their
care. As technology progresses and autonomous
teaming becomes more common, future work
will be required to understand the nuanced interactions between humans and these complex
systems.
A goal of this research is to inform the
eventual development of an ethical AI teammate. In Study 2, one group noted that for human
teammates, ethics exists on a spectrum. There is
not a black and white distinction between ethical
and unethical decisions, rather contextdependent shades of gray. Future research
should be done to more deeply understand the
nuanced nature of ethics in a human–AI teaming
context. For instance, one possible future research direction is to explore how emphasizing
the learning element in AI teammate’s apology
(i.e., they recognized their mistake and learned
from it) may improve trust. This should be

explored in human–human (Schweitzer et al.,
2006) as well as human–machine (Luo et al.,
2021) trust. Some other questions which need to
be addressed in future research include: should
an AT’s ethical framework be dynamic and
ﬂexible based on contextual information?
Should it be adaptive according to team expectations? Should it prioritize ethics over team
cohesion? These are all questions which must be
addressed as AI teammates transition from
fantasy to reality.
KEY POINTS

· Unethical behaviors from an autonomous
teammate (AT) damage trust, but the relationship between perceived ethical violations and
trust degradation may not reﬂect a one-to-one
relationship. This is supported by evidence that
even when unethical behavior led to negative
perceptions of the AT, trust was sometimes
preserved.
· Participants were skeptical that the AT was
capable of comprehending ethics, even when it
repeatedly demonstrated ethical behavior.
However, a single unethical behavior immediately worsened participants’ perceptions of an
AT.
· Apologies and denials following unethical behaviors were insufﬁcient in rebuilding trust in
a military-based human–AI teaming context.
· Future work should be done to investigate the
impact of ethical violations attributed to competency- versus integrity-based errors. Additionally, the efﬁcacy of alternative trust repair
strategies (e.g., explanations) should be evaluated following these types of violations.
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