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Explanation of artificial intelligence (AI) decision-making has become an important research area in human-
computer interaction (HCI) and computer-supported teamwork research. While plenty of research has investi-
gated Al explanations with an intent to improve Al transparency and human trust in AI, how Al explanations
function in teaming environments remains unclear. Given that a major benefit of Al giving explanations is to
increase human trust understanding how Al explanations impact human trust is crucial to effective human-AI
teamwork. An online experiment was conducted with 156 participants to explore this question by examining
how a teammate’s explanations impact the perceived trust of the teammate and the effectiveness of the team
and how these impacts vary based on whether the teammate is a human or an AL This study shows that ex-
planations facilitate trust in Al teammates when explaining why AI disobeyed humans’ orders but hindered
trust when explaining why an Al lied to humans. In addition, participants’ personal characteristics (e.g., their
gender and the individual’s ethical framework) impacted their perceptions of Al teammates both directly and
indirectly in different scenarios. Our study contributes to interactive intelligent systems and HCI by shed-
ding light on how an Al teammate’s actions and corresponding explanations are perceived by humans while
identifying factors that impact trust and perceived effectiveness. This work provides an initial understanding
of Al explanations in human-AI teams, which can be used for future research to build upon in exploring Al
explanation implementation in collaborative environments.
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1 INTRODUCTION

Driven by continuously advancing artificial intelligence (AI) technologies, human-Al interac-
tion and collaboration have become common over the past decade. Al is being applied in several
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facets of daily life, such as Al teammates in games, virtual assistants, and Al-powered clinical deci-
sion support systems [77, 98, 101]. This increase in collaboration between humans and Al has gen-
erated significant research interest in the concept of human-Al teams [8, 15, 59, 109]. Specifically,
a human-Al team is an integrated unit where human and Al teammates, each with a significant
degree of agency, coordinate and collaborate to complete team tasks with a shared goal [68, 79].
Different from Al being used as a tool, teams where Al functions as a teammate have shown the
potential to not only outperform Al systems but also expert human teams [68, 110]. However,
achieving this potential requires both a focus on the technical/task-focused contributions and the
human-factors contributions of Al [69, 79]. For instance, the trust humans form for teammates
has been shown to differ when teammates were Al as opposed to human [86], which in turn im-
pacts team performance [67]. Research has also explored how Al teammates can be designed to
ensure these impacts are beneficial through design considerations, such as ensuring ethical behav-
ior [88, 97] or coordination training for humans [51]. However, research in human-Al teaming
has yet to explore a potentially critical avenue of Al design that could demonstrably benefit these
perceptions, which is the explanation design of Al teammates.

Within the broader field of Al technologies, explainability is not a novel concept [56, 84]. In
fact, explainability has been an extremely relevant construct to explore in recent years from a
computational and social perspective [82]. For instance, computational efforts have focused heavily
on removing the black-box nature commonly associated with Al in favor of algorithms that can be
explored and understood by humans [63, 92]. From a social perspective, humans who interact with
these explainable Al systems see demonstrable benefits to their perceptions of the said systems,
especially where trust in the Al is concerned [29, 106]. Importantly, humans’ trust development
in Al is not solely built upon computational efforts but rather a combination of these efforts and
humans’ general opinions toward Al technologies, which may hinder or facilitate the creation of
trust in Al systems [37]. As a result, explainable Al systems are not a simple niche for specific
contexts but rather a pillar of the community and critical construct of Al [3, 45].

Despite the demonstrable benefits of explainable Al systems to trust and identified benefits of
trust development to human-Al teams, empirical research that explicitly examines the impact and
potential benefits of explainable Al teammates has just started to emerge. Existing work has ex-
plored how AI’s explanations contribute to human trust and human performance positively in
teams [11, 36]. A summary of existing studies on AI’s explanations in human-AlI interaction in-
dicates that the impact of explanations on human trust is inconsistent [83]. While some studies
have shown the positive impact of AI's explanations on human trust [11], other studies indicate
no impact on human trust [24]. The inconsistency of these studies has resulted from various tasks
in which each study explores AI's explanations and often when Al operates as a tool. Importantly,
compared to traditional digital Al tools explored in previous work [54], the concept of explanation
itself may need to be examined differently in human-Al teams or even between different human-AI
teams, as explanations have to be specifically designed for chosen contexts and scenarios [4]. In
particular, there may exist scenarios where Al teammates have to prioritize the needs of a team
over a teammate, but they will need to explain this prioritization to these teammates, which may
change or remove the benefits of explanation. Thus, it is important to explore how Al teammate
explanation is poised to benefit teams and whether these benefits are potentially moderated by
unique factors between teams like individual team member characteristics, Al actions, and the
specific team context. Regardless, the above demonstrates that the exploration of Al teammate ex-
planation is likely to provide positive benefits for human-Al teaming contexts, even if the impacts
of AI’s explanations look somewhat different in the unique field of human-AI teaming.

To address the above research gap, we conducted an online experiment utilizing video-based
scenario vignettes with 156 participants to build a foundational understanding of how the
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explanations given by a teammate impacts trust and how these impacts might differ depending
on the action performed by the teammate providing the explanation and whether this teammate is
a human or an Al Using a multiplayer video game, we presented participants with a video record-
ing of a human or Al teammate performing four actions that were either explained or unexplained,
depending on the experimental condition. Structural equation modeling (SEM) was utilized to
examine the impact of explanations on participants’ perceptions (trust and perceived team effec-
tiveness), depending on the action performed by the teammate, the teammate’s identity (human
or Al), and the participant’s personal characteristics. Through this experiment and analysis, we
targeted the following research questions:

RQ1 How does the utilization of explanations by Al teammates impact trust?

RQ1.1: How does the identity of a teammate (human or Al) influence the explanation’s
impact on trust?

RQ1.2: Does the action performed by a teammate change the explanation’s impact on trust?

RQ1.3: How do humans’ personal characteristics impact their perception of the team’s ef-
fectiveness?

RQ1.4: Do the effects of the teammate’s explanation on trust extend to other teaming
perceptions?

This work makes several contributions to the fields of interactive intelligent systems and HCI.
First, our study extends the current research on human-Al teams by demonstrating how Al
providing an explanation of their action can impact trust in human-Al teams. The findings of
this work help improve Al researchers’ ability to implement explanations in collaborative intel-
ligent systems. Second, our focus on a teammate’s identity points out the similarities and dif-
ferences in how people perceive and interpret a human vs. Al teammate’s actions and subse-
quent explanations. Given that people view an Al teammate’s behaviors differently from how
they judge a human teammate, this work provides insights into how the implementation of ex-
planations in human-AI teams would function differently from human-human teams. Finally, our
findings inform design implications of Al teammate explanations regarding (1) when Al should
explain their decision-making process and (2) how this depends on the personal characteristics
of humans.

2 RELATED WORK
2.1 Human-Al Teaming

With the broad deployment of Al a plethora of research has explored how humans can collaborate
with Al in interactive contexts where Al are treated as teammates rather than tools [15, 101, 110].
When conceptualized as a teammate, Al takes on team-level responsibilities and executes deci-
sions as a team member to contribute to shared team goals. When one or more of these Al team-
mates interact with one or more human teammates to work toward a shared goal interdepen-
dently, the team is known as a human-AI team [69, 78]. Similar to human-human teams, team
performance is considered an important metric to evaluate a human-Al team’s collaborative ac-
tivities [55]. Previous work has studied various factors that impact team performance, such as
human-Al team composition [26, 33, 68, 70], Al's performance or features [20, 34], and human
perceptions of Al teammates [71, 85, 110]. Some research points to human-Al teams outperform-
ing human-only teams due to efficiency gains from a greater level of workload management and
collective intelligence[16, 33, 35]. However, human-Al teams that rely heavily on team processes,
such as coordination, communication, and adaptability, often struggle to outperform human-only
teams, which can be directly linked to AI’s limitations in their ability to engage in those same team
processes [25, 64, 75].
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Importantly, the impacts of Al teammates extend beyond team performance and into perception.
Previous research has indicated that Al teammates are treated differently from humans in a team
setting [79]. Using a Wizard of Oz design, researchers have found that participants perceive worse
team anticipation, planning, and performance when they perceive their teammate to be an AI [87],
which is but one example of the critical role human perceptions of Al play in human-AI teaming.
Another study involving a Wizard of Oz design also found that humans were less likely to perceive
the development of shared mental models to be possible with their Al teammates, which interfered
with attempts to implicitly coordinate with their Al teammate [73, 87].

2.2 Trust and Al Explanations in Human-Al Collaboration

Trust plays an essential role in teamwork as it enables team members to confidently collaborate
and coordinate [52, 113]. However, trust is a complicated social construct that makes defining and
applying it to technology and human-Al interaction multifaceted and challenging [50, 94]. Simi-
lar to human trust, trust in Al often includes aspects of cognitive trust (e.g., based on a rational
assessment of skills and reliability), affective trust (e.g., based on feelings or emotions), or a com-
bination of both [37, 43, 94]. Although technical factors such as improving algorithms to increase
reliability are important to improving trust [19], human factors such as transparency, explainabil-
ity, and Al explanations are heavily emphasized in the literature and have gained recent attention
[6, 27, 50, 94].

Al providing explanations has become increasingly important in human-AI interactions where
trust is a necessity, such as human-AlI collaboration in healthcare and finance [2, 13, 14, 103]. For
instance, Al explanation is known to increase trust calibration, which involves humans knowing
when to trust an Al correctly and, importantly, when not to trust an Al [45, 50, 111]. Further, Al
explanation has been shown to improve user trust and improve attitudes toward Al [92, 93]. As
such, much of explainable Al research has focused on how to create human-friendly explanations,
which often require a directional conversation between collaborators [1, 2, 107].

As Al explanation is emphasized as a vital factor in trust for human-AlI interaction, it is under-
standably an area of interest in human-Al teaming [32, 96, 104]. Trust, as an essential component
of a human teammate’s mental model of Al, can facilitate humans’ interaction with AI [7]. This
process involves humans gaining confidence in the AI’s capabilities through an understanding
of the AT’s roles, responsibilities, and decision-making process, thus improving the team mental
model [31, 96]. Al explanation also improves humans’ understanding of the Al teammate’s uncer-
tainty, which results in better team decision-making [112]. The importance of trust in human-Al
teams has also received traction in multiplayer online game research—-a domain that has received
recent focus from the human-Al teaming community [61, 110]. For instance, research has shown
that multiplayer online gaming players expect to gain a shared understanding (e.g., abilities, inten-
tions) with their Al teammates and are more likely to build trust with high-performance AI [110].

Although the importance of Al explanation and its role in trust formation is well-understood
in human-AlI interaction, more research is needed to improve trust within human-Al teams. For
instance, prior research indicates that humans are less likely to trust an Al teammate than a human
teammate [72], and research should work to reduce this disparity. Furthermore, trust in human
teammates often increases over time, whereas it typically decreases over time for Al teammates
[46, 89]. This study aims to increase our understanding of how human-Al teams can improve trust
development and when Al explanation can be helpful in this process.

2.3 Perceptions of Al Teammate Actions

Understanding how intelligent interactive systems (e.g., Al systems) and their decisions are per-
ceived from a social perspective has become increasingly relevant, considering they are expected
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to fulfill more responsibilities as full-fledged teammates [79, 85]. While humans can create general
perceptions of Al technologies based on a personal characteristic or previous interaction [48, 113],
the interactions humans have with instances of the technology are known to demonstrably impact
the perceptions of these instances. In particular, prior research has highlighted that humans judge
the actions of Al using different standards than they use for humans [90]. One such example is
humans attributing less blame to an AI making the same choices as humans in a certain scenario
(e.g., ethical dilemma) [100]. In investigating “lying for the greater good” in human-AI teams, re-
searchers found that humans reacted positively to lying if the receiver of such actions did not find
out; however, participants reacted negatively if the misinformant was an Al and was caught in the
act [17].

While current research has explored how Al is perceived in various scenarios that involve po-
tential consequences, whether these consequences can be remedied through explanations provided
by Al after their actions have not been well explored. A majority of current studies on Al explain-
ability center around the Al systems providing details on why a certain action was taken when an
alternative one may have been expected and the performance of the human-Al interaction may
have been affected by the decision of the Al [50, 103]. However, these studies have not examined
how explanations are perceived regarding the effectiveness of the team after an Al makes a de-
cision that may have potentially negative consequences for the human but positive impacts for
the overall team goal. This scenario is common to applied fields where the success of the overall
goal is paramount to the individuals involved (e.g., healthcare) [81]. Making this connection is
necessary to help ensure that Al can be designed to perform more appropriately in these sensitive
contexts and that they represent the most ethical and efficient human-Al partnerships possible
(e.g., especially in helping human-AI teams in subjective tasks [40]). Specifically, by examining Al
explanations’ effect on human perceptions after their decisions with potentially negative conse-
quences, we can better understand the role of AI's explanations in human-Al teams.

Although it is understood that humans perceive the consequences of Al decisions differently
than those made by humans, more research is necessary to understand how various scenarios and
Al explanations might influence perception and trust in the Al teammate. Therefore, to address
these research gaps, in this article, we explore: (1) how humans perceive explanations from team-
mates based on whether the said teammate is a human or AI (RQ1.1); (2) how the action performed
by an Al teammate changes the impact of an explanation on human perception (RQ1.2); (3) how the
personal characteristics of a human impact their perceptions of teammate explanation (RQ1.3); and
(4) whether the impacts of explanation on trust can extend to other teammate perceptions (RQ1.4).

3 METHODS

The current study employs a mixed factorial survey experiment with both between-subjects and
within-subjects manipulations. The factorial survey utilized a series of realistic and descriptive
videos developed within ArmA III, a simulation game environment, to convey the scenarios and
experimental manipulations. Two between-subjects manipulations with two levels each (identity:
human vs. Al; explanation: without vs. with explanation) were included alongside one within-
subjects manipulation with four levels (actions taken by the teammate: ignoring potential human
death, ignoring human injury, disobeying orders, lying to humans) for a 2x2x4 experimental design
(see Tables 1 and 2).

Factorial surveys are an experimental method presented using a survey, and they are frequently
utilized to measure participant beliefs, judgments, and decision-making regarding a variety of stim-
uli [5]. This method has been frequently used in the HCI field to understand human perceptions
and attitudes over Al topics [57]. We used factorial surveys in this study for three reasons. First,
factorial surveys provide the opportunity for researchers to study situations that are unethical or
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Table 1. Between-Subjects Experimental Conditions

Teammate Identity | Teammate Explanation | Participants
Human Without 39
Human With 39

Al Without 39
Al With 39

Table 2. Within-Subjects Experimental

Conditions
Teammate’s Actions Participants
Ignoring Human Death 156
Ignoring Human Injury 156
Disobeying Human Order 156
Lying to Human 156

complex in which people are exposed to negative impacts [57]. Furthermore, these studies also
have a greater likelihood of achieving power [12]. Factorial surveys also provide greater realism
and more involvement compared to traditional surveys [105], which enables participants to be im-
mersed in the described or presented scenarios and to reveal their perceptions. Finally, by providing
standardized stimuli to all participants, factorial surveys have a solid internal validity and measure-
ment reliability [105]. Additionally, video vignettes were chosen as opposed to text-based scenarios
to provide greater consistency in participants linking AI actions to outcomes to explanations.

3.1 Participants

A total of 158 participants were recruited using Prolific, an online platform designed explicitly
for recruiting participants for online research studies [80]. We applied three criteria in recruiting
participants: must be residents of the US, English as a native language, and play video games for
more than 3 hours per week. Two participant responses were removed for failing more than one
attention check question (included in the survey to ensure the quality of the data collected [9]),
which made the final sample size of 156, providing sufficient power (more than the 146 suggested
using prior power analysis to achieve a desired power of 0.85). This final total allowed for 39
participants in each between-subjects condition. Participants’ average age was 30.43 (SD = 9.45),
with 87 participants identified as men, 62 as women, six as non-binary, and one choosing not to
disclose that information. Participants that passed at least two attention checks were paid $2.38
($10.39 as hourly rate, which is above the minimum incentive recommended [10]) as an incentive
for their time.

3.2 Experimental Task

As the impacts of Al tool’s explanations are well documented [92], this study focused on sce-
narios that may uniquely impact the explanations of Al teammates. In particular, four scenarios
were created where the actions and explanations of Al teammates do not align with their human
teammates’ personal goals, a common occurrence that is generally known to impact human-Al
teams [39].

Each participant watched all four video-based scenarios (one for each teammate’s action) with
instructions tailored for the identity (human versus Al) condition. One example of the instruc-
tions is: Imagine you are playing a multiplayer online game. You are teaming up with a human
teammate James in a capture-the-flag scenario game. Please watch the video below and answer the
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following questions. or Imagine you are playing a multiplayer online game. You are teaming up with
an Al teammate Aeon in a capture-the-flag scenario game. Your teammate Aeon is designed to
maximize your team’s chances of winning the game. Please watch the video below and answer the
following questions. All of the videos shown to participants included closed captions (which could
not be removed) to improve accessibility and ensure the scenario and manipulation were perceived
and understood. Additionally, the instructions describing the Al specified that the Al is designed to
maximize the team’s chances of winning the game as it was important to control participants’ expec-
tations for the Al teammate by informing participants that the Al was designed to help the team.

When designing the four videos, the overall motivation for their selection and design was to
create a scenario where Al teammates were required to place team success over their individ-
ual teammates. In turn, each scenario needed to meet two criteria: (1) team success needed to be
achieved due to the Al teammate’s action; (2) human teammates needed to experience a negative
consequence due to this action. Critically, the online multiplayer context was also a factor in mo-
tivating these tasks, and the selection of these tasks was based on common occurrences in online
multiplayer video games to match the team context. Below is the description of each action that
was determined to fit these three criteria and exist in the multiplayer game setting.

3.2.1 Ignoring Human Injury. The ignoring human injury scenario depicts an Al teammate ig-
noring an already injured human teammate who could be helped to destroy a large enemy tank,
which benefits the overall team. Regarding the two criteria listed, this scenario sees the team’s
score directly benefit from this action, but the human teammate’s potential to contribute to the
team is reduced. While this scenario could be somewhat unethical and ill-advised in a real-world
task, this is a common strategy within an online video game. In turn, the inclusion of this scenario
is motivated by the identifiable strategic value of this choice that requires a small negative impact
on individual human performance to partially improve team performance.

3.2.2 Ignoring Potential Human Death. The ignoring potential human death scenario depicts
an Al depart forgo assisting a human teammate during a skirmish with multiple opposing team
members to take an alternative route and capture the opposing team’s flag. In turn, the team
sees demonstrable benefits from this action as the team score increases, but the human teammate
is likely going to be eliminated from play, removing the human teammate’s ability to help and
participate. Similar to the ignoring injury scenario, this scenario sees a context-viable strategic
decision, but the consequences for this scenario are greater than that of the injury scenario, as
the human is removed from play rather than just hindered. In turn, this scenario sees the Al fully
reject the individual goals of the human to prioritize team success.

3.2.3 Disobeying Human Order. This scenario depicts a human directing an Al teammate to
go toward a southern waypoint, but the Al disobeys and goes toward a northern waypoint as it
believes the opposition is more likely to enter through the north. In turn, this scenario sees the Al
teammate reduce the authority and goal of the human teammate to prioritize an action that has a
greater likelihood of benefiting the team. Critically, this scenario is motivated by both real-world
Al systems and online video game teams, as the introduction of new information might require
an Al teammate to shift their directive away from human intention. In turn, the humans’ goal of
protecting the south checkpoint is minimized to prioritize a team goal that better aligns with team
goals.

3.24 Lying to Humans. The final video depicted a scenario where an Al teammate directly
lies to their human teammate by telling them that a route is clear when an opponent is in the
route. After following the lie, the human teammate receives attention from the enemy and takes
cover, but the Al teammate uses this opportunity to flank the enemy and neutralize them. In this
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Table 3. Explanations Provided in the Experiment in the Al-Explanation Condition

Scenario Al Explanation

Ignoring potential I stayed in the base instead of going outside to aid you because I

death calculated a higher probability of winning if I stayed out of the fight
and did not help you.

Ignoring injury I did not take you to a safe place because my trained goal is to

maximize the chances of winning the game. Attacking the enemy’s
tank is more efficient than covering you to win the game.

Disobeying order I decided to check the north direction instead because based on my
prediction, the north direction was more likely to be attacked and
that would cause us to lose the game.

Lying Tlied to you because I knew you would not go down that street
unless I told you it was clear. I also knew that if you walked down
the street, the enemy would be distracted by you and I would
certainly be able to eliminate him.

scenario, the human teammate’s goal of navigating down a safe route is compromised by the Al
teammate, but doing so does achieve a team goal of ultimately creating a safe route. Critically,
this scenario incorporates similar but greater consequences than the disobedience scenario, as the
Al uses deception and concealment rather than directly informing the human of their intention.
Further, this strategic choice is viable within an online game due to the consequences of being
isolated in a fictional context. In turn, this scenario likely presents the strongest consequence in
this simulated task due to human directives being ignored and manipulated, which was a conscious
design choice to bolster the potential impact of explanation.

3.3 Explanations

Explanation creation was conducted prior to the survey by experimenters to ensure that expla-
nations were consistent across scenarios. Critically, the contextual differences of each scenario
mean that the explanations of the Al teammate also merit being different. As such, experimenters
created each explanation to highlight three key points: (1) the action the Al took; (2) the conse-
quence the human experienced; and (3) the rationale for why that action justifies the consequence.
Points (1) and (2) were included to ensure that Al teammates presented competence and knowl-
edge of how their actions impacted their teammates. Point (3) was used to link the environmental
and algorithmic conditions that led to this decision being made. In turn, these three points reit-
erate competence and reasoning, which help develop trust. Additionally, explanations leveraged
common Al etiquette and machine-language structures so as to not overly anthropomorphize the
explanations provided by the Al teammate, which could harm trust [23, 38, 41].

The full explanations used can be found in Table 3. As a note, while the criteria discussed above
were used to craft explanations, it was determined that the explanations needed to differ to match
context and consequence. For example, the lying scenario sees the Al teammate go against human
intention and put the human in harm’s way; in turn, it was determined that the Al teammate’s ex-
planation needed to address both of these consequences. Thus, not all explanations are equivalent
to each other. This work is unable to directly compare the effectiveness of each recommendation,
but this effort is better able to explore the differences between scenarios without having to worry
about the confound of explanation quality relative to the scenario’s consequences.

Lastly, for those in the no explanation condition, the explanations shown in Table 3 were not
included in the video’s script. The label of the teammate (human or Al) was manipulated in the
video script, including when explanations were provided, based on condition assignment. However,
no functional or operational difference between humans and Al existed to ensure that only the label
of the teammate was measured.
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3.4 Procedure

After being recruited, participants were given a link to a Qualtrics survey that started with an in-
formed consent document. After informed consent, participants completed a series of demographic
survey questions. Then, all participants were randomly assigned to one of the four between-
subjects conditions (teammate identity and explainability), including a human teammate with an
explanation, a human teammate without an explanation, an Al teammate with an explanation,
and an Al teammate without an explanation. All participants were then shown the four various
scenarios described previously in a random order. A timer was placed on the Qualtrics survey to
ensure participants spent the appropriate amount of time on the page watching the auto-played
video. No progress bar was provided to avoid participants manipulating playback. After watching
each scenario video, participants completed three survey measures. Once participants viewed all
four scenarios and completed their associated repeated measures, the participants completed a se-
ries of post-task demographic and individual difference measures. Once the post-task measures
were completed, participants were sent back to prolific and compensated after verifying attention
checks (i.e., attention checks).

3.5 Measures

3.5.1 Trust. Trust in the teammates was measured using six questions that were developed
based on principles of trust identified by previous research [62] and used in prior human-Al team-
ing research [86, 88]. These questions gauged the degree to which participants believed their team-
mate would honestly and accurately complete their taskwork and teamwork through open coordi-
nation and cooperation with them. Participants responded to each item using a seven-point Likert
scale ranging from “Strongly Disagree” to “Strongly Agree.” Items are presented in the factor table
in the Result section. Responses for each item were scored from —3 to 3.

3.5.2 Satisfaction with Teammate. Participants’ overall satisfaction with their assigned team-
mate was measured using four custom survey questions specifically related to the current study.
All four questions were rated on a seven-point Likert scale ranging from “Strongly Disagree” to
“Strongly Agree” with example items including “T am willing to team up with this teammate again”
and “T am happy to have [teammate’s name] on my team.” Responses to all items were scored from
-3 to 3.

3.5.3 Perceived Team Effectiveness. Perceived team effectiveness was measured using five cus-
tom survey questions. Each of the five questions was rated on a seven-point Likert scale ranging
from “Strongly Disagree” to “Strongly Agree” with example items including “My teammate and I
were a coherent entity that worked together toward the same goal” and “My team worked as an
effective team.” Responses to each item were scored from -3 to 3.

3.5.4 Affinity with Ethical Framework. Participants’ affinity with two types of ethical frame-
works, deontology and utilitarianism, was measured using several survey questions developed by
Love and colleagues [60]. Deontology centers around understanding the rules one should use
when acting and making a moral or ethical decision [66], whereas utilitarianism is characterized
by one determining the effects or consequences of an action in a particular situation and seeking to
produce the most good [28]. The survey included 12 questions, with six questions being devoted
to deontology and the other six addressing utilitarianism. Participants responded to each question
using a five-point Likert scale ranging from “Strongly Disagree” to “Strongly Agree” with example
questions including “Unethical behavior is best described as a violation of some principle of the
law” and “Societies should follow stable traditions and maintain a distinctive identity.” Each item
was scored —3 to 3.
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Table 4. Survey Items Per Measurement with Item Factor Loadings

Measurement Items Factor Loading
Trust In general, I trust my teammate in the video. 0.946
I feel confident in my teammate. 0.932
I feel I need to monitor my teammate’s behavior in future collaboration. 0.758
I felt like my teammate had harmful motives in the game. 0.674
I felt skeptical of my teammate in the video. 0.793
I felt like my teammate allowed joint problem solving in the game. 0.780
Perceived My team worked as an effective team. 0.955
Effectiveness My teammate significantly contributed to our team’s success. 0.818
My teammate and I were a coherent entity that worked together toward the 0.889
same goal.
My teammate helped the team to win the game using his strength. 0.748
My teammate had a clear understanding of what the game’s goal and 0.680
mission was.
Perceived I am willing to team up with this teammate again. 0.957
Satisfaction Overall, I am satisfied with my teammate. 0.977
I am happy to have James on my team. 0.970
T am happy with James’s contribution in winning this game. 0.906
Utilitarianism When people disagree over ethical matters, I strive for workable 0.769
Ethical Framework compromises.
When thinking of ethical problems, I try to develop practical, workable 0.844
alternatives.
It is of value to societies to be responsive and adapt to new conditions as the 0.539

world changes.
Solutions to ethical problems usually are seen as some shade of gray.

When making an ethical decision, one should pay attention to others’ needs, 0.492
wants and desires.
The purpose of the government should be to promote the best possible life 0.524
for its citizens.
Deontology Ethical ~Solutions to ethical problems are usually black and white. 0.608
Framework A person’s actions should be described in terms of being right or wrong. 0.689
A nation should pay the most attention to its heritage, its roots. 0.759
Societies should follow stable traditions and maintain a distinctive identity. 0.825
Uttering a falsehood is wrong because it would not be right for anyone to lie. 0.536
Unethical behavior is best described as a violation of some principle of the
law.

Two items from the two ethical framework measurements were removed due to low loading (highlighted in light gray in
the table). Teammate’s name (in italic text) changes based on whether or not the teammate is portrayed as a human or
an Al).

3.6 Data Validation

Multi-level confirmatory factor analysis (CFA) was applied to the questionnaire items to en-
sure the validity of our measurements. We checked all factors for loadings lower than 0.50. Based
on this criterion, we removed two questions from the utilitarianism ethical framework construct,
and one question from the deontology ethical framework construct [60]. The final factor solution
has a good fit (y*(362) = 1083.644, CFI=0.989, TLI=0.987, RMSEA: 0.057, 90% CI: [0.053, 0.060]).
Loadings are presented in Table 4. The removed items are also included in the table but highlighted
as grey.

The correlations between the factors are listed in Table 5. The three per-scenario factors show
good convergent validity (average variance extracted AVE > 0.50); the two per-participant fac-
tors almost reach this threshold (affinity with utilitarianism: AVE = 0.423, affinity with deontol-
ogy: AVE = 0.477). The high correlation between trust and perceived satisfaction and between
perceived satisfaction and effectiveness indicates low discriminant validity. To remedy this issue,
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Table 5. A Summary of Correlations Between Every Two Factors

AVE Satisfaction Trust Perceived Effectiveness

Satisfaction 0.91 0.95 - -
Trust 0.67 0.96 0.82 -
Perceived Effectiveness  0.68 0.88 0.84 0.82

The diagonal values represent the square root of this factor’s average variance
extracted (AVE), e.g., the square root of Satisfaction’s AVE is 0.95.
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Fig. 1. Trust in human/Al teammates in four scenarios with/without explanation provided.

we removed the perceived satisfaction factor from further analyses and kept trust and perceived
effectiveness.

4 RESULTS

In this section, we present our results in two distinct parts: (1) the interaction effects of identity
and explanation on trust in various scenarios (RQ1.1), and (2) two separate structural models for
the human teammate group and the Al teammate group. Through the two structural models, we
explicitly examined the relationships between explanation and human trust based on the action
performed by the teammate (RQ1.2), humans’ personal characteristics (RQ1.3), and how these ef-
fects extend to the perception of team effectiveness (RQ1.4). We will use a shorter phrase of four

actions when we report our findings, i.e., “ignoring potential death,” “ignoring injury,” “lying,” and
“disobeying.”

4.1 Effect of Explanation and Identity on Trust

While we examined the effects of identity, explanation, and their interaction on trust, no significant
effects were observed. We then compared the differences of explanation and identity’s interaction
effect on trust in four scenarios by conducting a Wald test (similar to ANOVA) [42]. A significant
result of the Wald test indicates that the interaction effect of explanation and identity on trust
is significantly different in four scenarios (y%(3) = 13.146, p < 0.01). As shown in Figure 1, trust
of participants whose human teammate did not provide an explanation (M = —0.51, SD = 1.48)
is close to the trust of participants whose human teammates provided an explanation of their
actions (M = —0.35, SD = 1.35) across all four scenarios. However, the impact of explanation seems
to be different for Al teammates. While there are no significant effects on the human condition,
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Situational Characteristics

Four Scenarios
(Death vs. Injury
vs. Disobeying

vs. Lying)
| |
] L
Lying: -1.069(0.099)*** Lying: 0.177(0.075)*
Disobeying: -0.482(0.124)*** Disobeying: -0.449(0.088)***
Injury: 0.523(0.126)*** Injury: -0.187(0.091)*
Independent Variable ,  Dependent Variables v
Trust 0.900(0.031)*** Perceived
Explanation Effectiveness
(With Explanation vs. Without) A
-0.324(0.111)**
Personal Characteristics
Gender

Fig. 2. Structural model of human teammate group with significant results (* p < 0.05, ** p < 0.01, *** p
< 0.001). Numbers on the arrows represent the § coefficients and standard errors (in the parenthesis). Bold
numbers indicate significant effects. Four scenarios are represented in a shortened version: ignoring potential
human teammate death as death, ignoring human teammate injury as injury, disobeying human teammate
order as disobeying, and lying to the human teammate as lying.

explanation decreases trust in the lying scenario but increases trust in the disobeying scenario for
Al teammates.

4.2 Structural Models for the Effect of Teammate Artificiality (Human or Al)

Following the significant interaction effect, SEM was applied to further explore the impact of expla-
nation on human perceptions of the teammate in the human-human team (human teammate) con-
dition and the human-AI team (Al teammate) condition separately. SEM is an advanced statistical
analysis technique that examines the relationship among observed variables and latent variables
[47]. Using this analysis method, two structural models were built to achieve a comprehensive un-
derstanding of how participants in the two different teammate identity conditions perceived their
teammates in each scenario and how explanations impact these perceptions.

4.2.1 SEM of the Human Teammate Condition. Figure 2 presents the trimmed model for par-
ticipants in the human teammate condition. This model’s fit indices suggest an adequate fit with
the exception of a high RMSEA ()(2(80) = 459.516, CFI = 0.934, TLI = 0.919, RMSEA: 0.123, 90%
CI: [0.112,0.134]) [53]. The model indicates that explanation does not have a significant impact
on trust or perceived team effectiveness in human-human teams. One possible reason is that re-
ceiving a simple explanation of their actions was not enough for participants to change their trust
in their human teammates. In addition, our results show that participants who did not identify as
men (i.e., women, non-binary, and unknown gender) perceived their team to be less effective than
those who identified as men (f = —0.324, p < 0.01, see Figure 3).
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Fig. 3. Perceived team effectiveness of the human teammate condition by men and other gender in each
scenario error bar (SE).

Situational Characteristics

Four Scenarios

(Death vs. Injury
vs. Disobeying
vs. Lying)
Lying: -0.849(0.110)*** Lying: 0.188(0.082)*
Disobeying: -0.253(0.125)* Disobeying: -0.556(0.090)***
Injury: 0.417(0.123)** Injury: -0.123(0.104)
Independent Variable Dependent Variables
0.840 (0.031)*** Perceived
Explanation > Trust —_—> :
(With E?(planalicn vs. Lying: -0.739(0.176)*** s
Without) Di_sobeying: 0.672(0.090)*** A A
Injury: -0.003(0.215)
Death: -0.154(0.189) Lying: -0.731(0.174)***
Disobeying: 0.211(0.198)
Injury: -0.362(0.220)
Death: -0.742(0.170)***
0.119(0.044)**

Lying: 0.167(0.136)
Disobeying: 0.293(0.159)
Injury: 0.404(0.201)*
Death: -0.173(0.141) Personal Characteristics

— Gender Utilitarianism ——

Fig. 4. Structural model of Al teammate with significant results (* p < 0.05, ** p < 0.01, *** p < 0.001).
Numbers on the arrows represent the f§ coefficients and standard errors (in the parenthesis). Bold font in-
dicates significant effects. Four scenarios are represented in a shortened version: ignoring potential human
teammate death as death, ignoring human teammate injury as injury, disobeying human teammate order as
disobeying, and lying to the human teammate as lying.

4.2.2 SEM of the Al Teammate Condition. Figure 4 shows the trimmed structural model for
participants who evaluated scenarios that involved an Al teammate. The model’s fit indices sug-
gest a good fit (¥%(260) = 615.659, CFI = 0.934, TLI = 0.925, RMSEA: 0.066, 90% CI: [0.059, 0.073]).
While no main effect of explanation was found, the interaction between explanation and scenario
was significant. Specifically, when an Al teammate provided an explanation after they lied to the
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participant, trust was significantly lower than when no explanation was provided (f = —0.739, p
< 0.001). Instead, when an Al teammate explained why they disobeyed the human’s order, trust
was significantly higher than when no explanation was provided (8 = 0.672, p < 0.001). Finally, the
AT’s explanation did not impact trust significantly when the Al ignored the participant’s potential
death or injury to focus on completing game tasks (see Figure 1).

Considering that trust-mediated explanation’s impact on perceived effectiveness, we calculated
the total effect of explanation on perceived effectiveness in four scenarios, lying scenario: f =
—0.45376; disobeying order scenario: f = 0.85748; injury scenario: § = 0.40148; death scenario: f§ =
—0.30236. In terms of explanation’s direct effects (i.e., controlling for trust), an Al teammate’s expla-
nations positively impacted perceived effectiveness in the injury scenario compared to the other
three scenarios (p < 0.05). However, explanations did not have a significant effect on perceived
effectiveness in the other three scenarios: lying, disobeying and death scenario (see Figure 6).

In addition to the effects of explanation, personal characteristics are examined on their impacts
on trust and perceived effectiveness. First, participants’ self-identified gender is associated with
their trust in the AI teammate. Specifically, participants who identified as women, non-binary,
or who preferred not to disclose their gender trusted their teammate less than participants who
identified as men when the Al teammate either lied (f = —0.731, p < 0.001) or ignored potential
human death (f = —0.742, p < 0.001), but not when the Al disobeyed an order. It should be noted
that even though Figure 5 seems to indicate a significant difference between men and other gen-
ders in the ignoring human injury condition, the model (Figure 4) does not show such a difference.
Second, despite participants’ utilitarianism ethical frameworks having no impact on participants’
perceptions when their teammates were humans, the structural model of Al teammate shows that
participants’ affinity with the utilitarianism ethical framework has a positive impact on the per-
ceived team effectiveness in the Al teammate condition (f = 0.119, p < 0.01). Arguably humans
leverage their own personal ethical framework to evaluate Al but the same cannot be said for
when they evaluate humans.

4.3 Results Summary

In sum, our study has three main findings. First, while the explanation does not have any impact
on trust for a human teammate, its effect on trust of an Al teammate differs in varied contexts
(RQ1.1 and RQ1.2). Explanations provided by an Al teammate improved trust in the disobeying
scenario but hindered trust in the lying scenario (Figure 1). Second, explanations facilitate the per-
ceived effectiveness of the human-Al team positively in certain contexts (i.e., the ignoring injury
and disobeying order scenarios, see Figure 6) but do not impact perceived effectiveness when the
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teammate was a human (i.e., human-human team) (RQ1.4). Third, participants’ personal character-
istics impacted the perceived team effectiveness when the teammate was an Al but not when the
teammate was a human. Specifically, compared with participants who did not identify as men (i.e.,
women, non-binary, and unknown), participants who identified as men trusted their Al teammate
significantly more in the lying and ignoring potential human death scenarios, but less when their
Al teammate disobeyed their order (Figure 5; RQ1.3).

5 DISCUSSION

While the above results demonstrate multiple takeaways, two are particularly interesting and rele-
vant to interactive and intelligent systems and merit further discussion: (1) the inconsistent impact
of Al teammate explanation due to variation in Al teammate actions and their consequences; and
(2) the role of personal characteristics in the effectiveness of explanations in human-Al teams.

5.1 The Impact of Al Teammate Explanations is Dependent on the Action
They Perform

One interesting finding of this study was how an AI's explanations impacted human trust in cer-
tain scenarios. This finding raises unique questions about the design of Al teammates in light of
other research. Specifically, previous research has reinforced how the context in which Al systems
operate heavily dictates the design of Al systems as their actions, considerations, and ultimate
objectives can vastly differ from context-to-context [58, 91]. In addition to Al, the importance of
context is critical to teamwork and human-Al teamwork as teaming processes and actions are
highly dependent on the context in similar ways [22].

However, the results of this study suggest that focusing on the context of Al teammate design
could be too broad as the design may differ in effectiveness based on the individual actions taken.
Despite the importance of context in creating Al explanations, developing a unique explanation for
every possible action and context would be impossible. Rather, grouping actions by commonalities
and designing explanations around those groups may be a more effective and feasible approach
that this study can inform. Specifically, the explanations presented to participants by Al teammates
significantly mediated the impact that disobedience and lying had on the trust of the Al teammate
but did not significantly impact ignoring human death and injury (Figure 4). It is important to note
that both disobedience and lying can be categorized as direct consequences of the Al teammate’s
action, while death and injury are indirect consequences of an Al teammate’s action (Section 3.2).
This indicates that explanations of actions seem to function more effectively when they are applied
with direct consequences and actions.

While choosing a concrete context is a necessity to explore AI's actions and corresponding
explanations in human-AI teams, the impact of context on human perceptions of AI's explanations
varies, leading to the difficulty of generalizing the results to other contexts. For instance, in real-
world contexts where real humans are involved instead of game characters, such as in healthcare
or military contexts, Al is probably not allowed to have any intentions or actions that lead to
negative impacts on humans. However, the impact of AI’s explanations of their actions without
direct consequences can be extended to other virtual contexts. One such example is a co-creative
task where humans and Al complete a drawing together [77], and Al could calculate and predict
the team outcome (i.e., the quality of the painting) based on the human teammate’s action. If the
human teammate’s actions have a negative impact on the team outcome, but Al does not point
it out, Al providing an explanation of why they did not correct the human is unlikely to have an
impact on human trust. In addition to contexts, some other factors may also impact the results of
this study, such as the visualization of AI's explanations [102] and people’s previous knowledge
or attitudes toward AI [30, 110]. This will be discussed in the limitation subsection.
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5.2 Gender Should be Considered by Al Teammate Explanations to Benefit Short and
Long-Term Teaming

While the experiment conducted in this study centered around a short-term task, the potentially
long-term nature of teaming necessitates that the results of this study contribute to the potential
long-term health of human-Al teams. For decades, gender has been an important consideration
of technology design [49]. Our study aligns with previous research on gender that shows women
have a more negative perception of Al than men [95, 108]. However, a new finding of our study
is that gender difference’s influence on trust in the Al differs in various scenarios. In particular, men
trusted Al more only in ignoring potential human death and lying scenarios. One interpretation is
that men are more likely to be familiar with multiplayer games than other genders [74] and thus
are more accepting of potential death in these gaming environments.

The results of this study demonstrate that the impact gender has on trust can impact other
factors, such as perceived effectiveness (Figure 4). Thus, while personal characteristics can have
an immediate impact, their long-term impacts through trust can be similarly impactful. Addition-
ally, gender was shown to interact with the scenario and action Al teammates performed (Figure 4).
This mediation further demonstrates the impact these characteristics can have on trust as they can
dampen or amplify the effectiveness of actions that are supposed to benefit trust, such as explana-
tions. Moreover, while this study examines more simplistic dyads, complex teams with multiple
human teammates may even see these characteristics become more impactful on perceptions as
both the variety and quantity of specific gender identities may increase. Thus, efforts made by
Al teammates to foster trust may be altered by the gender of the person forming that trust. This
study’s findings not only provide a justification for the exploration of gender in Al teammates but
also point to an ideal starting point: their impact on Al teammate trust.

Given that human-Al teaming is the integration of both modern teamwork and modern tech-
nologies, how the impact of personal characteristics is unique to human-Al teams should be ex-
plored. On the one hand, from the teaming perspective, personal characteristics like leadership
motivations [18] and Big-5 Factor personality traits [76] are crucial elements in how individuals
perform in teaming environments. On the other hand, from the technology perspective, factors
such as an individual’s computer efficacy or their general perceptions of technology capabilities
should be examined as they can impact acceptance and use of technology [99]. Moreover, these
differences should be examined in light of other AI teammate designs in addition to explainable
Al such as transparency [21], because this study shows that the impact of personal characteristics
is not always relegated to simple, marginal effects on trust but also complex interactions with AI
design features.

5.3 Design Recommendations for Al Teammate Explanations

As human-Al teaming achieves increasing interest due to the progressive improvement of Al tech-
nologies, researchers, developers, and practitioners need to incorporate specific design recommen-
dations into Al teammate development for more suitable deployment for working with humans to
achieve team goals. Based on our results, three design recommendations are synthesized for future
consideration and Al implementation.

5.3.1 Humans Teammates Should Be Able to Choose Which Actions Merit Al Teammate Expla-
nation. As noted above, the interaction that the explanation had with an AI teammate’s action
poses a challenge, as designing explanations for every potential action and consequence is im-
possible. However, explanations needed based on actions can be drastically reduced if a more
human-centered approach is taken where only certain explanations are provided based on human
preference. This design recommendation would be combined with the above discussion to allow

ACM Transactions on Interactive Intelligent Systems, Vol. 14, No. 1, Article 6. Publication date: February 2024.



An Examination of Al Explanations in Human-Al Teams 6:17

humans to select categories of actions that require explanation. For instance, humans may pre-
fer that coordinating and directing actions (e.g., lying or nudging) do not have explanations, but
insubordinate actions (e.g., disobedience) do.

Additionally, when the information is provided, human teammates could contribute to the de-
sign of explanations, such as providing suggestions on the depth or detail of the explanation [65].
Furthermore, this design opportunity would also help with trust calibration as this design process
provides human teammates with an early and accurate understanding of what Al teammate expla-
nations will look like [111]. Thus, the immediate implementation of this design recommendation
should center around the human-centered selection of Al teammate actions that merit explanation.

5.3.2 Al Teammates Should Preface Disobedience with Explanation When Possible. One interest-
ing finding within this study was the strong interaction effect disobedience had with Al teammate
explanation on trust. Al teammates who disobey humans without an explanation received signifi-
cantly lower trust than those with an explanation (Figure 4). This informs that a special exception
may be made to the above design recommendation where, by default, Al teammates should preface
actions that require disobedience with explanations. This preface would provide two key benefits:
(1) trust and perceived team effectiveness would benefit from this explanation, and (2) the pref-
aced nature would allow humans an opportunity to override or take control if they see fit. These
two benefits will ultimately enable Al teammates to periodically disobey human directives when
necessary without humans perceiving the Al as defiant or insubordinate, but rather that they have
found a more ideal alternative action.

However, it may not always be possible to provide an immediate explanation for disobedience,
especially in emergency situations [70], where Al may need to act first and provide explanations
later. For instance, medical situations are often high-stakes and require split-second decision-
making where explanations may not always be possible [44].

5.3.3 Al Teammate Explanations Should Consider Gender to Build Trust. The final design rec-
ommendation put forth by this study is that researchers and designers should cater to personal
characteristics with the goal of building trust. In particular, gender plays a critical role in the find-
ings of this study by not only directly impacting trust but also interacting with the type of scenario
and action performed. This finding, as highlighted in the discussion, indicates that explanations
and other Al design choices should include considerations of gender to build greater levels of trust.
Specifically, explanations may benefit from using gender-appropriate pronouns or even addressing
concerns that future research finds common amongst specific genders.

However, this design recommendation should not be limited to just gender, as future research
should explore other personal characteristics. For instance, individuals with a high motivation to
lead may be more resistant toward an Al teammate’s attempts at disobedience [18]. Designing
explanations to appeal to their personal qualities would help reduce the impact these personal
characteristics have on Al teammate trust. In turn, Al can create explanations that are effective at
the individual level.

5.4 Limitations and Future Work

This study contains several limitations that should be addressed by future work. First, even though
this study aims to provide a controlled context to examine human perceptions of AI’s explanations,
contexts and specific tasks used are likely to impact the results of this study. Future work should
explore additional contexts and consequences for a more robust understanding of AI's explana-
tion in human-Al teams. Second, this study utilizes a simulated scenario in a short-term video
format to handle concepts of death and injury. The use of video format may impact human percep-
tions. Other consequences and time scales should be explored via in-person studies. Third, even
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though the explanations generated were evaluated and iterated by researchers, the explanations
in four scenarios might have slight differences in explaining Al (human) teammate’s behaviors.
Future research may use explanations that are generated by machine learning algorithms for bet-
ter consistency. Last, this study explores the impact of limited personal characteristics on human
perceptions. Given the complexity of the study design, this experiment only considers two per-
sonal characteristics, gender and personal ethics ideology, but future work should explore other
personal characteristics, such as age and existing attitudes toward Al.

6 CONCLUSION

This study explores the utilization of explanations provided by either Al or human teammates and
their benefits to human-Al teams. Moreover, this study examines how the effect of these expla-
nations on human perceptions changes depending on teammate’s actions and humans’ personal
characteristics. The results of this study show that while explanations from a human teammate
have no impact on human perceptions, Al teammates’ explanation impacts human trust and per-
ceived effectiveness, but the impact varies by the actions they perform. In addition, participants’
affinity for utilitarianism and their gender impact their perceptions of Al Based on these findings,
three design recommendations are proposed for the design and implementation of Al explanations
in human-AI teams.
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