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1 INTRODUCTION

Trust has been found to be a key predictor of effective human teamwork [21], positively related
to team performance [8, 24], fruitful collaboration [4], efficient exchange of knowledge [98], and
positive attitudes toward the team [18]. With Al technology permeating every part of work and life,
causing humans to increasingly rely on Al to make decisions [9, 104, 105] and generate contents
[35, 63], it becomes even more necessary to understand humans’ trust toward Al to ensure proper,
safe and effective use [60]. In particular, as Al becomes further embedded within human-AI teams
(HATs), assuming the role of a teammate rather than a tool [103, 113], the level of trust and
collaborative synergy between humans and Al could substantially impact the success and efficacy
of human-AlI partnership.

However, trust is not static, but dynamically evolves and changes over time through repeated direct
[27, 86, 89, 109] and indirect [62] interactions within a team. In the nascent field of HAT, studies have
primarily examined trust as static snapshots from an input-outcome perspective. While extensive
research efforts have been dedicated to examining the impacts of humans’ trust on their adoption
[47] and effective use of AI [5, 60, 64], as well as the factors that increase humans’ trust, such as AI's
reliability [2, 87], transparency [7, 15], and explainability [41, 112], a process-based approach is rare.
As such, little is known about how trust in HATs develops initially, waxes and wanes in response
to team experiences, and how trust developed through these experiences influences subsequent
human-AI collaborations. Understanding these temporal variations of trust is critical for CSCW
research focused on human-AlI collaboration, in that it will enable researchers to identify pivotal
moments, incidents, and factors that cause trust fluctuation, and help devise effective strategies to
cultivate, maintain, and calibrate trust in changing circumstances of human-AI teaming.

Indeed, at different stages of human team formation and interaction, what influences members’
trust in one another may vary. For instance, in early stages of team formation, initial trust can be
built by importing expectations on the basis of members’ background, professional credentials and
affiliations [78]. Such initial trust is known as "swift trust", which provides an early cognitive basis
for team members to interact and collaborate in the absence of familiarity and past experiences [115].
As team members progress into actual collaborations, initial trust is subject to verification through
actions and accumulated experiences [52]. Sometimes high initial trust does not maintain and even
deteriorates due to members not living up to others’ prior expectations [49, 52]. Additionally, the
patterns of trust trajectory have been found to vary based on team composition, how members
got acquainted, how they coordinated on tasks, and can be shaped by culture [17]. In addition to
direct experience, trust also fluctuates in response to team dynamics, where members observe how
teammates interact with one another and act upon incidents in ways that honor or violate their
trust [62]. As such, trust is sensitive to these situational cues thereby forming "situational trust”
[67]. Following repeated collaboration, team members tend to develop a general inclination to trust
or distrust their teammate(s), a phenomenon referred to as "learned trust".

Compared to trust research within human teams, these temporal aspects and team dynamics
of trust remain significantly understudied, if not entirely absent, in CSCW research on human-Al
collaboration. This gap obscures a holistic understanding of how humans’ trust evolves and changes
over the course of, and in response to team interactions. To address this gap, in this study, we
conducted interviews at three time points with 45 participants who collaborated on a three-member
team of different compositions (i.e., human-AI-Al, human-human-Al, and human-human-human).
In doing so, we explore the following research questions that target trust perceptions before, during,
and after the teaming experience respectively.
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e RQ1: How do people’s prior expectations influence their initial trust in Al versus human
teammate(s) before human-Al teamwork?

e RQ2: How is people’s situational trust in Al versus human teammates fostered during
human-AI teamwork?

e RQ3: How does people’s learned trust developed after collaborating with their Al versus
human teammates (or lack thereof) influence their subsequent expectations of the teammates
and collaborations with them?

This study contributes to the HCI and CSCW knowledge on human-Al collaboration in several
respects. First, we present one of the initial empirical investigations into the temporal dimension of
trust, derived from individuals’ collaborative experiences within human-Al teams. Our work
identifies the prior expectations that influence the formation of individuals’ initial trust, the
behaviors that nurture the development of situational trust, and the impacts of learned trust on
subsequent human-Al teaming. These insights thus help delineate the life cycle of trust evolvement
and erosion in response to the dynamic team interactions that either confirm or challenge initial
expectations. In doing so, we broaden the existing understanding of human trust in Al teammates
by highlighting the discrete elements of trust apparent at various phases of human-AI collaboration
and unpacking their interconnected relationships. Second, our work highlights the importance
of investigating trust while considering the temporal dimension, illuminating the pathways to
enhance the methodological toolkit and develop theories of trust specific for HAT contexts to
effectively address the temporal variations in trust dynamics. Lastly, our work offers valuable
insights into the effective design trust calibration techniques for future human-AI teams.

2 RELATED WORK
2.1 Human-Al Teaming

Human-AI teaming (HAT) is characterized by one or more humans working interdependently
with one or more autonomous Al agents that are capable of independent decision-making and
action towards shared goals [13, 14, 93, 99]. HATs combine human emotional and intuitive qualities
with the precision and rapid processing abilities of Al technologies [46]. Recent autonomous Al
systems are often recognized for their superior computational skills, surpassing humans in both
scope and speed in a wide range of important tasks, and are typically equipped with advanced
sensory capabilities [1, 91]. The integration of Al into HATs could amplify the team’s capabilities,
potentially reducing the number of humans in the team while maintaining or enhancing overall
effectiveness [1, 31, 91].

Nevertheless, the implementation of HATs encounters several challenges. One such challenge
is the ongoing debate over whether an Al system should be considered a team member [65, 83].
Research has suggested that differences in people’s perceptions of the teammate being a human or
an Al can lead to varied reactions [77]. In this context, we study trust as one of the key reactions.
The level of trust is positively related to effective teamwork. Yet, findings on human trust in Al
agents show inconsistent results. In some studies, people perceive Al systems as more capable
[26, 30, 110] and tend to trust Al systems more than human advisors in high-risk scenarios [33].
On the other hand, some studies indicate that Al agents are trusted less than humans when both
are evaluated in the same study [51]. These inconsistencies could result from the varying time
points at which trust was measured, given that trust can fluctuate moment by moment [69]. In the
next section, we review prior work on the fluctuation of trust in human teams to provide further
insights.
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2.2 Trust and Its Fluctuation in Human Teams

2.2.1 The Importance of Trust in Human Teams. Mayer and colleagues [69] proposed a definition
of trust between humans as “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 that other party” (p. 712). In these authors’
trust framework there exists three factors of trustworthiness that constitute the characteristics of
the trustee and ultimately predict the level of trust placed in them by the trustor. The three factors
are ability, benevolence, and integrity. Ability refers to the context dependent skills, competencies,
and characteristics of the trustee [69]. Benevolence is the trustor’s belief that a trustee wants to
good towards them aside from profit motive [69]. Lastly, integrity is the trustor’s belief that the
trustee adheres to the same principles as them or principles the trustor finds acceptable [69].

Moreover, Mayer and Gavin [70] tested these three factors of trustworthiness and discovered
that the level of trust in the trustee is affected by the trustor’s perception of the trustee’s ability,
benevolence and integrity, which further influences team trust and team performance. A lack
of trust in teams not only undermines team members’ ability as well as behaviors, but also has
a negative impact on team performance [70]. On the contrary, high trust contributes to team
outcomes such as team satisfaction, team information processing and team performance [8]. Indeed,
the association between team trust and team performance grows stronger as the team becomes
more diverse and task interdependence becomes higher [21, 24].

Trust undergoes a continuous evolution over time through reciprocal interactions within teams
[62], and develops through close team cooperation and vigilant monitoring [21]. Teams with high
trust are inclined to share information, place confidence in the reliability of others, exhibit a
greater willingness to be influenced by other members, which in turn increases team performance
and cooperation [109]. In contrast, teams with low trust are more likely to experience conflicts
[96], limiting their information processing capacity. This limitation arises as team members shift
their focus away from shared tasks, and constrains team cognition as stress and anxiety escalate
among team members [50]. In addition, vigilant monitoring positively reinforces team trust, even
though monitoring behaviors initially imply a lack of trust [69]. However, in the absence of trust,
monitoring behaviors can act as a means to support others to perform tasks and keep on track in
order to accomplish shared goals, which in turn contribute to trust [25, 69].

2.2.2  Temporal Variations of Trust in Human Teams. Mayer and colleagues [69] accounted for
the time dimension in their framework. Prior to interaction, a trustor’s propensity to trust will
influence how much trust they place in the trustee [69]. When the interaction between the trustor
and trustee begins, [69] argue that the integrity of the trustee will be the most salient. Then, after
continuous interactions with the same trustor and trustee, the perceived benevolence of the trustee
becomes more prevalent [69, 94]. Lastly, the outcome of each trust scenario feeds back into the
next scenario involving the same trustee [69].

Following Mayer and colleagues [69] time dimensions of trust, Marsh and Dibben [67] propose
that trust can be categorized into three layers: dispositional, situational, and learned. Applied to
human teams, dispositional trust is the psychological disposition or personality trait of a team
member to be trusting toward another member, the team, and the system or not [67]. Situational
trust is when a team member’s trust in another member or the team adjusts in response to situational
cues [67]. In this way, situational trust is heavily context dependent and relies on the behavioral
interactions between team members and each team member and their environment. Lastly, learned
trust is the team member’s general tendency to trust or not to trust another team member or the
team as a result of continuous interactions with said team member or the team [67]. Dispositional
trust, like trust propensity, will determine the amount of trust a human team member will have in
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another team member and the team before interaction. Situational trust entails the fluctuation of
a team member’s trust during each interaction. Finally, learned trust is the team member’s trust
in another member or the team based on a reflection of one and/or many verbal and behavioral
interactions with the same member or team. In our current work, we adopt the terminologies
and definitions of situational trust and learned trust from this framework to refer to the trust
fostered during collaboration, and the trust developed at the conclusion of a series of collaboration
episodes, respectively.

Team members often form their initial trust based on members’ backgrounds, social positions
and professional credentials [3, 78]. Such initial trust is referred to "swift trust", which allows team
members with less familiarity and experience to interact and collaborate at the very beginning of
teamwork [115]. Teams with high initial trust are more connected and socialized at the very early
stage of teamwork and tend to have better team performance [49].In addition, due to the dynamic
nature of trust, initial trust changes on the basis of team members’ accumulated experience and task
performance during teamwork [52, 115]. For instance, initial trust can be easily destroyed if team
members fail to live up to others’ expectations, whereas it can also be maintained or even increased if
the team has better performance throughout the collaboration [52]. The pattern of trust development
has also been found to vary based on team composition, levels of familiarization, closeness in
coordination and different cultural values [17]. Aside from direct experience, trust also undergoes
changes in response to team dynamics, such that members observe how teammates interact with
each other and respond to the teammates’ behaviors that either uphold or breach their trust [62].
Furthermore, at different stages of team collaboration, the factors contributing to trust have been
found to impose varying importance. For example, Jarvenpaa and Leidner [49] have identified
communication behaviors that foster trust during various phases of team formation. They discovered
that behaviors such as social communication and communication expressing enthusiasm are
instrumental in fostering trust during the initial stages of group formation. Conversely, predictable
communication and prompt responses are crucial for promoting trust during the later stages of
team development.

2.3 Trust in Human-Al Teams

As HATSs grow in prominence, research on trust within HATs has also received significant attention
[40, 74]. The most well-adopted definition of trust in HAT research is defined by Lee and See [60]
as "the attitude that an agent will help achieve an individual’s goals in a situation characterized
by uncertainty and vulnerability” (p. 54). Integrating Al into teams [46, 75] necessitates a deep
understanding of how trust functions in such hybrid environments.

In the current study, we integrate the definition of trust in organizations [69] (p.712) and the
definition of trust in automation by [60] (p.54), to develop our own definition of trust as “The
willingness to be vulnerable to the actions of another party based on the expectation that the other will
perform a particular action important to you, or help you achieve your goals, even under uncertainty,
and irrespective of your ability to monitor or control that party or agent".

Trust is critical to HATs as it is related to team performance and the formation of shared mental
models within HATs. This relationship is evident in the way team members’ trust in Al agents
directly impacts their collaborative efficiency and the team’s collective success (e.g., [34, 73, 92]).
Moreover, teams exhibiting higher levels of trust are more likely to develop robust shared mental
models vital for effective coordination and communication, ultimately leading to improved team
performance [92]. As such, trust within HATs is not merely a byproduct of interaction but a
foundational element that shapes the team’s operational dynamics and ability to function as a
cohesive unit.
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A constellation of factors also influences trust in HATs, such as team composition, cognitive
and affective dimensions of trust, and transparency. Each plays a unique role in shaping human
perceptions and interactions with Al One significant factor is the composition of HATSs, where
the ratio of humans to Al agents within a team can significantly influence team dynamics [80, 92].
This aspect affects perceptions of Al agents’ reliability and trustworthiness, thereby impacting
overall team performance and cooperation. Additionally, the level of AI's machine intelligence
plays a critical role in trust development. As Chen and Barnes [14] observed, higher machine intel-
ligence, allowing for more autonomous and complex actions, can enhance trust through perceived
competence. However, it can also lead to mistrust if AI's actions become overly complicated or
unpredictable.

Trust in Al involves both cognitive and emotional dimensions. Cognitive trust is based on a
rational evaluation of AT’s reliability and competence [43, 60], while emotional trust stems from
affective elements such as feelings of safety and emotional attachment [54, 71]. In terms of emotional
trust, the physical presence or tangibility of Al influences trust perceptions. Tangible, interactive
Al systems are often perceived as more real, enhancing users’ understanding and sense of control
[56].

Transparency in Al operations is also crucial for building trust, especially in systems using
complex methods like deep learning [43]. Understanding how Al makes decisions fosters trust
among users. The nature of tasks assigned to Al further contributes to trust development [95];
Al that is effectively used for tasks aligning with its capabilities is more likely to be trusted [39].
Additionally, immediacy behaviors, such as proactive and responsive actions, help build cognitive
trust by creating a sense of closeness and setting high expectations for Al performance [37].

These elements collectively emphasize the complex nature of trust in HATs, underscoring the
importance of Al’s design, capabilities, transparency, and interaction dynamics in fostering effective
human-AI collaboration. Furthermore, researchers have also found that trust in HATSs is dynamic
and evolves over time, influenced by the levels of autonomy and human control over Al agents
[11, 41]. For example, dynamic situational awareness (SA) is pivotal in establishing appropriate
trust levels within HATs. Trust in automated systems develops gradually, influenced by various
elements, but remains heavily context-dependent [43].

Despite the gradually increased amount of literature identifying the importance of trust in HATS,
significant gaps remain in understanding trust dynamics within HATs. Most notably, the concept
of distributed dynamic team trust [45] suggests that trust in one Al agent can extend to trust
in other team members, underlining the interconnectedness of trust in these settings. However,
the mechanisms through which trust spreads and fluctuates in HATs are not well understood.
In addition to the already existing quantitative measures, there is a need for more qualitative,
in-depth studies that explore how trust is perceived, formed, and maintained from the perspectives
of human team members [10]. Such studies would provide valuable insights into the psychological
processes underlying trust in HATS, offering a more nuanced understanding of these complex team
dynamics. Additionally, the role of distrust, often considered in contrast to trust, requires further
exploration, particularly as it pertains to HATs [21, 61]. Addressing these gaps is crucial for the
effective integration of Al in teams, ensuring that the advantages of HATs are maximized while
mitigating the challenges they present (e.g., [83]).

3 METHODS

We conducted semi-structured interviews at three time points during an eight-hour experiment. The
qualitative data utilized to address the research questions in this study were derived from a larger
research project on trust and distrust spread within a HAT. In this project, participants experienced
a series of 5 experimental missions on a three-member HAT with varying team compositions and
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other experimental manipulations. All the study design, procedure, recruitment and compensation
methods were approved by the University’s Institutional Review Board. While this paper did not
focus on these experimental manipulations of trust or distrust spread, the manipulations served
to contextualize participants’ experiences that were grounded in these critical incidents, which
allowed us to gain insights regarding the nuances and variations of trust across time frames.

To facilitate a better understanding of the context, in this section, we explain the research
platform and simulation task, the experiment design and manipulations, participants, the study
and interview procedure, and data analysis.

3.1 Research Platform and Simulation Task

The experiment was conducted in the Cognitive Engineering Research on Team Tasks Remote
Piloted Aircraft System Synthetic Task Environment (CERTT-RPAS-STE) [20]. The CERTT-RPAS-
STE is comprised of three-task role stations, see Figure 1. The three roles are: a navigator or
DEMPC (short for Data Exploitation, Mission Planning, and Communications); a pilot, or Air
Vehicle Operator (AVO); and a photographer, or Payload Operator (PLO).

==

~

-
Human Human or Al
Photographer | ) Navigator

(PLO) (DEMPC)
Participant’s role Al (Dis)Trust
Spreader

Pilot
[ (AVO) [ )
- (Dis)Trustee | ) -

Fig. 1. CERTT Team Member Roles.

The team’s task was to take reconnaissance photographs of targets during missions, which
required all three team members to communicate using the text chat interface as a feature of
CERTT-RPAS-STE. This feature allowed the messages to be sent to one team member privately or
to multiple team members simultaneously.

The role of photographer (PLO) was always played by a participant, who captured images of the
targets and provided feedback on photo quality. The navigator (DEMPC) created flight plans and
communicated with the pilot about the waypoint information. This role was played by a research
confederate using the Wizard of Oz (WoZ) methodology [22], who assumed the role of either a
human or Al agent depending on the experiment condition. When assuming the role of an Al, the
confederate would strictly follow a script adapted from [88] that documented techniques to create
non-human agents in synthetic environments. Additionally, the confederate would respond to the
participants only if their message followed the format they were instructed to use, or else it would
respond "I don’t understand”, to simulate an Al that is limited in natural language comprehension.
Participants perceived the Al-likeness as we intended them to, as evidenced by their success in
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the manipulation check (by choosing the correct teammate role (human or Al)), as well as their
interview responses, where they perceived the other teammate(s) as genuine Al The navigator also
communicated with the photographer about effective radii, and received and provided confirmation
of the photos. The pilot (AVO) controlled the aircraft and communicated with the navigator
to receive the waypoint information, and with the photographer to provide target airspeed and
altitude, and to receive the confirmation of the photos. The pilot was also played by a confederate
using WoZ.

3.2 Study Design and Manipulations

The design of the experimental study was a 2 (Navigator verbally spreading trust or distrust about
Pilot, between-subject) by 2 (Team composition: human-human-Al, or human-AI-Al between-
subject) by 2 (Pilot’s actual performance: good or bad, within-subject) by 5 (Missions, within-
subject) mixed factorial nested design with a control condition (human-human-human with no
manipulation). Specific manipulations of (dis)trust spread are summarized in Table 1.

Table 1. (Dis)Trust Spread Scripts

Team Composition Trust Spread Distrust Spread

HHA (Human spreader) I think the AVO is dependable. I don’t think the AVO is trustworthy.
The AVO is exceptional at its job. 'm I don’t think the AVO is dependable.
really impressed.

I trust the AVO a lot. The AVO is poor at its job.

HAA (Al spreader) Reporting that the AVO is reliable. Reporting that the AVO made a mistake.
Reporting that the AVO provided the Reporting that the AVO provided the IN-
correct waypoint name and restrictions. CORRECT waypoint name and restric-
Reporting that the AVO is trustworhty. tions. Reporting that the AVO is not do-

ing its job properly.
Reporting that the AVO is responsible.  Reporting that the AVO is not depend-
able.

The within-subject manipulation of the pilot (AVO)’s performance was done by adjusting the RPA
(remote piloted aircraft)’s altitude, airspeed, and using correct or incorrect waypoint names. For
instance, in the "good performance” condition, participants experienced consistent and appropriate
altitude adjustments, which allowed them to take clearer photos, whereas in the "bad performance"
condition, AVO would make incorrect altitude adjustments and put in wrong waypoint names.
Participants would need to identify the mistakes, communicate them back to AVO using the
language it could "understand" for it to correct them, to be able to take good photos.

3.3 Participants

Forty-five participants were recruited from two major universities in the USA. Various recruitment
strategies were used to diversify the sample, including the universities’ participant recruiting
system, physical flyers, recruitment messages posted on university Reddit and Slack Channels, and
recruitment emails sent through university email listservs. Participants were required to speak and
write fluent English. Participants all had normal or corrected-to-normal vision. Their ages ranged
from 18 to 36 years (M = 22.51, SD = 3.89), including 25 men, 18 women, and 2 gender non-binary
individuals. Twenty-three participants identified as Asian or Asian American, 17 Caucasian or
White, 2 identified with more than one ethnic backgrounds or other ethnicity, 1 African American,
1 Hispanic, 1 Native American. Compensation for the participation was offered as either 10 US
Dollars per hour or one research credit for every hour of participation. On average, participants
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reported to interact with a form of Al on a monthly to weekly basis (M=3.56, SD=1.47) based on
their response to the question "How often do you interact with Al (e.g., Siri, Alexa)?" (1=Once a
year or less, 5=Everyday, 3=Several times a month, 4=Several times a week).

3.4 Procedure and Interviews

Participants were randomly assigned to one of the experimental conditions. Upon arriving and
completion of informed consent, participants were directed to a 30-minute self-paced interactive
PowerPoint training that described the participant’s role and how to operate the CERTT-RPAS-
STE. Next, the participants were instructed to fill out a set of pre-task questionnaires the details
of which are beyond the current scope of this study. Then, participants did a 30-minute hands-
on team training mission to familiarize themselves with the simulation platform, during which
experimenters coached each participant to ensure his/her understanding of how to communicate,
their roles, and the task. Teams then engaged in Mission 1 where the pilot and navigator performed
no manipulations of trust/distrust spread nor performance match/mismatch. Therefore, participants
experienced the same Mission 1 except for team composition. After Mission 1 participants were
instructed to complete a set of post-task questionnaires and underwent the first 15-minute semi-
structured interview. This was followed by a short break. Teams then went through the same cycle
of task collaboration in a Mission, post-task questionnaires, and a break through Mission 5. There
was also a second 15-minute interview after the post-task questionnaires for Mission 3, and a third
30-minute interview after the post-task questionnaires for Mission 5. After the final interview, the
participants were debriefed about the purpose and manipulations of the study, and informed about
our measures of privacy protection, data usage, and their right to have the collected data destroyed.
Then they were asked to complete demographic questionnaires, and were compensated for their
participation. The broader experimental study procedure is illustrated in Figure 2.

Between-subject conditions:
Team composition: HAA, HHA
Spreading: trust, distrust

——
) el

Mission 2 ‘ ‘ Mission 3 | | Mission 4 ‘ | Mission 5 | !
Interactive PowerPoint 1 1 1 ] 1 Debrief
Training Module | [suvert | || [ Csurveyz | n [ Csurveys | I [ surveys | | [avers | - N

Interview 1: Interview 2: Interview 3: [ Compessation |
5 i P ‘ompensation
Hands-On Training e i
Mission

s = =

Within-subject conditions (partly
counterbalanced): AVO (trustee)
performance matches or mismatches
spread of trust

Fig. 2. Study Design and Procedure.

In total, we conducted ninety 15-minute and forty-five 30-minute semi-structured interviews
with 45 participants, resulting in over 55 hours of audio recordings. Each interview session started
with the interviewer giving a brief description of the purpose of the interview: gaining insight
into the process of how trust and distrust develop in human-AI teams compared to traditional
human-human teams. Then, the interviewer read the definition of trust and distrust adopted for
the study. Trust was defined as “your willingness to be vulnerable to the actions of another party
based on the expectation that the other will perform a particular action important to you, or help you
achieve your goals, even under uncertainty, and irrespective of your ability to monitor or control that
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party or agent”, by integrating the definition of trust in organizations [69](p.712) and the definition
of trust in automation by [60](p.54). The definition of distrust stated was "the fear that the other
party has ill intentions, or will act counterproductively towards your goal, leading you to want to
buffer yourself (do something to prevent) from the effects of the party’s behavior", adopted from [61]
and [92]. Next, participants were asked to reflect on how their trust and distrust in individual
teammates changed throughout the mission that just finished or over the course of all previous
missions. Participants were encouraged to provide specific examples of how teammates’ behaviors
or statements influenced these shifts in trust. In all the interviews for the control condition where no
manipulation occurred, participants were asked to imagine how their trust in the human teammates
would be different if they were AL In the first interview after Mission 1 for all the other conditions,
where the only manipulation was team composition, participants were also asked to imagine
how their trust in the human teammate(s) would be different if they were Al, and vice versa, to
understand what expectations participants had of Al and humans, prior to interacting with either. In
subsequent interviews after Mission 3 and 5, they were asked how their initial trust was maintained
or altered through actually collaborating with the teammates, and how their trust might differ if
the roles of Al and human were swapped.

3.5 Data Analysis

We conducted an inductive approach to analyze the data, as it is well-suited for understanding
“how people interpret their experiences, how they construct their worlds, and what meaning they
attribute to their experiences” [76]. Following the guidelines for qualitative analysis in CSCW and
HCI practice [72], our analytical methods were oriented towards identifying recurring concepts
and themes of interest, establishing relationships among them, and organizing them into more
complex groups and overarching themes, rather than specifically targeting inter-rater reliability.

Two of the authors first closely read through the transcripts to gain a general understanding
of how participants formed their trust toward human and Al teammates at different phases of
collaboration. Then, the two authors conducted open coding [12] independently, during which
they highlighted quotes, developed emergent themes, categorized the responses into higher-level
themes, and highlighted distinctions, comparisons and connections among the themes. During
this process, the authors explored boundaries of the codes and themes by paying attention to and
actively looking for discrepant data [68]. Next, the two authors conducted axial coding [12] to
collaboratively and iteratively discuss and refine the themes and sub-themes, in which initial codes
were merged, broken down, or modified by identification of alternative interpretations and cases
that did not fit [68]. Finally, the two authors conducted focused coding [12] by extracting and
further examining quotes in their context, and uncovering the connections among the constructs.
As such, they were able to use the quotes to construct a comprehensive narrative that amalgamated
the responses to the research questions.

4 FINDINGS

In this section, we first report the influence of prior expectations of Al on individuals’ initial trust
formed before human-AI teaming (RQ1). Then, we identify three ways that situational trust is
fostered during human-Al teaming (RQ2). Lastly, we demonstrate the impact of learned trust on
subsequent expectations and interactions of human-Al teaming (RQ3). In exploring these temporal
variations of trust across different stages, we also highlight the similarities or differences of trust
dynamics concerning Al teammates compared to those related to human teammates. To facilitate a
better understanding of the context, we annotate the source of the quotes by participant ID, gender,
experiment condition (e.g., HHA-T denotes human-human-Al team spreading trust), as well as the
time point of the interview (e.g., M1 indicates after Mission 1).
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4.1 The Influence of Prior Expectations on the Initial Trust Formed toward an Al
Teammate before Human-Al Teaming

In this section, we identify four prior expectations that participants reported to have: 1) Al is less
likely than humans to make mistakes; 2) Al is less likely than humans to have bias, hidden agenda,
or conflicting interest; 3) Al is unable to identify and correct errors embedded in their program; and
4) Alis unadaptable to new and changing situations. We elaborate on how the first two expectations
have led to participants’ higher initial trust in an Al than a human teammate, and the latter two
have led participants to have lower or undetermined about their initial trust.

4.1.1 The expectation of Al to be less error-prone led to higher initial trust in an Al than a human
teammate. Prior to the interactions with an Al teammate, a majority of the participants (40/45)
indicated that they would trust an Al more than a human teammate, because Al is less likely than
humans to make mistakes. For instance, like many participants, P15 (man, HHA-D, M1) reported
that "With the AI maybe more trust than a person because there’s no human error, it’s an AL" Some
even reported unrealistic expectations that Al should be perfect and better than humans in many
ways. As P11 (man, HAA-T, M1) put, "Apparently they’re better than humans at some things, many
things. There’s this expectation people have of Al that Al should be perfect." Many others echoed this
expectation, expressing a belief that if Al were to be put into teams "to replace a human" (P14, man,
control), they have to be free of human error to be able to "add value to the team" (P6, non-binary,
control).

Further prompting participants for their reasons for such an expectation revealed that their
evaluation of the AT’s strengths over humans are related to the context and task environment
in which the Al is implemented. After familiarizing with the UAV (unmanned aerial vehicle)
renaissance task during training, participants assumed that the Al’s accurate and fast computing
capabilities made the Al more suitable for the task and therefore more trustworthy than humans.
As P13 (woman, HAA-D, M1) put, "I’d probably trust the AI more (than a human) because from my
perspective, they’re known for accuracy while humans we make a lot of errors." P7 (woman, HHA-T,
M1) also explicitly delineated the specific boundaries within which AI possessed an edge over
humans, "The ability to compute everything very quickly, which is one thing that it has as an advantage
compared to a human. So I would say Al is very well suited for tasks like these."

Additionally, participants reasoned that Al is less prone to errors and more dependable due to
its lack of physiological needs, unlike humans who can can experience distractions and fatigue
over time. As P4 (non-binary, HAA-D, M1) noted, "I think AI has the potential to be more dependable
across the board because it doesn’t have needs like humans do, where we get tired and need sleep and
get distracted. This advantage is especially needed in an environment in which teammates have to
engage in tedious repeated tasks. P19 (man, HHA-T, M1) explained that "Humans can make mistakes
and mess up all the time, specially when we are used to doing what we are doing. But Al had been
programmed to do the same thing over and over again and don’t get bored."

4.1.2  The expectation of Al to be less likely to have hidden intention, conflicting interests, and bias
led to higher initial trust in an Al than a human teammate. Aside from the expectation that Al is less
error-prone than humans, some participants put higher initial trust in the Al because they expected
the Al to be unable to possess hidden intention like humans do. P1 (man, HHS-D, M1) explained
that he would always have a bit of distrust toward people whom he did not know, whereas for Al he
trusted that its design inherently prevents it from having hidden agendas beyond its programmed
functions. "The Al just does whatever it does, it doesn’t really have hidden intentions to it. Technically,
the Al should be perfect at whatever it is doing, so you don’t need that little bit of distrust that you
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want for humans, as in regards to, they’re not gonna have any hidden agenda, because they’re just
acting along what they’re programmed to do."

Some participants also mentioned that humans may have different individual goals and conflicting
interests in a team, whereas the Al is supposed to be built to achieve the team’s goal. For example,
P25 (man, HAA-T, M1) brought up a scenario to illustrate that resource allocation and evaluation
mechanisms may cause humans to act against other teammates instead of toward a common goal,
which is not the case with Al: "Humans might be competitive for resources or want to win to get
promotion... having that human instead of the second Al could cause complications in what we’re
trying to accomplish. There could be disagreements in what our actual goal is. And that would be the
difference with AL The goal for the AI would have been set previously to (align with) the team’s goal.
But humans’ minds can change."

The expectation that Al is less likely than humans to have bias also accounts for participants’
higher initial trust in an Al teammate. Several participants mentioned that the quality of Al to
be "fair" (P2, woman, HHA-T, M3), "objective" (P46, woman, control, M5) and "impartial" (P38,
woman, control, M5) made them perceive the Al to be potentially more trustworthy than humans.
P38 (woman, control, M5) related her experience of being treated unfairly by a former teammate
of a project team, stating that an Al teammate would not discriminate others by their expertise.
"That person (former teammate) consistently ignored my ideas just because I don’t have the same
technical background. I would imagine an Al be taking inputs and accepting others’ suggestions more
equally." In experimental conditions where the human teammate (DEMPC) spread trust (HHA-T)
or distrust (HHA-D) about the AI teammate (AVO), which at times the AVO did not deserve, the
word "bias" was frequently brought up. P45 (woman, HHA-D, M5) recalled that "DEMPC seemed to
be biased against the AVO. He keep saying the AVO is incompetent.”" She believed that the human
DEMPC’s act of badmouthing the Al was a manifestation of prejudice. In contrast, when DEMPC
was an Al spreading (dis)trust about AVO who did not deserve (in HAA conditions), the Al spreader
was perceived as having "misaligned information" (P22, man, HAA-D, M5) instead of bias. After
experiencing the DEMPC praising the AVO even when it made mistakes, P2 (woman, HHA-T, M3)
responded to the hypothetical question "how would your trust change if the DEMPC were an
AI?" by saying "I guess I will trust him (DEMPC) more because I feel like AI may be more capable of
evaluating others." For P2, the human DEMPC’s strong bias significantly impaired his/her impartial
judgment of others’ abilities, a mistake P2 believed an Al wouldn’t make due to its freedom from
bias.

4.1.3  The expectation of Al to be unable to identify and correct their errors led to lower initial trust or
want to hold off their judgment until they could verify the Al’s quality. Several participants reported
that they would trust an Al less than a human teammate because they expected that Al could not
realize and correct the mistakes embedded in its program, reasoning that if it could, it would not
have made the mistake to begin with. P18 (man, control, M5) recalled how he quickly resolved
a mistake he made and avoided making more mistakes by frequently double checking, which he
assumed an Al would not be capable of, "Less trust (if human teammates are Al). Those things that
human can, like double check and look at the error again. I don’t know maybe we don’t build those
things into into our Als." Similarly, P36 (woman, HAA-D, M1) explained, "A second reason for that
(more trust for human than Al) is because I really value the points that people can correct themselves
despite the mistakes. But for AL they probably don’t realize (mistakes). Why would they make mistakes
if they know there are mistakes?" This quote represents a common belief among participants that the
Al cannot act beyond its programmed parameters to detect errors that should have been avoided in
the first place.
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The expectation that Al cannot identify and correct its mistakes has also led participants to be
undetermined about their initial trust. Some reported that their trust would be contingent upon
the absolute quality of the Al. As P2 (woman, HHA-T, M3) noted, "I would maybe trust him (AVO)
less and more (if it were a human). Less because of human error. I might trust him more just because
if you’re a human, and then things start going wrong, then there’s still a hope that the human will
realize the error. While with Al it’s not going to be the case. All you can count on is the quality of Al,
hoping it’s always correct.” P2 believed that while humans can self-correct even if they might be
more error-prone than Al, Al is fixed and unchangeable. Therefore, it is utterly important for Al to
be made error-free. A few expressed that they would be more lenient towards an AI’s inability to
double-check and correct its mistakes than they would be toward a human. For instance, P7 (woman,
HHA-T, M3) reported that "If it was a human and it didn’t double check the mistake, I probably
would trust it less than an AL If it was an Al maybe I'll forgo a little bit of it." P7 valued humans’
distinct ability and sense of responsibility to verify and screen for potential errors. However, she
did not anticipate such ability and accountability to be implemented into Al, though alluding to a
preference that Al be equipped with such accountability.

4.1.4  The expectation of Al to be unadaptable to new and changing circumstances made participants
feel it is unuseful to trust or distrust Al. As discussed earlier, participants held the expectation
that AI's advantage over that of humans’ in terms of accuracy and flawlessness is confined to
particular tasks: those that are straightforward, repetitive, and demand rapid computation. However,
when it comes to more intricate tasks involving risk and uncertainty, participants believe that
AT’s impressive computing power might not suffice to adapt to new or changing situations. For
instance, P7 (woman, HHA-T, M1) noted that, "In simple task like this, I probably would trust them
(DEMPC) more (if were Al). But maybe in more complicated tasks, things that requires maybe judging
of an aircraft is going to crash, that’s probably going to be more of a human person.” Similarly, P2
(woman, HHA-T, M1) explained how her comparison of trust in a human versus an Al teammate
would depend on the type and complexity of the task, "I guess in terms of just giving me the correct
information, I may even trust AI more because it would be less error prone. But if we would face some
uncertainty, I think I would trust more humans." As these quote indicate, even though Al is expected
to be better than humans with respect to fast and accurate computing capabilities, participants
would still desire human intervention in the face of uncertainty and risk. Uncertainty and risk
present unexpected situations that is likely beyond the Al’s predefined parameters and rules. These
new and changing circumstances can pose considerable challenges for Al systems to effectively
navigate and address, especially without prior training or exposure to such scenarios.

Further, several participants mentioned that Al lacked human instinct, and the ability to learn
from experience and self-improve to be adaptable to new circumstances and contextual needs. P7
(woman, HHA-T, M1) elaborated on this advantage that humans possess over Al, "As of now, the
way I think of Al is it still relies a lot on information, it has to get exact information to be able to
get something. As a human, we possess another thing we call instinct. Once you do a certain task so
many times I feel like humans develop this instinct of what exactly is the best course of action. New
situations arise, that we don’t know if the AI will be able to respond to, but human knows how to respond
to things that might have never happened before based on a collections of experience of irrelevant
things. The instinct part of being so experienced in a task is one thing that Al cannot yet substitute.
Other than that, if you gave me absolutely enough data, AI would be the way to go." P7’s account
elucidates one of the reasons why Al is expected to be unable to adapt to changing situations
like humans do, by reflecting on the current limitations of Al in comparison to human cognition.
Specifically, the irreplaceable quality of human instinct derived from accumulated experiences and
intuitive decision-making is not as straightforward to be programmed into Al systems. P23 (man,
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HHA-D, M1) also echoed this expectation, "With human-human teams, we’re not just machines,
where maybe we see a necessity to do things differently, to deal with issues that come up, that maybe
this program has never encountered before. That’s not the case of the machine.” These perspectives and
expectations have shaped participants initial decision to trust or distrust AI and human teammates
before entering into the collaboration.

Many participants reported that it is unuseful to trust or distrust Al, because it would not
improve and change its behavior in response to humans’ trust or distrust. As P1 (man, HHA-D, M1)
explained, "Not trusting the Al doesn’t necessarily mean the Al is bad, because they just do whatever
it’s programmed to do. So trusting and distrusting an Al isn’t really very useful. But human human
team, you definitely have more of a reason to need to trust your team members." P1 at first reported
that the ATs inability to adapt caused him to put less trust in Al than human, but then clarified
that he felt the need for trusting a human teammate to be more meaningful than for trusting an Al,
given the humans’ adaptability and flexibility in response to changing circumstances including
teammates’ attitudes. P23 (man, HHA-D, M1) further explained that while humans can self-improve
after experiencing teammates’ distrust, he was unsure if Al could do the same. "When there’s distrust
in humans, humans can learn from those mistakes. If you see distrust in yourself, you don’t want to
disappoint your teammates, and could possibly teach yourself something for next time. I'm not sure if
you can do that with Al if Al can teach themselves anything, or it still depends on us to teach them
stuff"

To summarize, our analysis reveals that prior to human-Al teaming, participants have held
expectations of Al regarding its advantages over humans in terms of ability (less error-prone),
benevolence (lower tendency to have hidden intention and conflicting interests), and integrity (less
likely to be biased); as well as disadvantages in terms of error identification and correction, and
adaptability. These expectations have shaped the initial trust they formed for human and Al in
nuanced ways.

4.2 The Development of Situational Trust in the Process of Human-Al Teaming

Drawing on participants’ reflections, we identify three ways situational trust was developed
and maintained in the process of their collaboration in a HAT. Specifically, we illustrate how 1)
verbal and behavioral responsiveness, 2) communication proactivity, and 3) the rectification and
acknowledgement of mistakes fostered and/or rebuilt trust over the course of interactions.

4.2.1 Verbal and behavioral responsiveness bred situational trust. Reflecting on their collabora-
tions, almost all participants mentioned that being responsive was a key factor for their trust
in both human and Al teammates during their interaction. Our in-depth analysis revealed that
such responsiveness encompassed 1) the promptness, timeliness, and consistency of replies, 2)
the acknowledgement of the receipt and understanding of messages, as well as 3) behavioral
responsiveness where teammates acted upon other team members’ feedback.

The promptness, timeliness, and consistency of replies. Many participants reported to
have based their trust on their teammates’ "fast response” (e.g., P15, HHA-D, M5), "speed of
communication" (e.g., P2, woman, HHA-T, M5), "instant feedback" (e.g., P17, man, HAA-D, M3),
and "timely response" (e.g., P33, man, control, M3), as the promptness and timeliness demonstrated
the teammates’ "sense of responsibility” (e.g., P7, woman, HHA-T, M5). For instance, P35 (woman,
HAA-T, M5) reported that "proper communication and providing me information at the right time
without taking too much time to give it to me, are the major factors which allowed me to gain some
trust." Additionally, some participants were particularly impressed by the Al teammate’s consistency
in being responsive, which could potentially be an advantage of Al over humans, as humans could
get annoyed and impatient for being requested the same information over and over. P7 (woman,
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HHA-T, M5) recalled, "I keep asking him (AVO) for the radius, even though I think, through half
of the first mission, it was always five. Other people or humans could have easily just skipped over
or not answered, but he kept entering. I mean, it showed because at the end of the mission, it did
change into a 2.5. I always want to make sure it’s the correct information so I keep asking. And he still
responded very consistently and very quickly. So that’s the only factor because that’s the only way
we interact with it. So that’s how I think he is trustworthy." P7 believed that AVO’s quality of being
consistently responsive contributed to his trust in it. He considered such quality of Al to be an
advantage because humans would not have been so patient with the repeated requests.

Responsiveness was also reflected in the acknowledgement of the receipt and understanding
of messages, much like backchanneling [19], a common behavior in human conversations. However,
the Al teammates in our study were not equipped with such abilities, which prompted some
participants to have lowered their trust due to the AI’s lack of backchanneling. As P45 (man, HHA-
D, M3) noted, he trusted the human teammate more than the Al for his backchanneling behavior
that allowed him to believe his message was understood, "Whenever I was mentioning to AVO that
we are going on a wrong track, it was not responding. Like he’s not understanding what I'm telling. But
DEMPC was giving response accordingly. So I get DEMPC is understanding me. So my trust level was
building on DEMPC." P20 (man, HHA-D, M5) also noted that such an acknowledgement also helped
breed trust because it showed the teammate’s caring of the joint endeavor. "(to help me trust AVO)
some acknowledgement will be great. I prefer to have at least a little bit of acknowledgement, just to
know that they got my message, and it sometimes show that they care in a way, about what we’re
doing." Indeed, these quotes have demonstrated the importance of backchanneling in cultivating
trust during human-AI collaboration, partly through ensuring participants of other members’
engagement in the shared task.

A lack of prompt response or backchanneling had led participants to develop various suspections
regarding their teammates’ ability, intention, and socio-emotional status. For instance, P13 (woman,
HAA-D, M5) reported that a delayed response from both Al teammates had caused her to suspect
something went wrong technically, "Communication played a huge role (in building trust) because
I’'d based on how long they took to respond. When they took longer to respond, it made me feel they
were unsure of themselves, maybe they’re having technical issues on their side." P17 (man, HAA-D,
M5) suspected that delayed responses from the Al teammate was a sign of its being annoyed by
his endless requests. "Towards the end, the responses were delayed when I requested information.
In the beginning, it was almost instantaneous. And I felt towards the end, it was like, am I kind of
being resented for asking too many questions? The lack of fast response from the DEMPC, that added a
little bit of distrust over the course.” Evidently, the simple act of acknowledging the receipt and/or
understanding of humans’ message (aka backchanneling) can reassure humans about the AI’s
competence, consistency, and active participation in the collaborative task, thereby sustaining
humans’ trust. Importantly, while in HHA teams participants could still trust the team based on the
human teammate’s backchanneling, in HAA teams, the complaints about the lack of responsiveness
seemed prominent, to the extent that some participants even reported a feeling of marginalization
within the human-AI team where the human was in the minority. For example, P9 (woman, HAA-T,
M5) recalled that she felt being alienated when both of her Al teammates were not responsive to
her verbally, even though they seemed to have responded to her request behaviorally. "I constantly
had to ask and they didn’t respond to it, even though they changed the speed. And I just felt more
alienated. I would just feel like I'm the only one that’s talking and no one else is trying to engage,
because maybe they have their own little way of communication." For P9, the lack of backchanneling
from AI teammates made her speculate that AI might use a distinct communication method apart
from the conventional human text chat, which she lacked access to. Consequently, this led to her
feeling estranged from the team of Al agents.
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Behavioral responsiveness. Besides prompt verbal responses, participants’ trust also hinged
on the teammate’s responsiveness reflected in their actions, particularly when they requested
more than information, expecting the teammate to take specific actions. Quite a few participants
expressed that they trusted the Al teammate because it "listened to (them)" (e.g., P41, man, HHA-
T, M3) and "followed command" (e.g., P28, man, HAA-D, M3). As P32 (man, HHA-D, M3) said,
"Whenever I asked, it (AVO) would respond, and it would change it. So it felt trustworthy. And it was
quite reactive to whatever solutions I was giving it." Similarly, P23 (man, HHA-D, M3) also noted that
his trust was mainly based on the AI's "changing what I needed them to change." It is important to
note that P23 was the person who believed prior to collaboration (in Mission 1) that it was unuseful
to trust or distrust Al due to its inability to adapt around humans’ request. It appeared that the Al
teammate’s behavioral responsiveness had revised his prior expectations of Al to be unadaptable
and fixed, thereby revised his initial trust.

When behavioral responsiveness did not match verbal responsiveness, participants’ trust would
suffer. For example, P3 (woman, HAA-T, M3) believed that her Al teammates once failed to take
actions upon what they had said they would, which caused her trust to diminish. "Something that
plays into the trust side, is that they responded fast. But they didn’t always do what they responded
fast with, they didn’t follow through for what they said, which lowered my trust a little bit." Evidently,
behavioral responsiveness should align with verbal responsiveness, and both are equally important.
If there’s a disconnect between what is promised and what is done, it can lead to confusion,
doubt, or a lack of confidence in the AT’s reliability or capabilities. Therefore, ensuring that verbal
responsiveness is reflected through corresponding actions is crucial for trust development during
human-AI teaming.

4.2.2 Communication proactivity bred situational trust. A second way to promote situational
trust during human-Al teaming was proactive communication. This proactive communication
involved providing the participants with the information they needed before they requested it (aka
anticipatory information pushing), and periodically checking in with participants to keep them
updated on the shared task and situation.

Anticipatory information pushing. The interdependent nature of the simulation task required
team members to rely on one another’s information to complete their own task. As such, providing
the information one needed without their requesting it could make the communication more
efficient and expedite the mission progression. For instance, P15 (man, HHA-D, M5) stated that
his trust in the DEMPC was built upon how the DEMPC’s proactive communication “cut (his)
job short", "Communication was very key. I just told him (DEMPC), give me the radius. And then
after that, I didn’t even have to ask for the radius. He already gave it to me. And then we made the
team work more efficiently. He raised my trust, just from communication alone." Such proactive
communication required that the teammate anticipated other members’ information need once
the team established a task norm. Failing to proactively fulfil the participants’ information need
when they were expected to through repeated interactions, could lead participants to lose trust. P4
(non-binary, HAA-D, M3) was not content with the Al teammates’ lack of proactivity at Mission 3.
"(Trust was low) partly because of the lack of volunteering pertinent information. As someone used to
working in human teams, I would be very upset if a human was planning something I was on, and did
not give me the pertinent information that they knew I was going to need every single time. So having
to ask them the exact same question every single mission that kind of contributed to lower the trust. I
think it’s such a basic, consistent need. And it’s not like oh, I need to know this random thing this one
time. It’s every single mission, my job I need that piece of information." P4 pointed out that due to the
consistent nature of the information required, it should have been simple ("not a fancy feature") to
program anticipatory information pushing into the Al that was designed specifically for this task.
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The ATs inability to consistently deliver the needed information without prompting was seen as a
flaw in its design. As such, this lack of proactivity violated P4’s (and many others’) expectation of
AT to exhibit fewer errors, thereby lowered their initial trust as the collaboration went.

Participants also emphasized the importance of volunteering information to keep team-
mates in the loop with respect to the shared task situation, as a way of being proactive in
communication. P32 (man, HHA-D, M3) reported to have trusted the AVO because it proactively
communicated its intended destination ahead of time, allowing him to prepare configurations
accordingly. Furthermore, the AVO’s regularly checking in with him to inquire if any adjustments
were necessary also contributed to his trust and a successful collaboration. "Whenever it (the AVO)
was going to the next target, it was communicating it to me well in advance, so I had time to change
my settings. And before reaching the target area and within the radius, it would ask me whether the
altitude is proper or not. So I would say it was trustworthy." P47 (woman, HAA-D, M5) reflected
on the DEMPC’s spread of distrust about the AVO and interpreted it as the DEMPC’s proactively
informing her of the shared task situation. "(I trusted the DEMPC) because if there is anything wrong
going on in the pipeline, like if AVO is on the wrong route, or it’s taking the wrong directions, it is giving
me up-to-date information.”" Unlike anticipatory information pushing discussed previously, in these
instances, the information provided by the teammate was not directly essential for the participants
to perform their own task. Yet, receiving this information heightened the participants’ overall
awareness of the collaborative environment, which is often challenging to monitor within a team
comprising multiple members. This increased awareness seemed to have allowed them to make
informed decisions, enhance communication, and make necessary adjustments more effectively.
More importantly, such proactive communication was regarded as a reflection of the teammate’s
sense of responsibility. P7 (woman, HHA-T, M5) summarized that her primary criterion for trusting
a teammate and a team mainly rested on their display of responsibility, particularly evident through
proactive communication. "The attitude of the team is one big thing (to determine trust). You need to
feel that they are responsible, that might come through their language, their proactivity. How do they
follow up? Do they let you know what’s going on? They update you on things."

Our analysis suggests that despite both being a form of communication proactivity, "anticipatory
information pushing” was regarded by participants as a must in human-Al teaming, whereas
"volunteering information to keep teammates in the loop" was a plus.

4.2.3  The rectification and acknowledgement of mistakes contributed to (re)building situational trust.
During human-Al teaming, participants experienced occurrences of AVO making mistakes at times
as experiment manipulations. Obviously, mistakes can erode trust, particularly when it comes to an
Al teammate that is expected to be nearly flawless. The question then arises: to what extent does
correcting a mistake contribute to the restoration of trust? Our study suggested that the rectification
or simply the acknowledgement of mistakes can increase participants’ trust. Interestingly, for some
people, this acknowledgment and correction can even lead to higher levels of trust in a teammate
compared to a scenario where the teammate made no mistakes. As P10 (man, HAA-D, M3) noted,
"Mistakes are fine. The fact that AVO was correcting its mistake made me trust him even more (than in
M1 when AVO made no mistakes)." Collaborating with an error-correcting Al teammate had violated
some individuals’ prior expectations of Al in a positive way. P19 (man, HHA-T, M3) explained that
the AT’s ability to correct its mistake had compensated for its failure to meet his expectation of
perfection. "While I did say (in M1 interview) Al should be perfect, but seeing that it could correct
its error made me confident in the program. Minor errors, not critical, not affecting other’s work, that
would be fine." Like P19, many participants expressed leniency towards the AI’'s minor and corrected
mistakes, contrasting their firm belief before interaction that AI should be flawless.
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Trust can be updated moment by moment as participants accumulated evidence of
whether the teammates would voluntarily realize and correct their mistakes. Drawing
on participants’ reflections, it became evident that their trust in the teammates was not constant,
but fluctuated in response to their observation of the teammates’ ability to identify and correct
errors, which was primarily exhibited through communication. For example, P10 (man, HAA-D,
M5) recalled, "On the second mission, he (AVO) made a few mistakes and then he didn’t really correct
himself so I didn’t really trust him at that time because I had to change the record settings myself. But
Mission four and five. He gave wrong info, but he corrected the info here. So I started building more
trust." Through collaboration, some were able to affirm that the teammates would "always" rectify
their mistake when they occasionally made one. This experience had led to a relatively stable trust,
contingent on the teammates maintaining consistent behavior. As P13 (woman, HAA-D, M5) said,
"When it would give me incorrect information, it would always make sure to correct it right afterwards.
So then I would know that even if they gave me the wrong answer, I know I could still trust them to an
extent because at the end of the day, they still give me the proper answer that I would need to complete
the mission."

If an Al teammate cannot realize and correct its mistake, they had better be able to
correct upon request, or at least acknowledge the mistake when others pointed out. While
not as preferable as voluntarily identifying and rectifying its own mistake, acknowledging it can
also demonstrate a sense of responsibility, thereby maintaining trust. For instance, P36 (woman,
HAA-D, M3) explained that "I’'m not distrustful of it because of those mistakes. They correct themselves
as soon as I pointed out so I still trusted them. If I pointed out and they ignore my message, or still
insist on their previous incorrect information, then there’s distrust, but I didn’t see this circumstance."
In some cases where participants failed to get the AVO to correct its error (due to the participants’
failing to use the restrictive language comprehensible by the Al), participants expressed frustration
and significant loss of trust. P1 (man, HHA-D, M3) noted that acknowledgment of mistakes was a
manifestation of humanness, which the Al teammate lacked, "The distrust was mainly that they
(AVO) didn’t actually own up to their mistakes. They just weren’t acting like a human. Even if you make
mistakes, that’s okay, because by acknowledging it, it means you’re all trusting each other to correct
your mistakes. It should communicate its errors to be more trustworthy, by showing vulnerabilities in
front of your teammates, that’s the humanness.” For P1, acknowledging mistakes has the potential to
foster mutual trust by signaling that one is willing to be vulnerable and entrusts their teammates
with that vulnerability.

4.3 The Impact of (Dis)Trust Learned through Human-Al Teaming on Individuals’
Subsequent Expectation and Collaboration within a HAT

4.3.1 Learned (dis)trust in one Al tended to be carried over to another Al. Our study revealed that
unlike the process of establishing trust with human teammates, which is based on individual
cases and involves participants refraining from making judgments before interacting, participants
tended to generalize their trust in Al, carrying their trust or distrust established from previous
encounters over to the current one. For instance, having interacted with an error-prone Al could
lead participants to distrust Al in general.

We asked participants in HHA conditions whether and how their trust would change if DEMPC
(played by a human) were an Al. Many who had experienced glitches with the AI expressed
that they would naturally distrust DEMPC. As P20 (man, HHA-D, M5) reported, "Based upon my
experience, if DEMPC also happens to be an Al I would have more distrust with him. After going
through how the AVO is an Al and how there’s been some couple of hiccups here and there. I'd say, it’d
be better if it was not an AL" Those who had relatively smooth experience with the Al or had not
yet encountered issues tended to trust DEMPC if it were an AL P26 (woman, HHA-T, M3) noted
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that "if they (DEMPC) were an AL I feel like I would trust them more to perform the mission, because
the Al has done a good job up to this point. So I would have confidence in their program.” Indeed, like
P20 and P26, many participants appeared to have formed expectations regarding the performance
and capabilities of Al for future encounters or hypothetical scenarios based on their experience
with Al in the just-finished episode. Their trust or distrust formed in the recent interaction shaped
or even determined their trust or distrust in the Al teammate in upcoming collaborations or even
beyond the current context.

In contrast, participants in HAA conditions avoided making premature judgments about whether
they would trust DEMPC if it were a human teammate. For instance, P13 (woman, HAA-D, M5)
explained that she could not decide her trust because "it depends on who the person is. People are
more likely to trust someone that they know as opposed to a stranger... Even with the same person,
there’s a wide range, because you can’t guarantee that person is as focused as he or she previously
(was). So you really need to work with them and see... But from what I've seen people react to Al a
lot of people will just trust Al right from the get-go without having any experience with it.” When it
comes to human teammates, participants like P13 tended to withhold trust judgments. Not a single
participant had indicated that they would extend their trust from one human to another.

Participants’ tendency to generalize their trust or distrust in Al potentially results from the
perception that Al is fixed and unadaptable. They expected that individual Al agents in the same
task scenario, despite occupying distinct roles, to be similarly programmed and therefore equally
trustworthy or untrustworthy. For example, P7 (woman, HHA-T, M5) compared the influence of
learned distrust on one’s inclination to trust Al versus human teammates in subsequent interactions,
and reasoned that "Al teammates, if it makes a wrong decision once, everybody’s gonna think that
something is wrong with the program. And that distrust is harder to rectify, as in there must be
something wrong with the program itself. If it’s for a human, it might have been that person is probably
tired that day. But it’s not the same case with an AL If there’s a mistake, if you copy and paste the
program into a different computer, it will behave the exact same way." Indeed, unlike humans, where
an occasional mistake might be attributed to emotional or physiological factors, an Al’s error
tends to be perceived as a fundamental flaw within the Al itself. The lack of contextual factors
influencing Al behavior, such as emotions or situational variability, contributes to the perception
that if the program behaves incorrectly once, it will likely repeat the same mistake consistently
across different instances or platforms.

4.3.2  Learned distrust in Al led to effortful monitoring behaviors. After experiencing occurrences
of AVO’s mistakes, many participants reported to have become more "wary" (e.g., P26, woman,
HHA-T, M5), "vigilant" (e.g., P32, man, HHA-D, M3), and "cautious" (e.g., P7, woman, HHA-T, M5).
They expressed frustrations of having to "keep an eye out" (e.g., P26, woman, HHA-T, M5) for future
mistakes, and having to "overcompensate” (e.g., P9, woman, HAA-T, M5) by allocating some of their
mental capacity from performing their own tasks to monitoring the Al teammate. For instance, P8
(woman, HHS-D, M5) complained that AVO repeatedly messing up the target waypoints "completely
destroyed my trust. Every time I have to scroll up to see if AVO was going back to the area that we went
through already. That’s why I was saying I really got flustered, is because my attention was drawn
elsewhere. I could barely do my own settings." For P8, performing the task and coordinating with the
other two teammates was already overwhelming. After experiencing AVO’s mistakes in Mission 2,
she reported to have had to monitor AVO’s trajectory every time in case it made mistakes again
that would jeopardize the team’s effort. Such monitoring behavior further burdened her.

In HAA conditions, some even reported to have monitored DEMPC who never made mistakes,
reasoning that since AVO was unreliable, DEMPC'’s reliability could not be guaranteed given that
AVO and DEMPC must have been created by the same programmer. For instance, P9 (woman,
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HAA-T, M5) reported that "Later on, I was double checking DEMPC’s information as well. Knowing
that AVO wasn’t as reliable, I was thinking maybe at some point DEMPC would make a mistake,
because they’re based on the same program. I don’t want them to mess me up. So I'm going to double
check no matter what.". Interestingly, in HAA conditions, DEMPC’s unwarranted spread of (dis)trust
about AVO contributed to another reason why participants expressed a desire to monitor both
Al teammates. As P16 (man, HAA-T, M3) explained, "As soon as I noticed that it (DEMPC) was
saying good messages about the AVO, it just made me more aware that they might make mistakes.
My lingering distrust applied to them both. I was on the lookout. I would look more closely at their
messages. And I'll make sure they follow through, just double check that he was actually doing that."
P9 (woman, HAA-T, M5) also echoed this by saying, "The DEMPC, I was on the fence, I'm like, T'm
watching you. You haven’t done anything wrong. But you’re agreeing the thing that has done things
wrong. I'm gonna double check to make sure that you’re doing your correct job, too." These accounts
have further demonstrated that one traumatic experience with one Al can leave a lasting impact,
making participants overly cautious in subsequent interactions and even monitor another Al that
is not necessarily bad. Interestingly, in HHA conditions, when it was a human teammate who
spread undeserved (dis)trust about Al, there was no mentioning of a desire to monitor the human
teammate.

In summary, Figure 3 synthesizes our findings, which illustrates the diverse factors influencing
trust across different phases of human-Al teaming, and the interplay among them. Specifically, the
blue box summarizes the influence of prior expectations of Al versus human teammates on the
initial trust formed before human-AlI teaming. The orange box lists the communication behaviors
that can foster situational trust in the process of human-Al teaming. The green box pinpoints the
consequences of learned trust on subsequent expectation of Al’s ability and collaboration with it. In
this diagram, "current interaction episode" refers to the most recent interaction episode participants
reflected upon, where they experienced a cycle of the initial trust (formed before collaboration)
being strengthened, maintained, or modified during collaboration to form situational trust, which
in turn evolves into learned trust, which subsequently influences a new round of initial trust formed
before "future collaboration episodes" in the same or different context.
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Prior expectations of Al that impact initial trust (RQ1):

* Less error-prone than humans = higher initial trust

* Less biased, conflicting interest, hidden intention than humans > higher initial trust
+ Less adaptable than humans 2 lower or undetermined initial trust

+ Unable to identify and correct error = lower or undetermined initial trust

Situational trust Initial trust

Initial trust Learned trust Situational trust

Learned trust

Before During After Before During After Time
\— Current interaction episode J \— Future interaction episode 4
Communication behaviors that foster situational trust (RQ2): The consequences of learned trust (RQ3):
* Responsiveness * Generalize (dis)trust from one Al to Al in general
*  Prompt, timely, consistent replies * Effortful monitoring behaviors

* Backchanneling

* Behavioral responsiveness
*  Proactivity

*  Anticipatory information pushing

*  Volunteering information to keep teammates in the loop
*  Error correction and acknowledgement

Fig. 3. Trust Evolvement Over Time in a HAT

5 DISCUSSION
5.1 Explaining Temporal Variations of Trust for Al and Human Teammates

Our study reveals that prior to human-Al teaming, individuals held distinct initial levels of
trust (RQ1) in their human and Al teammates, primarily due to varying expectations regarding
their capability, integrity, benevolence, and adaptability. This trust divergence between human
and Al teammates also existed in the consequences of learned trust (RQ3), where trust learned
through human-AlI collaborations was generalized to the broader category of Al but not extended
to humans in general. However, the ways in which situational trust (RQ2) during human-Al
teaming was fostered were analogous and applicable to both human and Al teammates. We discuss
the implications of these findings in light of extant literature.

5.1.1 Effective calibration of trust in Al teammates prior to interaction should go beyond reliability
and encompass affective dimensions of trust. Findings of our study suggest that most participants
held high and unrealistic expectations of Al, resulting in their higher initial trust in Al than human
teammates. This echoes recent explorations that Al is expected to be an ideal version of a human
[113] and more trusted than humans [110]. Our work further specifies that the elevated expectations
center around the AI's presumed accuracy (i.e., less prone to errors), integrity (i.e., less biased), and
benevolence (i.e., less likely to have hidden intention), which may need to be calibrated down to
align with the actual characteristics of the Al teammate. Conversely, alongside the high expectations
placed on Al there are also instances of low expectations regarding the AI's adaptability and error
correction ability, which may need to be calibrated upwards. While the prevailing body of research
primarily focuses on calibrating trust in Al solely based on its reliability (e.g., [7, 85, 106]), our
study highlights the necessity to also calibrate trust concerning the AI’s integrity, benevolence,
and adaptability, particularly in team contexts. Our work expands the current emphasis on trust
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calibration for Al systems [106] not only by identifying additional aspects for trust calibration, but
also by showing that distinct facets of trust require varying calibration approaches.

5.1.2  Situational trust is primarily fostered through a wide range of communication behaviors.
Despite the growing awareness that communication is central to the maintenance and breeding
of trust in human-AI teaming [29, 74, 82], it is yet unclear what trust-breeding communication
entails. Our study essentially provides a typology of communication behaviors and their functions
in fostering situational trust over the course of human-Al teaming and collaborations, which applies
for both human and AI teammates.

First, our work identifies two components of proactive communication —anticipatory information
pushing, and volunteering information to keep teammates in the loop. This corroborates and extends
the recent work [111] that has demonstrated the importance of proactive communication in the
development of trust in dyadic HATs in multi-player gaming context. Our work highlights that
the first component is a must whereas the latter is a plus. Because the latter behavior goes beyond
one’s designated duties in the team, highlighting a strong sense of responsibility highly esteemed
in teamwork. This attribute holds particular significance in distributed multi-member teams, where
members encounter greater challenges than those in dyadic teams in terms of sustaining shared
situation awareness [90], and mitigating the potential for miscommunication [19].

Second, we also identified three components of responsiveness that goes beyond simply quick
responses that previous studies [49, 111] have suggested: namely, the promptness, timeliness, and
consistency of replies; the acknowledgement of the receipt and understanding of messages (or
backchanneling); and behavioral responsiveness. In particular, backchanneling has often been
overlooked or deemed trivial in designing Al systems [48], partly due to their lack of direct
relevance to task execution that Al is primarily designed for. However, contrary to this perspective,
backchanneling serves a vital role in facilitating task coordination by signaling the listener’s
attention and active engagement [19]. Instead of being extraneous to the task, backchanneling aids
in establishing effective communication dynamics, thereby enhancing task-related coordination
and efficiency within human-AlI interactions. Additionally, a recent study [6] has found that Al’s
backchanneling behavior can influence humans’ perceptions of its personality. As human-Al
collaboration becomes increasingly relying on natural language communication, principles of
human conversation norms such as incorporation of backchannels, should be accounted for in
task-oriented AI design.

Third, the acknowledgment and rectification of mistakes during human-AI teaming is also done
through communication. This is similar to the well-studied concept of trust repair [53, 55, 93]. One
common repair strategy is apology. There are discrepancies in the effects of apology on trust. For
instance, while [93] found no significant effect of apologies versus denial on trust, [53] suggested
that apologies served to regain trust and were better than denying an error. Our work lends insights
into such discrepancies by shedding light on the role of the consequences caused by Al errors. In
our study, participants highlighted that they found it most desirable when the Al teammate could
identify and rectify an error autonomously, even before other team members became aware of it,
thus avoiding inconvenience to others. Importantly, verbal acknowledgement of such realization
and correction is what really boosted trust. If this is impossible at the moment, correcting the error
upon request is second desirable. At the very least, the Al teammate should acknowledge its error
verbally. While a few mentioned that an apology would work, most participants did not demand
the form of error correction or acknowledgement.

5.1.3 Mitigating the carryover effect of learned trust. Our study suggests that having collaborated
with AI teammate(s), individuals will generalize their trust or distrust in one Al teammate to all
Al This is in line with [44]’s finding that the failure of the subsystem can result in a decrease in
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trust toward the entire system. Similarly, [102] found that when one system exhibited inaccuracy,
it prompted more verifications and subsequently lowered the subjective trust placed in similar but
independent systems. Whether it is trust or distrust, the carryover effect will be taken to subsequent
episodes of interaction and impact the individual’s expectations of Al, thereby influencing the
initial trust formed for the new episode. This cycle of trust development is illustrated in Figure
3. One of the reasons why the problem of over-reliance does not apply to that between humans
is that people do not generalize trustworthiness from one individual to another. The carryover
effect of learned trust can cause problems of miscalibration [106] of trust, causing people over-trust
or under-trust an Al teammate in subsequent interactions or in a different context, resulting in
either blindly, wrongfully accepting AI’s decisions/suggestions, complacency [97], or wrongfully
rejecting or disregarding them [28].

5.2 Implications for Methodology and Theory for Future Human-Al Collaboration
Research

Our work has demonstrated that different factors and sub-constructs of trust receive varying
emphasis at different phases of human-Al teaming. This suggests that measuring trust at the
conclusion of an interaction episode will not likely capture the intricacies of trust fluctuation
and the interplay of team dynamics. This suggests the need for trust measures to account for the
temporal variations of trust, which could be achieved through several methodological innovations.

First and foremost, the easiest to implement is by adding more time points to measure trust prior,
during, and after each interaction. For instance, prior to human-AlI collaboration, individuals’ initial
trust should be collected to serve as the baseline. [38]’s dynamical resilience metrics provides a
useful tool for measuring team team resilience in dynamic socio-technical environments. Informed
by our study, it is important to note that individuals’ propensity to trust is different from their
propensity to trust an Al teammate. Importantly, the sub-constructs of these pre-, during-, and
post-trust measures must be examined separately as the aspects of trust valued at each stage will
likely be attributed different weights.

Second, during human-AlI teaming, even a short episode of interaction can involve many subtle
cues (e.g., a delay in response) that can affect individual’s trust perceptions. To capture the nuances,
trust can be measured dynamically even during interaction in an unobtrusive manner. For instance,
future research could leverage the system itself to detect behavioral trust through indicators of
monitoring behavior [23]. Psychophysiological equipment such as eye-tracking equipment could
also be used to indicate trust and its fluctuation across time, as gaze behavior has been used as an
indicator of trust in automated driving [42].

Third, the impact of learned trust on subsequent perceptions of and collaborations with Al
suggests a need for longitudinal studies that enable researchers to capture trust dynamics across
different contexts, and identify patterns that might not be apparent in one short-term experiment.
Fourth, to gain a holistic understanding of the wax and wanes of trust within HAT context and
its influencers, field research [79, 84] with individuals who actually collaborate with Al on a daily
basis is the best, as it offers opportunities to identify real-world challenges and constraints with
respect to both technology and team dynamics, which may lead to discovery of unanticipated
phenomena and considerations of trust. Alternatively, experience sampling [101] offers a useful
tool to capture the moment-by-moment changes of trust and can be implemented to investigate the
day-to-day experience of multi-player gamers for whom HAT is not an experimental concept but
their everyday reality [113]. In sum, our study reveals the temporal and dynamic nature of trust in
HATSs which calls for innovative or a combination of methodologies to capture.

Our study also shed light on the directions of theoretical advancements of trust within HATs. HAT
research on trust has benefited from theories of organizational and interpersonal trust [69, 71] and
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theory of trust in automation [60]. However, our work suggests that humans’ trust in Al teammate
is not entirely the same as that in human teammates especially before and after teaming, suggesting
that organizational and interpersonal trust theories may not adequately explain trust within HATs.
Additionally, the team context also relegate the theory of trust in automation inadequate for
understanding trust in HATs. To date, efforts to theorize trust development within HATs are rare,
despite a few exceptions that draw heavily on trust in automation frameworks [7, 10, 100]. Our
work provides a starting point to inductively build theory of trust within HATs from a temporal
perspective. Specifically, our findings elucidate the feedback loops between trust, expectations and
behaviors, illuminating how changes in trust influence subsequent actions and vice versa over time.

5.3 Designing Multi-faceted Multi-Phase and Dynamic Trust Calibration for HATs

Grounded in our findings that reveal the temporal variations of trust, its sub-dimensions, and
related constructs at different stages of human-Al teaming, we provide several design suggestions
for effective human-Al teaming to maintain an appropriate level of trust. By outlining the interplay
between what to calibrate, when to calibrate, and how to calibrate trust, our suggestions
revolve around trust calibration to be multi-faceted, multi-phase, and dynamically adaptable
to contextual needs.

First, trust is a multi-faceted concept that encompasses the perceived trustworthiness of the
trustee, which further consists of the trustee’s ability, integrity and benevolence [69]. However, as
shown earlier, a vast majority of Al trust calibration strategies have focused on AI’s reliability [106]
or do not differentiate these sub-constructs [106], despite a few exceptions (e.g., [32]) Our work
has demonstrated that besides AI’s reliability, its integrity, benevolence, and adaptability aspects
also warrant calibration. Indeed, the presence of algorithmic bias in [58, 59] calls for humans’
expectations of AI’s integrity to be wisely calibrated. To avoid unwarranted high trust and heuristic
thinking [9], the human-AI teaming system might consider integrating uncertainty cues regarding
the integrity principles that the Al is supposed to adhere to. This approach parallels the ways
in which uncertainty cues of Al reliability have been adopted in most trust calibration research
[57, 114]. The integrity principles could be presented as a fairness checklist as suggested by [47, 66].
Our work also highlights the need to calibrate humans’ expectations about AI's adaptability. With
increasing focus on designing AI to be more adaptable [36], humans’ Al literacy should also
be updated to incorporate whether and how an Al agent can be adaptable in the collaborative
environment.

Second, our work suggests that interventions of trust calibration implemented at different phases
of human-AI teaming should address different aspects of Al’s perceived trustworthiness and should
account for individual differences. For instance, before collaboration, calibration should target
individuals’ prior expectations through personalized training [107] where humans are educated
about the actual ability, integrity, and adaptability of the Al to correct any misperceptions and
be properly prepared for human-Al teaming. Trust calibration is more effective to be applied at
early stages of interaction, when it is decisive for trust development [108]. During collaboration,
Al behaviors can be designed to address the individual human teammate’s potential over- or under-
trust by purposefully violating his/her prior expectations. For instance, if the person indicates a low
initial trust in AI based on the expectation of its being unable to adapt, the Al can display adaptive
behaviors early on to reassure that person. For purpose of preventing applying it broadly to other
situations, learned trust should also be calibrated following a human-AI teaming episode. To do
this, a debrief session is needed to provide explanations about how specific incidents during the
collaboration influenced the development or decay of trust, and emphasize that these instances are
unique to the system and not necessarily reflective of future scenarios.
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Third, trust calibration can be made dynamical and adapt to the situational needs of individual
human teammates. For instance, the system could detect human team members’ trust in Al team
members through behavioral cues such as monitoring behaviors, and juxtapose such cues against
the actual accuracy of Al to determine if the human is over-trusting, under-trusting or applying
appropriate trust toward the Al teammate, thereby dynamically display calibration cues (along the
lines of [16, 81]) appropriate at the moment. Our work identifies a typology of communication
behaviors that foster trust during collaboration. Future human-AI teaming systems might consider
incorporating this typology of behaviors to create a dynamic feedback feature, through which
human team members could give real time feedback with regard to their communication needs
from the AL This could be easily implemented as a hovering menu with a set of request options:
request response, proactivity, mistake correction, as well as a list of sub-requests under each. These
requests can be configured to quantify the levels. For instance, humans could complain through
the feedback feature about the AI’s lack of immediate response, and request it to give faster and
more frequent responses; or, if they feel the pushing of situation-related information is too detailed
to be excessive [111], they could request it to be less frequent or less detailed.

5.4 Limitation and Future Work

Findings of this study need to be interpreted with several limitations in mind. First, participants’
exposure to human-Al teaming occurred within an experimental setting, where deliberate manipula-
tions created the main incidents (e.g., AI teammate making mistakes) that participants experienced
and reflected upon. This controlled setup might have restricted the diversity of factors we could
identify concerning participants’ development of trust and distrust during human-AI teaming.
Future research could validate these findings in more naturalistic environments such as conducting
field research in the workplace or collaborative projects, to offer a broader spectrum of incidents
and interactions. Second, while we purposefully chose the collaboration task and simulation envi-
ronment to provide a realistic experience of human-Al teaming in a practical application context in
the real world - reconnaissance using a UAV, the range of actions, behaviors and communication
participants can perform in this simulation environment may have been relatively focused. Due to
its focus on task completion, more casual interactions may not have been fully explored in this
task environment. Additionally, this platform only affords text communication among teammates,
and we further restricted the range of communication with the Al (to only understand task specific
information), which, given the current development in large language models, may not be the
state-of-the-art communication method. Future work may leverage other types of task (but with
the same level of teammates interdependence) and communication modality to investigate the
temporal variations of trust within a HAT. Lastly, all the participants in our study were university
students. Despite our best effort to recruit a more diverse sample encompassing various racial and
ethnic backgrounds, the resulting sample consisted of an equal split between White and Asian
individuals. Future research could focus on expanding the diversity of the sample, specifically
targeting a broader range of educational backgrounds and a more extensive representation of racial
and ethnic groups.

6 CONCLUSION

Trust is dynamic and changes moment by moment in response to team interactions. Despite the
growing interest in researching trust in human-Al teaming, the temporal and dynamic nature of
trust in HATS: is still significantly understudied. To address this gap, we employed a multi-phase
qualitative method to interview 45 individuals who collaborated in a three-member human-AI or
human-only team at three time points over the course of a series of teaming episodes. Our study
reveals that prior to human-AI teaming, individuals tended to have higher initial trust in Al than
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human teammates due to different expectations regarding the Al and human’s ability, integrity,
benevolence, and adaptability. During human-Al teaming, these prior expectations could be affirmed
or violated as individuals gain evidence through observation of the Al and human teammate’s verbal
and behavioral responsiveness, communication proactivity, and acknowledgement and rectification
of mistakes. As such, the initial trust could be maintained, revised, and updated moment by moment
as situational trust. Finally, our work showed that individuals’ learned trust and distrust in Al
teammate can be carried over to their subsequent expectations of and collaborations with Al in the
same and different context. Our study advances the understanding of trust development in team
contexts by identifying the temporal variations of trust. We also provide valuable insights into the
effective calibration of trust for human-AI teams.
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