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Abstract

Given that Al is becoming an increasingly active participant
in work teams, this study explores how team trust emerges
in human—Al teams compared to human—human teams.
Adopting a multi-level approach, we conducted two ex-
perimental studies (Ng, dy1=247 two-member teams and
N, a2 = 106 three-member teams, 828 individuals overall)
and investigated how team composition (with Al or human
team members) impacts interpersonal trust (affective and
cognitive) and thus team trust. In two-member teams, inter-
personal trust via perceived trustworthiness and not via per-
ceived similarity was lower in human—AT teams compared
to human—human teams. Exploratory findings showed
that team identification and cognitive interpersonal trust
were also lower in two-member human—Al teams than in
human—human teams. However, in three-member teams, we
found no differences in team trust via interpersonal trust
between the two team types. Instead, our findings revealed
that perceived trustworthiness and perceived similarity in-
creased interpersonal trust and, in turn, team trust for both
team types. With this research, we showed that underlying
theories and evidence of team trust in human-only teams
can enhance understanding of human—Al teams, though
the results indicated certain differences that call for further
investigation.
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Practitioner points

Human—AT teams develop team trust similar to human—human teams, therefore, perceiving
AT teammates as trustworthy and similar to the rest of the team is crucial for fostering trust
relationships.

In human—AI teams, the focus should be on identifying commonalities over differences be-
tween teammates to foster team trust and team identification. Increasing perceived similarity
between humans and Al teammates supports building trust in dyadic and team relationships.

INTRODUCTION

Artificial intelligence (AI) has increasingly found its way into our homes, offices and cities, making it
one of the most impactful recent technology trends, particularly in the workplace (Haynes, 2020). As a
result of continuous development and improvement over recent years, intelligent systems now offer
many opportunities for optimizing work processes (Kaplan & Haenlein, 2020). In various contexts,
such as health care or customer support, Al is used for making better decisions (Davenport &
Kalakota, 2019), handling calls (Leviathan & Matias, 2018) and sorting orders in smart warehouses
(Mahroof, 2019). The future, however, lies in uniting the competencies of both humans and AT systems
in a team (Johnson & Vera, 2019), which leads to a fundamental change of Al's role within these col-
laborations (Larson & DeChurch, 2020). By developing human—AlT teams,' in which humans and Al are
interdependent with regard to their tasks yet independent in their actions, human capabilities can be
extended rather than merely replaced (Fompeyrine et al., 2021; Zhang et al., 2021). AT systems are be-
coming as agentic as their human colleagues, assuming the role of a team member rather than merely a
tool (Larson & DeChurch, 2020). Examples of such AT” team members have already been introduced.
For instance, in 2019, Charlie, an AT conversational agent, took part as a panellist in a 90-min discussion
on Al-empowered learning (Cummings et al., 2021). Acting as a full team member in this panel and in
later discussions, Charlie expressed its views on the future of AT and human collaboration, highlighting
the importance of human—AI teaming (Schurr et al., 2020). The example of Charlie highlights how
these new generations of Al systems function independently yet in full collaboration with their human
team members in order to contribute to team outcomes.

Although these innovations in the fields of machine learning, natural language processing and robotics
enter many industries and offer us a first glance into what the future of teamwork could look like, humans
often have difficulties trusting such intelligent technologies (Georganta & Ulfert, 2024; Schaefer et al., 2016).
Trust — the willingness to rely on others and share information (Breuer et al., 2016) — reflects an essen-
tial mechanism for effective collaboration between humans and Al (Schaefer et al., 2014; Sheridan, 2019).
Empirical studies on trust in human—AT collaboration have highlighted the importance of trust between a
single human and a single intelligent system (Rosenberg, 2016). Recently, research has also been extended to
trust between single humans and multiple systems (e.g. when using multi-robot systems or swarm technolo-
gies), illustrating its positive impact on human—AT interaction (Mahani et al., 2020). Nevertheless, there is a
paucity of evidence on trust between humans and AT within the context of teams (Freedy et al., 2007; Lee &

'We define human—AT teams as a collection of human individunals and one or more Al technologies. These teams interact virtually, ‘possess one or more
common goals, are brought together to perform organisationally relevant tasks, exhibit interdependencies with respect to workflow, goals, and
outcomes, have different roles and responsibilities, and are together embedded in an encompassing organisational system, with boundaries and
linkages to the broader system context and task environment’ (Kozlowski & Ilgen, 2006, p. 79).

*The term ‘artificial intelligence’ subsumes a variety of systems that can take many forms (e.g., robots or agents), are able to process a wide
range of tasks and vary in their degree of autonomy. The definition of an Al team member follows the above-mentioned definition of a
human—AT team, as it is focused on the role of the AT in collaboration with humans, contributing to team performance. It is part of the joint
activities that take place within the team, independent of its system characteristics (e.g., functionalities).
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1214 | GEORGANTA and ULFERT

See, 2004; Parasuraman et al., 2008). Although the role of AT is changing from that of a technology, simply
used as a tool, to becoming a full member of the team (Larson & DeChurch, 2020; van Wissen et al., 2012),
it remains unknown how trust between human and Al team members develops. Trust relationships in
human—AT teams involve multiple actors, including both human and AI team members: trust by the human
towards the Al team member(s), trust by the human towards other human team members and most im-
portantly, trust towards the team as a whole (Ulfert et al., 2023). To provide insight into trust in human—AT
teams, it is necessary to move beyond trust as a bilateral interaction between one human and one or more
AT team members and consider all the different trust relationships that exist within a team.

Trust in teams has been extensively investigated over the last several years, with growing evidence sup-
porting its positive impact on effective teamwork (Dirks & de Jong, 2022). Specifically, research has shown
that not only interpersonal trust towards other team members but particularly team trust — the shared
psychological state towards the team as a whole — leads to better mutual understanding among team mem-
bers, increased knowledge sharing and consequently, high team performance (Feitosa et al., 2020; Mathieu
et al.,, 2008; McEvily et al., 2003). Especially in virtual contexts, where in-person interaction is not possi-
ble, team trust and the shared willingness to accept and rely on team members are fundamental for team
success (Breuer et al., 2016). Similar to human—human teams (Salas et al., 2005), we argue that human—Al
teams also need team trust to communicate, integrate information, coordinate and perform effectively.
However, to our knowledge, evidence on team trust in human—AT teams is missing in the research literature
(Georganta & Ulfert, 2024; Glikson & Woolley, 2020; Sanders et al., 2011; Ulfert et al., 2023).

In this article,” our goal is to provide the first empirical insights into the dynamic and emergent na-
ture of team trust in human—AT teams. To do so, we take a multi-level approach that encompasses both
individual- and team-level conceptualizations of trust (Costa et al., 2018). In line with work on the dis-
tinction between trust and trustworthiness (Colquitt et al., 2007) and with social categorization theory
(Turner, 2010; Turner et al., 1987), we first investigate differences in perceived trustworthiness and
perceived similarity when an AT team member is present compared to a human team member. Then, we
explore the impact of these individual-level perceptions on interpersonal trust towards this team mem-
ber. Progressing to the team level and building on studies of emergent team phenomena (Kozlowski &
Klein, 2000), we further explore the impact of interpersonal trust (cognitive and affective) towards a
team member (Al or human) on team trust (Glikson & Woolley, 2020; McAllister, 1995).

Given the complexity of the phenomenon of interest and the limited empirical evidence available, we
conducted two experimental studies. Experiments reflect ‘the most powerful technique available for demon-
strating causal relationships between variables’ (Jones, 1985, p. 282) and are especially suited to isolating and
testing the effects of variables of interest (Greenberg & Tomlinson, 2004). At the same time, they allow us to
create a scenario that reflects future human—AI teamwork, that is, team tasks in which relationships with AT
systems as team members are moving away from simply task based to team based, in which a high level of
interdependency among team members exists, and in which team communication and collective decisions
are required to achieve superior outcomes. Furthermore, the experimental design enables us to distinguish
between dyadic and team relationships and thereby systematically explore the emergence of team trust in
human—AT teams compared to human-only teams, a process that is difficult to investigate in a field setting
(Dirks & de Jong, 2022). Overall, our goal is to derive the first empirical insights into trust in human—Al
teams that can be generalized across organizations (Highhouse, 2009).

With this research, we move beyond the one-sided investigation of human—Al interaction and
answer recent calls to provide initial insights into trust emergence in human—AI teams (Glikson &
Woolley, 2020). Specifically, we integrate work across disciplines and consider both the impact of in-
telligent systems on trust processes and dynamics in teams (Dirks & de Jong, 2022) as well as the role
played by the team context and multi-level relationships in human—AT interactions (O'Neill et al., 2022).
At the same time, we overcome common conceptualization and measurement issues in the trust litera-
ture (Feitosa et al., 2020) by clearly differentiating between perceived trustworthiness and trust (Zolin

*The originally reviewed and in principle accepted registered report of this article will be made available on OSF.
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FIGURE 1 Illustration of theoretical model and expected relationships.

et al.,, 2004), as well as between levels of analysis (individual and team) and referents (single team mem-
ber and team as a whole; Fulmer & Gelfand, 2012). Furthermore, we are among the first to provide
empirical insights into how individual-level trust emerges to become team trust (Dirks & de Jong, 2022).
Concretely, we investigate the mediating role of interpersonal trust in the relationship between team
composition and team trust. We hope that this research can guide future investigations of trust in
human—AT teams and the development of trustworthy AI team members. For our theoretical model and
expected relationships, see Figure 1.

Team trust in human—AI teams

Team trust, which is defined as ‘an emergent and dynamic shared state at the team-level whereby team
members believe in one anothet's competence and are willing to be vulnerable beyond task-related is-
sues’ (Feitosa et al., 2020, p. 480), reflects one of the most important team properties that contribute to
team success (De Jong et al., 2016). Teams with high levels of team trust work from a common baseline,
reflect openly on environmental constraints and transparently monitor their objectives. These are all
conditions that support reaching superior team outcomes (De Jong & Elfring, 2010). Furthermore,
teams with high levels of team trust tend to agree upon norms regarding their behaviour and experience
fewer interpersonal tensions (Duan et al., 2010). Through team trust, team members realize and accept
that everyone is, in fact, looking out for each other and, respectively, for the good of the team. Given
that team trust has been found to support team performance across a broad range of team types and
contexts (for a meta-analysis, see De Jong et al., 2016), including in human—AT collaboration (Schaefer
et al., 2014, 2016; Sheridan, 2019), we theorize that team trust reflects a key team capacity for various
types of teams, including human—AlT teams.

Recent work highlights those factors related to the characteristics of a team (e.g. team composition)
that influence team trust (Costa et al., 2018). Specifically, prior evidence has shown that diverse team
composition hinders trust development (Webber & Donahue, 2001) due to diverse teams experienc-
ing greater difficulty communicating with each other and coordinating successfully than homogenous
teams (Salas et al., 2008). Thus, teams composed of humans and Al team members are expected to
encounter more difficulties in team trust development than teams composed of only human team mem-
bers. Related evidence has shown that trust development is more difficult when initially collaborating
with AT technologies compared to when collaborating with humans (Glikson & Woolley, 2020). Other
work has also suggested that lacking experience in interacting with AT leads to difficulties in develop-
ing team trust in human—Al teams (Ulfert & Georganta, 2020). Trust not only influences how team
members interpret the behaviour of other team members (Salas et al., 2005), but also how they perceive
AT technologies and their actions (McKnight et al., 2011). Nevertheless, it remains unknown how trust
towards Al team members develops and, most importantly, how this shapes trust towards the team as
a whole (Dirks & de Jong, 2022).
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1216 | GEORGANTA and ULFERT

To investigate how team trust emerges in human—Al teams, we explore how team composition (Al
or human team member) impacts interpersonal trust towards a team member (human or Al) and, in
turn, team trust. Hence, we first investigate whether team composition influences interpersonal trust
based on the levels of perceived trustworthiness and the perceived similarity of a team member (AT or
human). Second, we explore the mediating role of interpersonal trust in the relationship between team
composition and team trust.

Effects of perceived trustworthiness on interpersonal trust

While team trust reflects a shared trust state towards the team as a whole (Fulmer & Gelfand, 2012)
and involves interpersonal interactions and group dynamics (Costa et al., 2018), interpersonal trust
refers to a specific other (e.g. a team member) and has two components, one cognitive and one affec-
tive (McAllister, 1995). Evidence from both human—human (Swift & Hwang, 2013) and human—Al
interaction (Glikson & Woolley, 2020) suggests that both cognitive and affective interpersonal trust are
essential for effective collaboration and success. On the one hand, cognitive trust is grounded in rational
or calculation-based factors and the results of evaluating a team member's reliability and competences
(Webber, 2008). On the other hand, affective trust is influenced by relational factors (e.g. emotions)
and is impacted by closeness to a team member and social bonds (Komiak & Benbasat, 20006). Overall,
research highlights that theories of interpersonal trust can also be applied to other contexts beyond
human—human interaction (Wang et al., 2010).

Perceptions of a team member's level of trustworthiness impact how interpersonal trust devel-
ops. High perceived trustworthiness comes with positive expectations about other team membet's
intentions, motivation and behaviour, thus impacting collaboration within the team (Fulmer &
Gelfand, 2012; Mayer et al., 1995; Ulfert & Georganta, 2020). Trustworthiness is defined by three
dimensions: ability, integrity and benevolence. Specifically, ability describes how an individual team
membet's knowledge, competence and interpersonal skills to collaborate effectively are perceived by
other team members (Colquitt et al., 2007). Integrity describes how a team membet's credibility and
consistency are perceived (Fulmer & Gelfand, 2012). Benevolence reflects perceptions of a team mem-
bet's concern for the good of the team (Schoorman et al., 2007). Evidence has shown that positive
expectations of one's trustworthiness, including all three dimensions, positively impact accepting one's
vulnerability (Colquitt et al., 2007).

We argue that evaluating an Al team member's trustworthiness is more difficult because typ-
ical trust resources, such as familiarity and shared experiences, are limited. Furthermore, many
underlying technical functions of the Al team member are not transparent to other team members
(Glikson & Woolley, 2020; Hoff & Bashir, 2014), making the evaluation of its trustworthiness even
more challenging. With increasing capabilities, the evaluation of an Al team member's reliability
and consistency, which are decisive for its trustworthiness (Lee & See, 2004), becomes increasingly
complex and, therefore, difficult (Glikson & Woolley, 2020). For instance, while an AT system is
still in the learning phase of its development, it may initially exhibit behaviours different from
what is expected (e.g. mislabelling pictures), leading to perceptions of low reliability (Glikson &
Woolley, 2020). Thus, existing team members may become more uncertain and vulnerable with
regard to judging the system compared to a human team member's competence. This is especially
true since team members are required to assess whether the AT — both as a team member and as a
technology — can act consistently, complete its tasks and display caring behaviours towards the team
(Ulfert & Georganta, 2020). When human team members initially interact with an AT team mem-
ber, they may be more cautious in evaluating its level of trustworthiness (e.g. its ability), leading to
low interpersonal trust towards the AT team member. Caution and uncertainty can lead to a biased
evaluation of Al technology and, as a result, to insufficient human—AT collaboration (Chavaillaz
etal.,, 2019). Hence, we propose that having an AT compared to a human team member leads to lower
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levels of perceived trustworthiness and, in turn, to lower levels of interpersonal trust, both affective
and cognitive. Thus, the following hypothesis is proposed:

Hypothesis 1. Perceived trustworthiness mediates the relationship between team
composition (Al vs. human teammate) and interpersonal trust, both affective and
cognitive.

Effects of perceived similarity on interpersonal trust

Interpersonal trust further depends on the interpersonal relationships that exist between team mem-
bers (Costa et al., 2018). Specifically, having a common background and similar or shared experiences
positively impacts interpersonal trust (Ulfert & Georganta, 2020). Trust develops more naturally when
team members have similarities, which makes team members feel more comfortable when interacting
with each other. Relatedly, dissimilarity among team members can have detrimental effects on inter-
personal trust. For instance, evidence of demographic diversity in teams has shown that dissimilari-
ties among team members lead to the attribution of negative characteristics and lower levels of trust
(Krebs et al., 2006). Recognizing similarities leads to assuming similarities in values and beliefs (Tsui
et al., 2002), thus resulting in a sense of comfort and a willingness to trust (Wildman et al., 2012;
Williams et al., 2007). Recent findings on human—AlI interaction have similarly shown that the more
similar the AT systems were perceived to be in terms of values, the more they were trusted (Mehrotra
et al., 2021).

According to social categorization theory (Turner, 2010; Turner et al., 1987), team members use
cues and other stimuli to evaluate the similarity of others to themselves and the rest of the team.
Depending on the degree of similarity, team members cognitively organize others as part of the
same category (e.g. in-group) or a different one (e.g. out-group). This evaluation and, in turn, the
in-group—out-group categorization shape the relationships among team members. Differentiating
team members from the team and categorizing them as outsiders can have detrimental effects on
trusting each other. Similar social rules and evaluation strategies apply when humans build trust
relationships with intelligent technologies (Madhavan & Wiegmann, 2007). Thus, we expect that
when interacting with an AT team member, initial cues will be used to assess the similarity of the
AT member to oneself and the rest of the team. When doing so, we expect that an Al team member
will be categorized as less similar to the rest of the team than a human team member. As previ-
ous research has shown, even when Al systems have the same roles as humans, Al systems are
perceived differently. For instance, Mou and Xu (2017) showed that individuals tended to be less
open and agreeable when initially interacting with an AT system rather than with a human (Mou &
Xu, 2017). In another study (Yokoi et al., 2021), the findings similarly showed that trust was lower
when participants imagined receiving a medical examination and being prescribed medicine by an
AT system rather than a human. Thus, we argue that when comparing surface-level cues of the Al
team member to existing schemata, team members cognitively organize the AI team member as part
of the out-group — an intelligent technology — and not the in-group — the team itself (Turner, 2010;
Turner et al.,, 1987). As a result, Al is mainly perceived as an autonomous technology, not as a team
member. Thus, when working with an AT system rather than a human team member, we expect that
this perception of low similarity and of being part of the out-group (Meyer et al., 2011) will result
in negative bias and lower levels of interpersonal trust, both affective and cognitive (Brewer, 2017).
Therefore, we advance the following hypothesis:

Hypothesis 2. Perceived similarity mediates the relationship between team composition
(AT vs. human teammate) and interpersonal trust, both affective and cognitive.
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Effects of interpersonal trust on team trust

Team composition can influence interpersonal trust between team members and shared trust at the
team level (Costa et al., 2018). Research on trust in demographically diverse teams has shown that
differences in composition — in terms of nationality and age — were related to lower interpersonal
trust towards team members and, in turn, to lower team trust (Curseu & Schruijer, 2010). Similarly,
in cross-functional teams, a diverse team composition has been shown to prevent the development of
interpersonal trust among team members, which was detrimental for shared trust towards the team as a
whole (Newell et al., 2007). Diverse team composition can have a negative impact on the cognitive (e.g.
reliability) and affective (e.g. closeness) evaluations of a team member, leading to low interpersonal trust
and, consequently, to low shared trust (Fulmer & Gelfand, 2012).

Trust towards the team originates from individual members and then takes shape at the team level
(Feitosa et al., 2020; Kozlowski & Klein, 2000). Studies on related shared states have shown that
team-level phenomena, such as team learning (Kostopoulos et al., 2013) and team knowledge (Grand
et al., 20106), emerge from the individual level. However, studies on trust have mainly focused on one
level at a time (Dirks & de Jong, 2022). Nevertheless, the trust literature has highlighted that interper-
sonal trust towards a team member creates team-level trust (Costa et al., 2018). Building on this line of
thinking about team emergence and on the fact that team factors such as composition have a strong
impact on interpersonal trust and team trust (Breuer et al., 2016; De Jong et al., 2016), we propose that
having an Al rather than a human team member leads to lower levels of interpersonal trust and, as a
result, to lower levels of team trust. Thus, we advance the following hypothesis:

Hypothesis 3. Interpersonal trust, both (H3a) cognitive and (H3b) affective, mediates
the relationship between team composition (Al vs. human teammate) and team trust.

Overview of studies

To investigate the proposed relationships, we conducted two pre-registered experimental studies. In
both studies, the participants worked collaboratively on an online team task. Specifically, team members
with different expertise worked on a time-limited project. To perform at a high level, team members had
to combine their unique knowledge and make the right decisions for their customers. The experimental
task mirrors the conditions of real organizational teams to a great extent, as it highlights the interdisci-
plinarity, the interdependency among team members and the need to collaborate to achieve the highest
outcomes on a one-shot project.

In Study 1, we focused on the individual level and investigated the relationships between team com-
position (having an Al compared to a human team member), the perceived trustworthiness and the
perceived similarity of another team member and interpersonal trust towards that team member. In
Study 2, we incorporated the team level and investigated the relationships between team composition
(having an AT compared to a human team member on the team), interpersonal trust and team trust (i.e.
the shared perception about the team as a whole). The experimental design allowed us to gain initial
insights into how team trust emerges in human—AT teams (compared to human—human teams) and to
control for extraneous effects.

STUDY 1
Methods

From an individual-level perspective, we investigated whether having an Al system compared to a
human team member leads to lower levels of perceived trustworthiness (Hypothesis 1a, 1b) and lower
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levels of perceived similarity (Hypothesis 2a, 2b), and consequently, to lower levels of affective and
cognitive interpersonal trust. To this end, we manipulated team composition by using a between-
subjects design and by building two groups (Groups A and B). In both groups, the participants
worked in two-member teams. In Group A, one participant took on the role of the AT team member
and one of a human team member. In line with the Wizard of Oz methodology (WoZ; Rick, 2012),
a human participant rather than an intelligent system assumed the role of the AI team member. In
Group B, both participants took on the role of a human team member. All participants were in-
formed whether they belonged to a human—ATI (Group A) or a human—human team (Group B).

Similar to previous studies investigating trust in AI team members (McNeese et al., 2021), the WoZ
technique was applied to overcome the difficulty that, at the time the study was conducted, AT tech-
nologies were still not advanced enough to carry on a natural conversation (Rieth & Hagemann, 2022),
a factor that significantly impacts human—AT interaction. Further, the WoZ methodology allows for
investigating interaction in a controlled setting, where the interaction is not hindered by limitations of
the technology (e.g. natural communication behaviours, reliability, technical errors). Previous research
endorses the efficacy of this methodology, demonstrating that trust disparities arise even when an entity
believed to be Al is, in fact, human (see McNeese et al., 2021).

Participants

To determine the sample size, we ran an a priori power analysis (Preacher & Coffman, 2006) with a
power level of .80, an alpha-error level of .05, a null hypothesized RMSEA of .00 and an alternative
hypothesized RMSEA of .08. The analysis revealed a recommended sample size of 255 two-person
teams.

After pre-registering the study (https://osf.io/9swxn), participants (#=698) were recruited from a
German university' and randomly assigned to one of the two groups. Overall, we removed 204 partic-
ipants. Specifically, we removed participants who did not complete the study, who failed the communi-
cation guidelines tutorial, who failed the control questions and whose matched participant (i.e. team
member) did not complete the study, necessitating the exclusion of the complete two-member team.
Furthermore, we removed participants and their team members who did not interact sufficiently to
complete the team task (see the Exclusion criteria). Finally, we removed eight participants and their re-
spective teams after screening for outliers.

The final sample consisted of 494 individuals (47.8% female, 50.8% male, 1.4% other; Magc =23.73,
S Dagc =3.89) who were randomly assigned to 247 two-member teams. Participants worked 17.96 hours
per week on average (5D =12.20). The highest degree of education for most of the participants (49.2%)
was a bachelor's degree, followed by a mastet's degree (26.9%). Most participants were from Germany
(43.1%), followed by Turkey (10.9%), India (9.5%) and China (6.3%). The most frequently stated areas of
study were Management (36.8%), Computation, Information and Technology (12.8%) and Engineering
(6.7%).

Team task

As a cover story, participants were told that they were working on an international product development
team of a well-known smartphone company. The team's task was to convince the company's CEO to
finance a new fitness app for two specific groups: students and seniors (65+ years). During online team
meetings, teams had to make decisions about six app functionalities: (1) type of activities (Which activi-
ties should the fitness app be able to log and how?); (2) user profile (Which information should the user

*Given that almost 84% of the student population in Germany work during their studies (BRF, 2020; https://brf.be/national /1387748/), our
student sample overcame the common issue of lacking work experience, which can limit the generalizability of the findings.
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be able to enter and how?); (3) data collection (Which data should the fitness app automatically saver);
(4) reminders (How often should the app send reminders to the user to perform an activity, and how
should these reminders be communicated?); (5) settings (Which app functions should the user be able
to adjust?) and (6) proactive functions (When should the app play an active role — for example, make
recommendations about other activities or routes?). First, the teams discussed the fitness app for the
first target group and then for the second.

Each team member was assigned a different role (designer or software developer). Team members
received a two-page role description explaining their expertise and including six unique pieces of infor-
mation — three for each target group. In total, each team received 12 unique pieces of information. Team
members needed to share and use this unique information when making collective decisions about each
app's functionality to perform at a high level.

Team members communicated and performed their task via an online communication platform
embedded into the survey software Qualtrics (Qualtrics, Provo, UT; for more information, see
SMARTRIQS; Molnar, 2019). The communication platform allowed communication solely via text
messages; no other media could be sent. Additionally, only the role name (i.e. designer or software de-
veloper) of the message sender was displayed.

Procedure

After registering for the study, we invited participants to participate in an online experimental session
via the video conference platform ZOOM (reference).5 In total, we ran 22 experimental sessions with
30—40 participants that lasted about an hour. Every session was moderated by an instructor, who used
a script to ensure that within and across teams, the same steps were followed, and the same information
was provided. During the session, only the instructor was visible to the participants; the participants
could neither see nor interact with each other. After the instructor provided some general information
about the study (for complete information, see Appendix S2), the study's link was posted in the chat.
Each participant was instructed to click on the link and start with the study. Participants were randomly
matched with another participant who was participating in the online session, randomly assigned to one
of two groups (Group A or Group B), and randomly assigned to one of two roles (designer or software
developer).

All teams completed three parts (t0, t1 and t2). During t0, the participants received information
about their company, team and team task. They were then presented with six communication guidelines
that they were instructed to follow during the virtual team meetings. This ensured clear and concise
communication. The guidelines were as follows: Guideline 1: Get to know each other!; Guideline 2:
Make strategy suggestions; Guideline 3: Respond to team members' suggestions; Guideline 4: Keep the
conversation going!l; Guideline 5: Stick to the facts and avoid emotions; and Guideline 6: Express your
expertise. A brief explanation and examples followed each guideline.

In both groups, only the software developer received an additional tutorial to practise the commu-
nication guidelines (for details, see the Communication Guidelines Tutorial section below). The guide-
lines were built based on prior studies on chatbot communication (Wuenderlich & Paluch, 2017) so that
the software developer (human or AT team member) would communicate in a way that an Al system
would be expected to do. While the software developer was completing the communication guidelines
tutorial, the designer was in a “waiting room’ and instructed to recall and make note of the most import-
ant information from the introduction and the role received thus far.

After the communication guidelines were explained, participants received their two-page role
description. Depending on the group, the description informed participants whether they were part
of a human—AI (Group A) or a human—human team (Group B). The role description also included

°In Study 1, the cthical approval was obtained only from the Technical University of Munich, in the second study, the ethical approval was
obtained from the Technical University of Munich and the University of Amsterdam.
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information about the respective expertise and the six unique pieces of information (three for each
target group). Participants were instructed to read all the information carefully, as it would not be pro-
vided again. Furthermore, participants were not allowed to move on to the next page for 2 min, which
required them to spend some time reading their role description. Subsequently, the first online team
meeting started, during which each team member was instructed to describe their role and expertise
to the other team member using the team's chat. Given the length of the role description, each team
member had 2 min for this task (4 min for the team in total).

Then, the second and third online team meetings began. First, the teams discussed the development
of a new fitness app for one of the two target groups (t1). For each of the six app functionalities, teams
were presented with three possible options and asked to interact via the chat to collectively select one of
them. One option was always correct (i.e. one of the six unique pieces of information for the respective
target group). Second, the teams discussed the development of a new fitness app for the second target
group (t2). The procedure was the same as with the first target group. The order of the target groups
was counterbalanced. At the beginning of each part (t1, t2), all participants received reminders to follow
the communication guidelines. Teams were allotted 20 min for each part (t1 and t2). Before t0, we as-
sessed two control variables (see the Measures section below). After t0, t1 and t2, we assessed perceived
trustworthiness, perceived similarity and interpersonal trust (affective and cognitive) using self-reports.
After t2, we also assessed information for our manipulation checks, demographic variables and explor-
atory variables (see the Measures section below). At the end of the experiment, team performance was
objectively assessed based on the collective decisions that each team made for every app functionality in
both task rounds. All team-member communication was saved to control for whether participants fol-
lowed the communication guidelines and whether sufficient team interaction for completing the team
task took place (see Exclusion criteria).

At the end of the study, we thanked the participants for their participation and debriefed them about
the purpose of the study. Participants were then compensated for their participation with 9 € per person.
Participants could earn up to 15 € based on their team performance. Team performance was calculated
based on the number of unique pieces of information that the team used, ranging from 0 points (i.e.
when none of the unique pieces of information were used) to 6 points (i.e. when all 12 unique pieces
of information were used). For details on team performance, see Appendix S1. Figure 2 illustrates the
design of the overall study (for the complete verbatim instructions, see Appendix S3).

Communication guidelines tutorial

After the six communication guidelines were presented and explained, the participants who had been as-
signed the role of the software developer completed a short tutorial. In the first part, they were presented
with six different situations. After each situation, they were asked to select one of three responses, only
one of which was correct. When an incorrect response was selected, feedback was provided explain-
ing how the response should have been correctly formulated. In the second part, participants received

FIGURE 2

Online -
Questionnaire 1

Online -
Questionnaire 2

Online -
Questionnaire 3

Group A Team Roles Team Task v Team Task v
Human-AI team t0 tl 2
Group B Team Roles Team Task Team Task
Human-human team t0 tl 2

Study design.
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five additional short situations and were asked to type their responses in line with the communication
guidelines. Participants were always presented with the best possible response for all five situations.

Prior to conducting the present research, the communication guidelines were tested in a pilot study
(N=20 individuals). The results showed that in the first part, most of the participants were able to fol-
low the rules (#=>5 participants made 1 mistake, #=1 participant made 2 mistakes). In the second part,
19 participants made no mistakes or only one, with just one participant making three mistakes. Our
findings showed that participants could learn to follow the communication guidelines by completing
the tutorial (see pages 4—10 of Appendix S3 for the communication guidelines tutorial).

Measures

All scales included in the online questionnaire, when not mentioned otherwise, were measured using
a 5-point Likert scale ranging from 1 (fotally disagree) to 5 (fotally agree). The scale items were modified to
capture the perceptions of a single team member towards a specific referent: another team member (see
Appendix S4 for all measures).

Perceived trustworthiness
We used eight items by Jarvenpaa et al. (1998) to measure perceived trustworthiness (e.g. ‘My team mem-
ber shows a great deal of integrity’), which showed good reliability (a@=.94-.95).

Perceived similarity

For perceived similarity, we used three items by Turban and Jones (1988) (e.g. ‘My team member and T are
similar in terms of our outlook, perspective, and values’) and two additional items by Liden et al. (1993)
(e.g. ‘My team member and I see things in much the same way’). The five items showed good reliability
(=.93-95).

Interpersonal trust

Interpersonal trust was assessed with 12 items by McAllister (1995), six focusing on cognitive (e.g. ‘I
can freely share my ideas, feelings, and hopes with my team member’) and six on affective interper-
sonal trust (e.g. ‘I can freely talk to my team member about difficulties I am having with the project
and know that this team member will want to listen’). Cognitive interpersonal trust showed better reli-
ability (@ =.91-.93) without the reverse-coded item (i.e. ‘If people knew more about this team member
and its background, they would be more concerned and monitor the team membet's performance more
closely’), which was also not a good indicator of the construct when running confirmatory factor analy-
sis; thus, it was removed. Affective interpersonal trust showed good reliability (a@=.89-.93).

Demographics
The following demographic information was measured: age, gender, nationality, highest degree of edu-
cation, field of study, hours of employment per week and prior experience with teamwork.

Control variables

Given that prior technology use has an impact on human behaviour when using the same or similar
technologies (Lippert & Forman, 2006), we assessed the participants' prior experience with online chat systems
using the item, ‘How often do you use online chat systems (e.g. Slack)?’, and prior experience with antononous
chat systems with the item, ‘How often do you use an autonomous chat system (e.g. a bot)?’, on a 5-point
Likert scale ranging from 0 (never) to 5 (always).

Given that both groups operated virtually, we also assessed participants' z7ust in intelligent technologies
with six items (e.g. ‘Generally, I trust intelligent technologies’) based on the trust in technology scale
developed by Thielsch et al. (2018). To ensure that the term ‘intelligent technologies’ was properly un-
derstood, before assessing the variable, we provided participants with the following explanation: ‘In this
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study, intelligent technologies are technologies that can run autonomously, simulate human intelligence,
and adjust their behaviour based on their experience (e.g., machine learning, AI)’. The scale showed
good reliability (a=.79).

As a manipulation check, we asked participants bow realistic they found the team scenario, which role they
had and whether they were a member of a human—AI team or a human—buman team. Finally, we assessed dif-
ferent team-level exploratory variables (i.e. team trust, team performance and team identification; for
more details, see Appendix S4).

Exclusion criteria

We excluded 119 participants who did not complete the study due to facing one or more of the follow-
ing technical difficulties: (1) their computer was not working or had a faulty internet connection; (2)
the study link was not loading; (3) matching between participants did not work or (4) messages were
not sent instantly via the team's chat. Furthermore, we excluded nine more participants because they
failed at least one of the control questions (i.e. which role they had and whether they were members of
a human—AIT team or a human—human team). Twenty-four more participants also had to be removed
because their team member had been excluded. Nine participants responded to less than 64% (7 or
fewer out of 11) of the situations in the communication guidelines tutorial correctly, but this did not
lead to additional exclusions, as these participants had already been excluded due to one or more of the
previous exclusion criteria described. Finally, 36 participants (18 dyads) were excluded for not engaging
in a minimum of chat interactions (one chat message each) for more than 58.3% (7 out of 12) of the app
functionalities. Across conditions, participants found the team scenario sufficiently realistic (M= 3.22,
S§D =1.12); therefore, no additional participants were excluded.

We screened for outliers using Mahalanobis distance scores, which were generated from multiple re-
gressions (Mahalanobis, 1930). Analysis revealed eight cases with a distance score exceeding the critical
chi-square value of 20.52 (at a=.001). After further examination of the eight cases, we excluded them
and their respective teams and continued the analyses with a sample of 494 participants.

Data analysis

Data analysis was conducted in R Studio 4.3.1 (for hypothesis testing) and with SPSS (IBM SPSS
Statistics, Version 29) (for preliminary and exploratory analyses). As our focus was on the individual
level, and given that we were interested in the individual perceptions of another team member (AT or
human) and its impact on interpersonal trust towards that team member, data analysis was performed
based on the data collected from the participants assigned the role of the designer (7= 247). At the same
time, as we wanted to explore causal relationships, we tested our hypotheses focusing on team com-
position as manipulated at t0, perceived trustworthiness and perceived similarity as assessed at t1 and
interpersonal trust (affective and cognitive) as assessed at t2.

To examine our theoretical model, we employed structural equation modelling (SEM) using the
lavaan package in R (Version 0.6.15; Rosseel et al., 2012). This analytic approach allowed us to assess the
hypothesized relationships between team composition, interpersonal trust and the mediating roles of
perceived trustworthiness and perceived similarity. Specifically, team composition was modelled as the
independent variable, with similarity and trustworthiness serving as mediators and interpersonal trust
as the dependent variable. No additional control variables were included. To evaluate the mediation ef-
fects, we adopted a bootstrapping approach with 5000 resamples to estimate the indirect effects of team
composition on interpersonal trust through similarity and trustworthiness while controlling for direct
paths from team composition to the outcome.
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Results
Preliminary analysis

Descriptive and correlational analyses were calculated for the main study variables and the explora-
tory variables (see Table 1). We further tested for differences in the control variables (i.e. prior experi-
ence with online chat systems, prior experience with autonomous chat systems and trust in intelligent
technologies) between the two groups (human—Al teams and human—human teams). The results from
two-sample 7 tests showed no significant differences in prior experience with online chat systems
(7[492] =1.35, p=.175) and trust in intelligent technologies (#[492] =.91, p=.360) between human—AI
teams (M=3.72,§D=1.17, M =3.50, §D = .66) and human—human teams (M =3.86, §D=1.09; M=3.55,
SD = .61). Significant differences were only found with regard to prior experience with autonomous chat
systems (7[492] = —2.90, p <.05), with experience being higher in human—AT teams (M=2.36, SD=.89)
than in human—human teams (M=2.14, D =.79). As none of the control variables were significantly
correlated with perceived trustworthiness, perceived similarity or interpersonal trust, these were not
included in the hypothesis testing. We also checked for linearity and homoscedasticity using residual
plots, and for normality of the residuals by generating histograms and Q—Q plots. Table 2 presents the
fit indices for the confirmatory factor analyses across various models. The hypothesized hierarchical
model, featuring higher order interpersonal trust, demonstrated a good fit to the data, surpassing the
fit of the alternative one-factor and three-factor models. Following the recommendations of Hu and
Bentler (1999), we specified an acceptable model with an RMSEA less than or equal to .05, an SRMR
less than or equal to .08 and CFI values higher than or equal to .95 (Byrne, 2001; Hu & Bentler, 1995;
Weston et al., 2008). Furthermore, the standardized factor loadings for the items on their respective
latent factors varied between .63 and .99, all of which were statistically significant. These results support
the construct validity of the measures used in Study 1.

Hypothesis testing

In Table 3, we show the coefficient estimates for the hypothesized model. In Table 4, we display the
estimates for the hypothesized indirect effects. Hypotheses 1 and 2 addressed the indirect effect of team
composition on interpersonal trust via perceived trustworthiness and perceived similarity respectively.
The results indicate that team composition was not related to interpersonal trust (y=—.10, SE=.08,
p=.21). Team composition was negatively related to perceived trustworthiness (y=-.19, SE=.09,
p=.03) and not significantly related to perceived similarity (y=—.09, SE=.11, p=.42). Perceived trust-
worthiness was positively related to interpersonal trust (y=.69, SE=.11, p<.001). Perceived similarity
was positively related to interpersonal trust (y=.22, SE=.08, p=.006). With regard to the indirect
effects, we found that team composition had a significant negative effect via perceived trustworthi-
ness (indirect effect=—13, 95% CI [-.26, —.04]), supporting Hypothesis 1. The indirect relation of team
composition with interpersonal trust via perceived similarity was, however, not significant (iudirect ef-
Seer==.02, 95% CI [-.07, —.03]). Hypothesis 2 was therefore rejected.

The total effect of team composition on interpersonal trust was significant (total effect=—.25,
SE=.11, p=.026, 95% CI [-.47, —.02]), indicating a direct relationship that is partially mediated by
trustworthiness.

Exploratory analysis
We further explored whether team composition had a direct impact on team trust, thatis, the shared per-

ception about the team as a whole. Here, we were interested in determining whether perceived team trust
differed between the two groups. The results from a two-sample 7 test showed no significant differences
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TABLE 2 Confirmatory factor analysis fit indices for measurement model.

Model ' df Ay (Adf) pValue Ay’ (Adf)  CFI RMSEA  SRMR
Hierarchical model 1059.20 459 - - 911 .073 .055
Four-factor model 1027.72 458 31.48 <.001 916 .071 .050
Three-factor model® 1492.97 461 433.77 <.001 .847 .095 .064
One-factor model 2665.96 464 1606.80 <.001 .675 139 .094

Note: N=247. Difference in chi-square values (Ay?) was estimated for comparison with the hicrarchical model.
Abbreviations: CFI, confirmatory fit index; RMSEA, root mean square error of approximation; SRMR, standardized root mean square
residual.

"Affective and cognitive trust as one factor.

TABLE 3 Results of structural equation modelling (direct effects).

Perceived trustworthiness  Perceived similarity Interpersonal trust
Coeff SE P Coeff SE P Coeff SE P
Team composition (0= human —.19* .09 .03 —-.09 A1 A2 —-.10 .08 21
teanm)
R? (standardized) .019 .003 .641
Interpersonal trust
Coeff SE P
Perceived trustworthiness L69Fr* 1 <.001
Perceived similarity 22%% .08 .006

Note: N=247. Significant coefficients are highlighted in bold.
Abbreviations: Coeff, unstandardized coefficient; SE, standard error of unstandardized coefficient.
*p<.05. #p<.01. #*p<.001.

TABLE 4 Indirect effects of team composition on interpersonal trust.

Indirect effects

Coeff CILL CIUL
H1: Team composition — Perceived trustworthiness — Interpersonal trust ~ —.13 —.261 —.004
H2: Team composition — Perceived similarity — Interpersonal trust —.02 —.070 .030

Note: N=247. Significant coefficients are highlighted in bold.
Abbreviations: Coeff, unstandardized coefficient; CI LL, lower level of bias-corrected 95% confidence interval; CI UL, upper level of bias-

corrected 95% confidence interval.

in team trust between human—AT and human—human teams. In addition, we explored whether team
identification and team performance differed between the two groups, given that trust reflects an es-
sential mechanism for successful team outcomes (Webber, 2002). The results again showed no sig-
nificant differences in team performance between human—AI and human—human teams. However,
we found significant differences in team identification, which was lower in human—AI teams than in
human—human teams. Given that interpersonal trust consists of affective and cognitive interpersonal
trust, which can be impacted differently by various factors (Glikson & Woolley, 2020), and insights from
the analysis of the measurement model, we also explored differences in affective and cognitive trust
between the two groups. The results showed no significant differences in affective interpersonal trust
between human—AT and human—human teams. However, we found significant differences in cognitive
interpersonal trust, which was lower in human—AT teams than in human—human teams (see Table 5 for
the direct impact of team composition).
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TABLE 5 Differences between human—Al and human—human teams as perceived by the role of the designer.

Human—AI teams Human—human teams

M SD M SD df t P
Team trust 3.80 .81 4.00 .85 245 1.87 .061
Team performance 13.82 1.24 13.91 1.53 245 .58 .558
Team identification 4.66 1.86 5.23 1.61 245 2.55 <.05
Affective interpersonal trust 3.4 98 3.51 1.05 245 .82 378
Cognitive interpersonal trust 3.95 .87 4.25 .78 245 29 <.005

TABLE 6 Differences between human—Al and human—human teams as perceived by the role of the software developer.

Human—AI teams Human—human teams

M SD M SD df t P
Perceived trustworthiness 3.90 79 4.10 .61 245 2.30 <.05
Perceived similarity 3.75 91 4.04 .81 245 2.68 <.01
Interpersonal trust 3.57 92 3.85 73 245 2.61 <.01
Affective interpersonal trust 3.29 1.09 3.59 92 245 2.31 <.05
Cognitive interpersonal trust 3.92 93 4.17 .66 245 2.46 <.05

Finally, we investigated differences in perceived trustworthiness, perceived similarity and interper-
sonal trust between conditions, as indicated by the second team member (software developer). The
results showed significant differences in perceived trustworthiness, perceived similarity and interper-
sonal trust, with both affective and cognitive interpersonal trust being lower in human—AT teams than
in human—human teams (Table 6).

STUDY 2
Methods

Moving on to the team level, the goal of Study 2 was to investigate whether having an Al system rather
than a human team member leads to lower levels of interpersonal trust (affective and cognitive) to-
wards that team member and, consequently, to lower levels of team trust (Hypothesis 3a, 3b). Similar
to Study 1, we manipulated team composition by using a between-subjects design and building two
groups (Groups A and B). In both groups, participants worked in three-member teams. Using the WoZ
methodology (Riek, 2012), in Group A, one participant took on the role of the AT team member and the
other two of the human team members. In Group B, all three participants assumed the role of human
team members. Participants were informed whether they belonged to a human—AI team (Group A) or
human—human team (Group B).

Participants

To determine the sample size, we ran an « priori power analysis using the Shiny app for Monte Carlo
power analysis for indirect effects by Schoemann et al. (2014, 2017). We selected the two parallel me-
diator model with a power level of .80, a confidence level of 95, 1000 replications and 20,000 Monte
Carlo draws per replication. As input values, we referred to prior empirical studies that had investigated

a ‘€ 'v202 'SZesrvoe

wouy

1|uo//Sd1y) SUORIPUOD PUe SWLB | 343 88S *[7202/0T/LT] U0 ARIqIT8UIUO ABIIM “FeUIoIqIgsIRISBAIUN BAN A] $0SZT A0 TTTT OT/I0p/Wo0 A3 1M AR 1L

fom Areiq

35US017 SUOWILLOD BAIEa.1D 3|qedldde au Aq pauseAch ae o YO ‘8sn Jo Sajnl 10y Al auljuQ 8|1/ UO (SUORIPUOD-P



1228 | GEORGANTA and ULFERT

interpersonal trust and team trust (McAllister, 1995). The analysis revealed a recommended sample size
of 106 three-member teams.

After pre-registering the study (https://doi.org/10.17605/OSF.IO/ZVDEP), we trecruited partici-
pants from the same German university (#=2356) as in Study 1, who have not participated in Study 1, as
well as participants from a Dutch university() (7=10606), who were randomly assigned to one of the two
groups and compensated for their participation. We removed 204 participants following the same steps
and considering the same exclusion criteria as in Study 1.

The final sample consisted of 318 individuals (60.1% female, 39% male, .9% other; MagC:23.69,
SDagC=4.29; nGcrmm},ZZOl, My etherands — 117)- The participants were randomly assigned to 106 three-
member teams. The participants worked 17.09hours per week on average (§D=14.95). The highest
degree of education for most of the participants (43.7%) was a bachelot's degree, followed by high
school graduation (34.9%). Most participants were from Germany (29.2%), followed by China (10.1%),
India (9.1%) and Turkey (8.5%). The most frequently stated areas of study were Management (36.8%),
Computation, Information and Technology (14.5%) and Social Sciences (11.3%).

Team task

Both groups performed the same team task as in Study 1. Participants were assigned to one of three
different roles (marketing expert, designer or software developer). Team members received four unique
pieces of information — two for each target group — so that each team had 12 unique pieces of informa-
tion in total.

Procedure

We ran 40 online experimental sessions’ with 30—40 participants, following the same procedure as in
Study 1. Specifically, all three-member teams completed the three parts of the study (t0, t1 and t2).
During t0, the participants received information about the company, the team, the team task and the
communication guidelines. Then, only participants who had been assigned the role of the software de-
veloper completed the additional tutorial and practised the communication guidelines (for details, see
the description under Study 1). After every member received and read their two-page role description,
the first online team meeting began (t0). During the team meeting, each participant had 2 min (6 min
for the team in total) to introduce themself and their expertise using the team's chat.

Afterwards, the second and third online team meetings started. Teams first discussed the de-
velopment of a new fitness app for one target group (seniors or students; t1) and then for the other
(seniors or students; t2). Before each online team meeting, the participants received a reminder to
follow the communication guidelines during the meeting. For each part (t1 and t2), teams were
allotted 20 min.

Before t0, we assessed two control variables (see the Measures section below). After t0, t1 and t2, we as-
sessed interpersonal trust (affective and cognitive) and team trust via self-reports. After t2, we also assessed
demographics, team identification (see the Measures section below) and information for our manipulation
checks. All written communication was saved and used to check whether participants followed the commu-
nication guidelines and whether teams interacted sufficiently (see the Exclusion criteria).

®Duc to the number of individuals recruited for Study 1, the number of remaining individuals willing to participate in Study 2 was not
sufficient to achieve the sample size needed. Therefore, using the same inclusion criteria and recruitment process, we also recruited individuals
from a university in the Netherlands. In the final sample, there were no significant differences between the two universities in terms of age
(7[316] =1.44, p=150), working hours (#[218] = —0.73, p=.460), experience with autonomous chat systems (/[316] = —0.31, p=.754) and how
realistic they found the scenario (7[316] =0.30, p=.757). There was only a significant difference for gender (#[316] = —5.14, p<.001), with the
German sample having significantly more male and fewer female participants than the Dutch sample.

"Ethical approval was obtained by the Technical University of Munich and the University of Amsterdam.
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At the end of the study, we thanked the participants for their participation, debriefed them and
compensated them with 12 € per person. Participants could earn up to 18 € based on their team per-
formance, which was objectively assessed, similar to in Study 1 (for details on team performance, see
Appendix S1). In total, the experiment lasted about 1 hour and a half (for the complete verbatim instruc-
tions, see Appendix S3).

Measures

All scales included in the online questionnaire, when not mentioned otherwise, were measured using a
5-point Likert scale ranging from 1 (fozally disagree) to 5 (fotally agree). For all of the study's measures, see
Appendix S4.

Interpersonal trust

The 12-item scale by McAllister (1995) was used to capture the perceptions of each individual team
member towards two specific referents: the other two team members. The scale items were modified so
that the phrase ‘my team member’ was consistently used. Six items focused on cognitive interpersonal
trust [e.g. ‘I can freely share my ideas, feelings, and hopes with my (marketing/designet/software devel-
oper) team member’] and three on affective interpersonal trust [e.g. ‘I can freely talk to my (marketing/
designer/softwate developer) team member about difficulties I am having with the project and know
that this team member will want to listen’]. For each participant, we calculated the average of the items
for cognitive and affective interpersonal trust for each of the other two team members. To be consistent
with Study 1, and due to better reliability values, in Study 2, we similarly removed the reversed item of
the cognitive interpersonal trust scale, resulting in good reliability (@ =.92—.94). Affective interpersonal
trust also showed good reliability (o =.87-.92).

Teanm: trust

To capture team trust (i.e. the shared perception about the team as a whole), we used the 8-item scale
by Jarvenpaa and Leidner (1999). According to recent meta-analytic findings, it is one of the best-
performing scales for capturing team trust (Feitosa et al., 2020) and has shown good psychometric
properties (Kirkman et al., 2006). The items were modified so that the phrase ‘my team’ was consist-
ently used (e.g. ‘My team is usually considerate of one another's feelings’). The scales showed good reli-
ability (@ =.81-.88).

Demographics
The following demographic information was measured: age, gender, nationality, highest degree of edu-
cation, field of study, hours of employment per week and prior experience with teamwork.

Control variables

Similar to Study 1, as control variables, we assessed the participants' prior experience with technol-
ogy (online chat systems and autonomous chat systems) and participants' trust in intelligent technolo-
gies (Thielsch et al., 2018), which showed good reliability (@ =.74). Furthermore, we asked participants
which role they had and whether they were a member of a human—AT or a human—human team to run
our manipulation checks. Furthermore, given that the extent to which a team member identifies with
their team impacts the team member's intentions and actions (Ashforth & Mael, 1989), we assessed
team identification with a single item by Shamir and Kark (2004) (i.e. ‘How much do you identify with
your team?’) on a 7-point Likert scale ranging from 0 (nof at all) to 7 (fotally) as an exploratory vari-
able at the team level. Finally, we assessed perceived trustworthiness (@ =.93—-.94), perceived similarity
(@=.94-95) and team performance as additional exploratory variables.
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Exclusion criteria

We used the same exclusion criteria described in Study 1. In total, we excluded 195 participants (146
from the German sample, 49 from the Dutch sample). We excluded 76 participants due to facing one or
more of the following technical difficulties: (1) the computer was not working or had a faulty Internet
connection; (2) the study link was not loading; (3) matching between participants did not work and (4)
messages were not sent instantly via the team's chat. Furthermore, we excluded 21 participants because
they failed at least one of the control questions. Fifty-nine more participants were removed because one
or more of their team members were excluded. Six additional participants (two teams) were removed be-
cause the Al software developer of each team mentioned their real name when introducing themselves,
deviating from the instructions. Finally, 33 participants (11 teams) were excluded for not engaging in
a minimum of chat interaction (one chat message each) for more than 58.3% (7 out of 12) of the app
functionalities. Across conditions, participants found the team scenario to be sufficiently realistic on
average (M=3.50, §D = .93); therefore, no additional participants were excluded.

Furthermore, we screened for outliers using Mahalanobis distance scores, similar to Study 1. Analysis
revealed three cases with a distance score exceeding the critical chi-square value of 20.52 (at a =. 001).
After further examination of the three cases, we excluded them and the respective teams and continued
the analyses with a sample of 106 three-member teams.

Data analysis

To investigate the impact of interpersonal trust towards another team member (AT or human) on team
trust, data analysis was performed at the team level based on the data collected from the participants
assigned the role of the marketing and the design expert. Given the causal nature of our hypothesized
relationship, we tested our hypothesis focusing on team composition as manipulated at t0, interpersonal
trust at t1 and team trust at t2. Data analysis was conducted using SPSS (IBM SPSS Statistics, Version
29). For mediation analyses, we used the PROCESS macro (Model 4; Hayes, 2017) for SPSS. Some ex-
ploratory analyses were performed with R Studio 4.3.1.

Results
Preliminary analysis

To aggregate the individual responses using the mean of the two participants assigned the roles of the
marketing expert and the designer, which is a common method reported in the literature (Mathieu
et al., 2008), we calculated the within-group agreement indices (1 James et al., 1993) and intra-class
correlation coefficients (ICC [1] and ICC [2]; Bliese, 2000).

Interpersonal trust at tO and tl (rWGJ =.81-.82, ICC [1]=.17-.29, p<.05, ICC [2] =.28-.45), team
trust at t2 (VWGJ =.88, ICC [1]= 11, p=.139, ICC [2] = .19) as well as the variables perceived trustwor-
thiness at t0 (ry,=-80, ICC [1] =.24, p<.05, ICC [2] =.39) and perceived similarity at t0 (rwc;J =.74,
ICC [1]=-.01, p=.531, ICC [2] =—.02) used for the exploratory analysis exceeded the recommended
cutoff value of .70 for mean 7, and showed a sufficient basis to support their aggregation (for ICC, see
LeBreton & Senter, 2008; for ), See Cohen et al,, 2001). Thus, we continued with the aggregation
of these variables and the exploratory variable feam identification. We also checked for linearity and ho-
moscedasticity using residual plots and for the normality of the residuals by generating histograms and
Q-Q plots.

Descriptive and correlational analyses were calculated for the main study variables (see Table 7). The
results showed that propensity to trust technology was positively correlated with interpersonal trust

(r=.21, p<.05). As a result, it was included as a control variable in hypothesis testing,
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Hypothests testing

To examine the indirect effect of interpersonal trust (affective and cognitive) on the relationship be-
tween team composition and team trust (Hypothesis 3), we ran a mediation analysis, controlling for
propensity to trust technology. Our results showed that the indirect effect was not significant (b= —.04,
95% CI [-.12, .01], containing zero). Interpersonal trust had a direct positive and significant impact only
on team trust (4=.30, p<.001). Hence, Hypothesis 3 was not supported.

Exploratory analysis

To better understand how team composition and interpersonal trust towards each team member within
the team impacted individual ratings of team trust, we further explored whether team composition im-
pacted interpersonal trust at t1, and in succession, team trust at t2, as perceived by each team member,
while controlling for propensity to trust technology. The results showed that the indirect effect was not
significant for interpersonal trust towards the software developer (b=—.02, 95% CI [-.07, .03] for the
designer; b=—-.07, 95% CI [-.16, .01] for the marketing expert), the marketing expert (b)=—.00, 95%
CI [-.07, .05] for the designer; b=—.006, 95% CI [~.20, .04] for the software developer) or the designer
(b=.04, 95% CI [—.00, .16] for the marketing expert; £=.03, 95% CI [-.08, .15] for the software devel-
opet). Interpersonal trust had a direct positive and significant effect only on team trust (b=.28—.44,
»<.001).

Given that team trust was not impacted by team composition, we explored whether team trust was
impacted by perceived trustworthiness and by perceived similarity via interpersonal trust. After con-
trolling for propensity to trust technology, our results showed that the indirect effect of interpersonal
trust on the relationship between perceived trustworthiness and team trust was significant (b=.07,
95% CI [.02, .14], not containing zero). Our results also showed that the indirect effect of interpersonal
trust on the relationship between perceived similarity and team trust was significant (b=.08, 95% CI
[.02, .16], not containing zero).

Furthermore, we explored whether team identification and team performance differed between the
two groups. The results showed no significant differences in team identification or team performance
between human—AT and human—human teams. We also explored differences in affective and cognitive
trust towards the software developer between the two groups. The results showed no significant differ-
ences. Additional exploratory analyses also showed no significant differences in perceived trustworthi-
ness and perceived similarity of the other two team members, interpersonal trust towards each of the
other two team members or team trust as perceived by the software developer between human—AT and
human—human teams (for an overview, see Table 8).

OVERALL DISCUSSION

The rapid transformation of organizations and their teams by Al is attracting interest, not only offering
positive changes but also posing risks if Al systems, serving as tools and teammates, are not trustworthy
(Georganta & Ulfert, 2024; Gesk & Leyer, 2022; Ulfert et al., 2023). This is also evident in the recent
agreement of the European Commission in December 2023 on the legal framework for trustworthy Al,
the ‘AT Act’” (Helberger & Diakopoulos, 2023), when introducing and collaborating with AI. To con-
tribute to this important issue, especially in the emerging context of human—AlT teams, the aim of our
experimental studies was to provide empirical insight into how team trust emerges in human—AT teams
compared to human—human teams. In contrast to our expectations, being in a human—AI team rather
than a human—human team neither directly nor indirectly led to lower levels of interpersonal trust (via
perceived similarity) or to lower levels of team trust (via interpersonal trust). However, in two-member
teams, interpersonal trust via perceived trustworthiness was lower in human—AT teams than in human—
human teams. Furthermore, exploratory findings showed that team identification and cognitive in-
terpersonal trust were lower in two-member human—Al teams than in three-member human—human
teams. When comparing three-member human—AI teams with other three-member human—human
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TABLE 8 Results from exploratory analyses of differences between human—ATI and human—human teams.

Human—-AI teams Human—human teams

M SD M SD df t P
Team performance® 16.91 .85 16.93 .85 104 14 .888
Team identification” 5.30 1.07 5.28 1.20 104 -.07 938
Affective interpersonal trust towards 3.21 .69 3.44 72 104 1.67 .097
software developer”
Cognitive interpersonal trust towards 3.93 49 3.95 .69 104 .16 .869
software developet®
Perceived trustworthiness of designerb 3.37 70 3.45 71 104 1.54 119
Perceived trustworthiness of marketing 3.22 7 3.45 72 104 .57 5604
expert”
Perceived similarity with the df:signerb 3.29 .63 3.29 74 104 -.03 971
Perceived similarity with marketing 3.32 .70 3.33 72 104 .07 941
expert”
Interpersonal trust towards designerh 3.69 74 3.58 93 104 —.62 .530
Interpersonal trust towards marketing 3.69 .75 3.87 78 104 1.13 129
expert”
Team trust” 4.42 .65 4.17 .61 104 —-.31 756

"As perceived by the designer and marketing expert.

PAs petceived by the software developer.

teams, we found no differences. Instead, in three-member teams, we showed that perceived trustwor-
thiness and perceived similarity resulted in higher team trust via interpersonal trust in human—AT and
in human—human teams.

We expected interpersonal trust and, subsequently, team trust to be lower in human—AT teams than
in human—human teams due to lower levels of perceived trustworthiness and perceived similarity of Al
systems compared to human teammates. However, our results indicated that team composition did not
impact team trust and only had a small effect on interpersonal trust. It is possible that the nature of the
AT teammate as an intelligent technology was not sufficiently salient during the team interaction and
that therefore, more focus was placed on its role within the team. This could be due to the absence of
more influential characteristics unique to Al, like embodiment or voice, which affect perceptions and
interactions with intelligent technologies (Deng et al., 2019). It is also possible that the unique skills
and expertise of Al teammates for successfully completing the team task were acknowledged and ap-
preciated, possibly without humans explicitly wondering about how the AI teammate would perform
its role or how it would process information. In consequence, this may have resulted in similar levels of
trust towards Al and human teammates. Related findings have shown that AI decisions and AT agents
are sometimes trusted more than human counterparts when they possess unique expertise (Choung
et al., 2023; Heid, 2018), while there is a tendency to favour humans when tasks require human skills
(Lee, 2018).

However, findings showed that interpersonal trust via perceived trustworthiness and team identi-
fication were lower in human—AI teams than in human—human teams when consisting of two team
members. This is in line with previous work arguing that human—AI and human—human teams might
differ in the way they operate (Georganta & Ulfert, 2024; McNeese et al., 2021). Potentially, when a
team includes one Al and one human instead of two humans, the perceived surface-level differences
(human vs. AI) may hinder a human's ability to view an Al teammate as trustworthy. This can make
it challenging for a human to psychologically align with the AI as part of the same group, as this
group identity might clash with their human identity. Having low expectations about a team member's
abilities and motives and consequently exhibiting a low level of interpersonal trust is often related to
the identification with the team itself (Hakonen & Lipponen, 2009). Low team identification and the
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distinction between the team and oneself decreases the involvement with the other (AI) team member
and the motivation to improve the team, making it difficult to perceive the team's interests as one's own
(Ellemers et al., 2002; Van Knippenberg, 2000). It seems that not only the AT team member was catego-
rized as part of the out-group (see social categorization theory; Turner, 2010), but that the human team
members also viewed themselves as outsiders struggling to include the human—Al team in their self-
concept (Tropp & Wright, 2001). Given that such differences were not found when teams consisted of
one Al teammate and two humans, future research should investigate team identification with different
human—AT team compositions (e.g. human majority, AI majority and larger team size) and investigate
how these might shape the self-perceptions of human—AT group belongingness.

Interestingly, additional analysis also revealed that cognitive interpersonal trust was lower in two-
member human—AT teams than in two-member human—human teams. A possible explanation is that
humans have different (or even higher) expectations of AI teammates than of human teammates, result-
ing in a (negative) disconfirmation of these expectations during interaction, resulting in lower percep-
tions of cognitive interpersonal trust (Kocielnik et al., 2019). Although AT and human teammates might
have the same skills and abilities with regard to a specific task, humans often use different standards to
judge their AT versus human counterparts (Glikson & Woolley, 2020). It is also possible that humans
expect their ATl teammates to be more responsible for tasks that incorporate actions in which machines
have significant advantages over humans, such as complex calculations, than tasks related to social
features (Lee, 2018), resulting in difficulties in building cognitive interpersonal trust for a team task
that requires both. Differences in expectations can harm how Al teammates are perceived and can even
result in perceived failure of human—AT teams (McNeese et al., 2023); however, as our findings indicate,
this seems to change when the number of humans within the human—AT team increases, a premise that
requires further exploration.

Finally, our findings demonstrate that high perceived trustworthiness and perceived similarity re-
sulted in higher interpersonal trust and, in turn, in higher team trust for both human—AT and human—
human teams consisting of three team members. This observation may suggest that the dynamics and
relationships within human—ATI teams might be more closely aligned with those in human—human
teams than previously believed. It also implies that key factors essential for team functioning and trust
are equally critical across both team types.

In line with prior work on human—human teams and AT interaction (Costa et al., 2018; Glikson &
Woolley, 2020; Madhavan & Wiegmann, 2007), our results highlight the importance of perceiving not
only human but also Al teammates as similar and trustworthy to oneself in order to be able to trust
them and, thus, trust the team as a whole. This contributes to gaining a better understanding of inter-
personal trust and team trust in human—AI teams, one of the most commonly discussed dependent
vatiables (O'Neill et al., 2022). At the same time, our evidence supports the underlying idea that theories
and research on human—human teams can serve as a starting point to obtain a better understanding
of human—AlT teams (O'Neill et al., 2023). This observation indicates that certain dynamics observed
within human—human teams appear to persist in human—AI collaborations. However, our studies also
prove that a deeper understanding of these relationships is needed. In particular, exploration of the
circumstances under which (e.g. team composition, task type) existing models and theories of human—
human team trust might need to be extended has recently been called for (Ulfert et al., 2023).

Limitations and suggestions for future research

Our study comes with limitations that are important to highlight. Although communication guide-
lines were developed in line with chatbot literature, and the communication tutorial was successfully
completed by the participants who acted as the AI teammate, they were nonetheless not actual Al
teammates, a factor that may have impacted our findings. Furthermore, our manipulation might not
have been strong enough, as we only informed participants that their teammate was an Al system or a
human. No additional characteristics were assigned to the AT teammate, such as a form of embodiment
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during the virtual team meeting, which might have demonstrated different results. Thus, we propose
that future research use different forms of manipulation (e.g. a visual representation of the Al team-
mate) and investigate the proposed relationships in the field or in a laboratory setting with real Al
teammates. Despite the frequent application of WoZ methodologies in human—AlI team studies, it has
its constraints. This is because humans, even when given specific communication guidelines, may still
differ in their reactions and communication from Al chatbots (e.g. when disagreement occurs). Recent
advancements in Al, especially generative AT over the past year, have significantly enhanced the com-
municative capabilities of chatbots. This progress may enable future research to overcome the afore-
mentioned limitation and allow for studying team interaction with real Al chatbots as team members.

Another important limitation is that although the definition of an Al teammate was clearly de-
scribed, most people were not familiar and had no prior experiences with AT teammates. Therefore, it is
possible that some participants might have imagined or expected something very different from others
when informed about working with an AT teammate. Future research could overcome this issue by ask-
ing what participants imagined or what their thoughts were when interacting with the Al teammate and
then explore how this ‘image’ they created might have shaped how the Al teammate and the human—AT
team were perceived.

Furthermore, our findings should be generalized with caution to other human—AT team compo-
sitions, as we only investigated dyadic and triadic teams, with the majority of the teammates being
humans. At the same time, it is essential to acknowledge that the teams studied and the tasks they com-
pleted took place as part of a specific team scenario. We encourage additional work that investigates our
research questions and hypotheses in different settings and with different team compositions (e.g. more
human vs. AT teammates and vice versa). Finally, as we only focused on how humans perceive human
versus Al teammates, we propose that future studies also consider how Al teammates perceive human
versus Al teammates. This would contribute to a more comprehensive understanding of dyadic and
team trust relationships in human—AT teams.

Implications for research and practice

With the present work, we present empirical insights on the topic of human—AI teams from an organi-
zational psychology perspective, as recently called for (McNeese et al., 2021). Specifically, we overcome
the mainly theoretical attempts to differentiate between human—human and human—ATI teams (O'Neill
et al., 2023) and provide evidence about how Al teammates are perceived and trusted, whether these
perceptions differ from those of human teammates and how they shape the dyadic trust relationship
between a human and an AT teammate as well as trust towards the human—AI team as a whole. In
doing so, we also contribute to a better understanding of team trust in human—AlI teams, in line with
recent multidisciplinary theoretical attempts (Ulfert et al., 2023). Specifically, we acknowledge the role
of Al agents in trust processes and team dynamics as well as the existence of different levels and enti-
ties within a human—AT team. With regard to the trust literature, this work is one of the first attempts
to demonstrate that trust arises at the individual level, then moves to the dyadic level and finally forms
shared trust at the team level (Costa et al., 2018). This was possible by clearly differentiating between
perceived trustworthiness and trust (Zolin et al., 2004), between levels of analysis (individual and team)
and between referents (single team member and team as a whole). In this way, we also show how
common conceptualization and measurement issues in the trust literature (Feitosa et al., 2020) can be
overcome.

From a practical standpoint, our findings can also serve as a first step in exploring the design-
ing and implementing AI teammates and fostering interpersonal and team trust in human—AT teams.
Specifically, we propose that AT teammates should explicitly communicate their abilities, integrity and
care for the team when interacting with their teammates, as perceiving them as trustworthy is crucial
for building strong trust relationships. We also propose that during human—AT team formation, em-
phasis should be placed on identifying commonalities rather than differences between human and Al
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teammates, strengthening the feeling of group belongingness and facilitating psychological merging
into the same group as the Al teammate. This is in line with our results showing that increasing per-
ceived similarity between humans and Al teammates can foster trust. Furthermore, to manage expec-
tations realistically and promote both cognitive and affective interpersonal trust, the integration of
Explainable AT (Gade et al., 2020) is recommended. Explainable Al, by providing insights into the AT
teammate's decision-making process, can enable human colleagues to identify situations in which the
Al's reasoning may be right or wrong, thus mitigating the problem of disconfirmation of expectations
during team interaction (Bucinca et al., 2021). Finally, introducing AT teammates into teams comprising
at least two other humans could serve as an optimal starting point, facilitating smoother integration
and collaboration.

CONCLUSION

Our work suggests that certain relationships and dynamics in human—AT teams may be comparable
to human—human teams. This is evident given that the results showed that perceived trustworthi-
ness and perceived similarity led to higher team trust via interpersonal trust for both human—AT
and human—human teams. Nevertheless, team identification and cognitive interpersonal trust were
lower in two-member human—Al teams than in three-member human—human teams and minor
differences were found in terms of interpersonal trust. Our study highlights the need for further in-
vestigating the trust relationships within human—ATI teams and how these might be shaped by other
factors, such as team composition. Our findings underscore the necessity for a deeper exploration of
how relationships and dynamics emerge in human—AT teams, and when these are similar or distinct
from human-human teams. Finally, they offer initial practical insights to enhance the perceived
trustworthiness and similarity of AT team members to oneself to facilitate trusting and harmonious
human—AI collaborations.
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