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ABSTRACT

As Al technologies advance, teams are beginning to see Al transition from a tool to a full-fledged
teammate. Introducing an Al teammate brings several challenges, ranging from how human
teammates perceive their new Al teammates from an affective standpoint to how Al should
engage in the various teaming behaviors that make up effective teamwork. The current study
used a mixed factorial survey and structural equation modeling to assess how participants in
hypothetical human-Al teams respond to various forms of Al information-sharing, including
information related to explainability, back-up behavior, situational awareness, and augmenting
team memory. The study’s results found that Al design features related to situational awareness
and augmenting the teams’ memory had the strongest effect on participants’ attitudes and
perceived team cognition with their teammates. However, much of this effect was mediated by
participants’ affective attitudes towards the Al as a teammate, with higher ratings leading
directly to higher levels of perceived team cognition constructs. These results highlight the
importance of fostering positive attitudes towards Al teammates, such as trust and cohesion in
human-Al teams, to support the development of effective team cognition and the ability of Al
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information-sharing to bring about such positive impacts.

1. Introduction

Teams are an essential construct of society frequently
utilized to accomplish difficult work in various environ-
ments and tasks (Salas, Cooke, and Rosen 2008). To
continually address such challenges, teams have consist-
ently leveraged the latest technologies to extend and
enhance their operational capabilities. One of the new-
est technologies being brought into the fold of teaming
is artificial intelligence (AI), which has seen several
rapid technological advances over the past decade,
enhancing its ability to engage in complex and
human-facing tasks (Choi et al. 2023; Schelble et al.
2020; Schelble, Flathmann, and McNeese 2020). How-
ever, several critical questions regarding the dynamics
of teamwork within human-AI teams remain unan-
swered as Al begins taking center stage (National Aca-
demies of Sciences Engineering and Medicine 2022;
McNeese et al. 2018), causing research on human-Al
teaming to be published at an ever-increasing rate
(O'Neill et al. 2020). This research has highlighted
that successfully joining humans and Al together in
teams is not entirely dependent on AI’s technical ability

but also on numerous human factors that impact
humans’ and AT’s ability to collaborate within human-
Al teams (O’Neill et al. 2020; Shneiderman 2020). For
instance, merely perceiving that a teammate is artificial
has been linked to several adverse effects on team pro-
cesses and outcomes (Musick, O’Neill, et al. 2021; Walli-
ser, Mead, and Shaw 2017), such as performance
(Demir, McNeese, and Cooke 2018; Schelble, Flath-
mann, McNeese, O’'Neill, et al. 2022). Consequentially,
human-AI teaming literature has found that human-
Al teams struggle more when engaging in complex
interdependent tasks that require high levels of shared
knowledge compared to human-only teams (Fan and
Yen 2010; Wright and Kaber 2005). This difficulty
stems from the increased coordination and communi-
cation inherent to completing complex tasks, which
humans and Al currently struggle to engage in effec-
tively (Demir, McNeese, and Cooke 2017). This short-
coming of AI teammates holds them back from
widespread adoption, and a failure to rectify it will
further propagate the negative perception that Al team-
mates are inadequate.
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Current Al teammates can engage in taskwork that
contributes to positive team outcomes. However,
unlocking the true potential of human-Al teams will
require Al capabilities and design, focussing on the
innately human elements of teaming. Specifically, Al
must begin to integrate itself within the highly social
and complex role of a teammate, as the responsibilities
of a teammate exceed those of a tool. Al teammates
must consider how to properly handle communication,
coordination, and training with human teammates as
they are essential to developing team-specific constructs
such as team cognition. Team cognition involves any
cognitive activity regarding the team’s shared knowl-
edge of the team and task (Cannon-Bowers, Salas, and
Converse 1993; Cooke et al. 2013), which is critical to
outcomes such as satisfaction, performance, and
efficiency (Mathieu et al. 2000; Mohammed, Ferzandi,
and Hamilton 2010; Niler et al. 2021). This construct
represents the importance of shared knowledge to team-
ing outcomes, specifically, shared knowledge in the
form of shared mental models (SMM)s and team situa-
tional awareness (SA) (Cooke et al. 2007), which are
both critical to human-AI team performance (Demir,
McNeese, and Cooke 2017; Endsley 2023; Schelble,
Flathmann, McNeese, Freeman, et al. 2022). SA, specifi-
cally, serves a critical function in teams as it involves the
perception of elements within the environment, under-
standing their relevance, and using that information to
project their statuses in the future (Endsley 1988b).
SMMs, on the other hand, represent structured knowl-
edge shared amongst team members on topics related to
the task and team (Cannon-Bowers, Salas, and Converse
1993). These SMMs help drive improved team SA devel-
opment (Endsley 2021; Stout, Cannon-Bowers, and
Salas 2017), leading to improved overall team cognition
and performance (Mathieu et al. 2000). However, devel-
oping effective team cognition relies upon team mem-
bers sharing the relevant information at the correct
times (McNeese et al. 2021; Salas et al. 1995), which
human-AT teams, in particular, struggle to do effectively
(Demir, McNeese, and Cooke 2017). As such, SA is a
ripe area for Al teammates to significantly contribute
to team cognition and improve the shortcomings
noted in its development and maintenance within
human-AI teams (Demir, McNeese, and Cooke 2017,
2018; Musick, O’Neill, et al. 2021). However, for
human teammates to accept these contributions to
team cognition from an AI teammate, adequate trust
and cohesion must be developed with the AI first
(Vaes et al. 2003).

Strengthening AI’s contributions to team cognition
directly emphasizes improving the coordination
struggles human-AI teams experience and subsequently,

their overall performance. One way to confront these
concerns centres on information-sharing, because
information lies at the heart of team cognition develop-
ment and support (Cannon-Bowers, Salas, and Con-
verse 1993; Cooke et al. 2013). As such, Al teammates
can begin to engage in proper teaming behaviors
through design meant to build on team cognition
throughout the team by utilising effective information-
sharing tactics, which can benefit a host of constructs
representative of team cognition, including team SA
(Endsley 2023), SMMs (Schelble, Flathmann, McNeese,
Freeman, et al. 2022), and transactive memory systems
(Brandon and Hollingshead 2004). These information-
sharing tactics involve any information communicated
by a teammate that contributes to taskwork or team-
work (Bunderson and Sutcliffe 2002; Mesmer-Magnus
and DeChurch 2009). Information-sharing from Al
can take advantage of their inherent technical advan-
tages such as improved memory and bandwidth by pro-
viding instantaneous information as it happens (Mughal
2018), recalling data for teammates, and even analysing
a situation based on information not readily available to
teammates to provide enhanced suggestions for direc-
tion (Cuevas et al. 2007). Augmenting team cognition
through effective information-sharing and direction
based on that information also presents a unique advan-
tage to SA as it is predicated on accurate and timely
information, which can uniquely enhance coordination
and outcomes within human-AlI teams. Providing direc-
tion based on that information is then regarded as infor-
mation processing, which is a form of information-
sharing that can improve performance when team
members can communicate their intent and under-
standing based on shared information (Mesmer-Mag-
nus and DeChurch 2009).

Information communication develops and empowers
team cognition, directly enabling effective coordination
toward team-relevant goals. One of the critical chal-
lenges in human-AI teaming is how to design Al team-
mates that can share information with human
teammates to foster positive attitudes and lead directly
to more effective team cognition and outcomes. The
current study confronts this critical challenge and gap
in the research by addressing the following research
questions:

RQ1: How do the information-sharing attributes of Al
influence their human teammates’ affective
attitudes towards them?

RQ2: Do information-sharing tendencies by an Al team-
mate affect human teammates’ perceived team
cognition?



The current study utilises a factorial survey with
scenarios of human-AI teams working in a team-based
video game context to examine how various types of
information-sharing attributes by an Al teammate
influence affective attitudes and perceptions of con-
structs representative of team cognition. As such, this
research provides a detailed picture of how infor-
mation-sharing by an Al teammate influences various
affective perceptions such as teammate rating and how
such attitudes subsequently affect perceptions of team
cognition and mediate the effect of information-sharing.
The specific contributions of the research include: (1)
detailing the relationship between information-sharing
behaviour by an Al teammate and human teammates’
affective attitudes towards that AI teammate; (2) identi-
fying the relationship between perceptions of the Al
teammate and perceptions between human teammates;
and (3) the prominent influence that AI teammates
can have on their human teammates’ perception of
SA. These insights help focus team cognition research
in human-AJ teaming and provide direct information
to designers and developers of Al teammates to help
improve information-sharing strategies for Al
teammates.

2. Background

The following section reviews current literature to
define the role of team cognition in teaming and its rel-
evance to information-sharing attributes within human-
Al teams.

2.1. The role of shared knowledge in teaming

Team cognition is a fundamental construct within
teaming research as it holds significant sway over the
success and execution of various team processes and
outcomes. The construct is an umbrella term for all
team member cognition concentrated on team inter-
action and task execution knowledge. In practice,
teams are able to create a shared cognition that governs
the processes of shared knowledge, such as storing,
understanding, and retrieving information relevant to
individual tasks and team goals based on the environ-
ment (Cooke et al. 2013; Fiore and Salas 2004). Thus,
team cognition is classified as a cognitive emergent
state of teaming, which are themselves defined as the
collective experiences of team members. By their very
nature emergent team states are highly dynamic, chan-
ging as a consequence of the team’s context, inputs, pro-
cesses, and outcomes (Marks, Mathieu, and Zaccaro
2001). As such, the construct depends on that knowledge
among the team existing within all team members,
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focussing on team roles and tasks applicable to personal
and team objectives (Fiore and Salas 2004). Moreover,
the empirical evidence of team cognition being a predo-
minant driving factor in team performance makes it
clear that team cognition necessitates additional
research attention in human-AI teams (DeChurch and
Mesmer-Magnus 2010; Mesmer-Magnus et al. 2017)
and prompts investigation into the individual con-
structs making up the concept, such as team SA and
SMMs. These two examples are not exhaustive but are
meant to demonstrate the breadth of cognitive activity
for team cognition occurring at the team level, defining
it as an umbrella term encompassing similar but dis-
tinct, team-level cognitive emergent states (Cooke
et al. 2013; Cooke, Gorman, and Winner 2007; Coultas
et al. 2014).

SMMs were one of the first operationalizations of
team cognition in research settings (Cannon-Bowers,
Salas, and Converse 1990, 1993; Klimoski and
Mohammed 1994; Kozlowski and Ilgen 2006). Specifi-
cally, mental models represent organised knowledge
structures that individuals hold to embody, understand,
and interact with aspects of their environment (Mathieu
et al. 2000; Wilson and Rutherford 1989). In team set-
tings, teams draw upon SMMs to efficiently and effec-
tively respond to dynamic teaming environments,
using them to make decisions on actions that maintain
consistency and coordination with their teammates
(Cannon-Bowers, Salas, and Converse 1993). Other
aspects of team cognition exist in the form of constructs
such as team SA, which represents the overlapping
elements of SA within all team members, and the
elements from individual team member SA applicable
to respective team roles (Endsley 1989, 1995a; McNeese,
Salas, and Endsley and Jones 2001; Thompson 2004).
This last item concerned with individual SA is ‘the
degree to which every team member possesses the situa-
tional awareness required for his or her responsibilities’
(Endsley 1995a, 39). Specifically, individual SA is an
individual’s general cognizance, or ‘knowing what is
going on’ (Endsley 1987, 1988b). Endsley argues SA to
be ‘the perception of the elements in the environment
within a volume of time and space, the comprehension
of their meaning, and the projection of their status in
the near future’, (Endsley 1988a, 97). From this scope,
three levels of SA may be derived, beginning with
Level 1, which details an elementary perception of the
environment, their basic details (Endsley 1995b, 2021).
Level 2 SA advances this, abstracting the elements dis-
covered in Level 1 into an understanding of their mean-
ing within the environment. Lastly, Level 3 couples the
knowledge of Level 2 with the information of Level 1 to
predict possible future environmental states. Moreover,
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SA is constantly evolving as the current state of SA is
replaced by a new state, brought on by the flow of
new self-derived information or information shared
between peers (Adams, Tenney, and Pew 1995). Within
a teaming context, this information-sharing is intrinsi-
cally vital to team cognition, being a platform available
for updating and improving SA among teammates
(Salmon et al. 2008).

Information-sharing itself yields SMMs, which then
drives the rapid development of shared SA (Bolstad
and Endsley 1999; Endsley 2023). Shared SA, a subset
of team SA, is ‘the degree to which team members possess
the same SA on shared SA requirements’ (Endsley and
Jones 2001, 48; Endsley 2023). Shared SA functions
upon various components related to information-shar-
ing, such as shared SA mechanisms and shared SA
requirements (Bolstad and Endsley 1999). Shared SA
mechanisms address modalities that support similarity
of information understanding and accurate projection
of team member actions, indicative of strong SMMs,
which ‘greatly facilitate communication and coordination
in team settings’ (Bolstad and Endsley 1999, 213).

AT teammates can be designed to support shared SA
in various capacities, primarily and conventionally via
information sharing, but also with vigilant supervision
of human processes (Endsley 2023). Traditionally, with
information sharing, AI teammates attend to shared SA
requirements, its constituents being task work SA,
agent SA, and teamwork SA (Bolstad and Endsley
1999; Endsley and Jones 1997; Endsley 2023). These
elements respectively regard information relevant to
task performance, AI projection and meta-awareness,
and then also team goals, functions, and planning
(Endsley 2023). Further, these requirements are sat-
isfied by including explainable AI processes, which
afford consistency between human and AI SA (Endsley
2023). But, AI may too be modelled with an attempt to
address effective human-human team processes: to
detect and remedy shortcomings in counterpart
human team member SA, draw human attention to
critical information, and team-wide encouragement of
contingency planning (Endsley 2023). However, these
approaches may easily impede team processes if not
carefully implemented; to be successful, their
implementations require vigilant attention (Endsley
2023). Due to the stark difficulty and unproved feasi-
bility of implementing AI to effectively mimic
human-human team processes, information-sharing
presents itself as the favoured approach to support
shared SA (Calhoun 2022; Endsley 2023; Kaber et al.
2001).

The importance of understanding team cognition in
all its forms cannot be overstated, with multiple

notable examples of catastrophic failures being directly
related to a breakdown of team cognition in either
SMMs or team SA. For example, the USS Vincennes
accidental shoot-down of an Iranian passenger aircraft
(Iran Air Flight 655) (Collyer and Malecki 1998), the
actions and decisions of NASA and its related contrac-
tors leading up to the Challenger shuttle disaster
(Vaughan 1996), and the inappropriate and delayed
disaster response to Hurricane Katrina (Leonard and
Howitt 2006). Empirical research on team cognition
has linked it to team performance outcomes for several
decades as it significantly enhances critical aspects of
teaming: (1) team behavioural processes in the tran-
sition and action phases (DeChurch and Mesmer-
Magnus 2010; LePine et al. 2008; Mathieu et al.
2000; Stout et al. 1999); (2) motivational states like
trust, conflict, and satisfaction (Cannon-Bowers and
Salas 2001; DeChurch and Mesmer-Magnus 2010;
Park 2008; Rau 2005); and (3) team performance
(Mathieu et al. 2000; Rapert, Velliquette, and Garret-
son 2002). These benefits can also be continually
refined to be more effective over time, enhancing var-
ious team outcomes like objective performance, com-
munication, coordination, and strategy (Cooke 2015;
Kilduff, Angelmar, and Mehra 2000). As such, team
cognition constructs enhance the ability of teams to
understand their shared environment effectively, cor-
rectly interpret current team needs and anticipate
future ones using appropriate communication strat-
egies, and competently adapt to and address dynamic
environments in tandem with other team members.
However, team cognition constructs do not exist
alone within teaming; they must co-exist and interact
with other essential factors like trust and cohesion
(Salas, Cooke, and Rosen 2008), which are affective
(relating to moods, attitudes, and feelings) emergent
states (Marks, Mathieu, and Zaccaro 2001) that are
critical to supporting and developing team cognition
(Fiore, Salas, and Cannon-Bowers 2001; Kelly and Bar-
sade 2001). Al teammates can be efficiently designed
to vigilantly monitor environmental/context-related
changes, with relentlessness unachievable by any per-
son, a testament showcased by the advent of AI col-
lision avoidance systems (Lyons et al. 2016;
Schulman et al. 2017). However, regardless of
efficacy, Al teammates are useless if they cannot effec-
tively share information with teammates and contrib-
ute to their team cognition. Moreover, within
human-AI teaming literature, neither design nor rec-
ommendations exist for information-sharing attributes
meant to support team cognition specifically, a subject
paramount and necessary to tactfully realising human-
Al teams.



2.2. Contributing to team cognition within
human-Al teams

Human-AI teaming is the current evolutionary phase
of teaming, allowing teams the unique ability to step
past typical teaming conventions traditionally bound
by human limitations. As the name suggests, human-
Al teams couple humans and highly autonomous sys-
tems utilising AI technologies for interdependent
cooperation towards a common goal (O’Neill et al.
2020; Schelble, Flathmann, and McNeese 2020).
Further, the different abilities of humans and AI cater
to the breadth of specialisation within human-AI
teams, a feature that should complement team cogni-
tion (National Academies of Sciences Engineering
and Medicine 2022). However, benefits within
human-Al teaming have yet to be fully realised as
human-AI teams have proven to struggle with intra-
communicative team ability (Demir et al. 2018), poor
affective emergent state development such as trust
and cohesion with AI teammates (Schelble, Flathmann,
McNeese, Freeman, et al. 2022). These problems harm
team cognition and, consequently, team performance
(Kelly and Barsade 2001; Lewicki, McAllister, and
Bies 1998; Musick, O’Neill, et al. 2021; Scheutz,
DeLoach, and Adams 2017). Discovering human-AI
team design principles that capitalise on specialisation
while fostering team cognition is essential to remedy
this ineffectiveness within human-AI teaming. To cor-
rect current shortcomings, the design of Al teammates
must heed practices of team cognition building by fos-
tering more positive relationships with their human
counterparts, thereby establishing healthy affective
emergent states, which then support the development
of the cognitive emergent states such as team cognition
(Fiore, Salas, and Cannon-Bowers 2001; Kelly and Bar-
sade 2001).

Human team members’ affective emergent states
directly influence the ability of teams to engage in beha-
viours that develop and support team cognition, and, as
a result, attitudes affect team processes and outcomes.
Firstly, attitudes are ‘knowledge structures containing
the specific thoughts and feelings people have about
other people’, p.532 but also, attitudes define and struc-
ture interaction (Jones and George 1998). Various atti-
tudes are antecedent to developing effective team
cognition, governing essential teaming aspects such as
coordination, communication, and member percep-
tions (Beal et al. 2003; Fiore, Salas, and Cannon-Bowers
2001; Kelly and Barsade 2001). Within human-AT team-
ing, designs supporting team attitudes must focus on
team-level performance rather than individual AI per-
formance or ability (Zhang et al. 2021). AI should be
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perceived ‘as an individual subject and teammate in
human-AT teaming design’ (Zhang et al. 2021, 21) rather
than a mere employable tool. This simplification would
suffocate team success within high complexity colla-
borative tasks (Zhang et al. 2021), which human-AI
teams currently struggle to complete effectively
(Demir, McNeese, and Cooke 2018). In this shift from
a tool to a teammate, Al teammates must be highly pro-
ductive in taskwork, but their design must heed and
apply principles that are acutely aware of human atti-
tudes and teaming behaviours that drive team cogni-
tion, such as effective information-sharing (Li, Huang,
et al. 2022; Zhang et al. 2021). For example, Al team-
mates that intelligibly explain their black-box processes
effectively bolster team trust — ‘the attitude that an agent
will help achieve an individual’s goals in a situation
characterised by uncertainty and vulnerability’ (Lee
and See 2004, 54). Further, AI teammates fail when
un-calibrated for appropriate levels of trust; a dispro-
portionate scale of trust and Al ability yields sub-opti-
mal team performance, assured by either human over-
trust or disinterest in cooperation (Jones and George
1998; Lee et al. 2021; Lee and See 2004). Endsley’s
HASO model illustrates that human over-trust in Al
teammates hinders SA when accompanied by a sub-
optimal automation interface, an information—sharing
vehicle (Endsley 2017). Hence, for Al teammates to
engage in teaming behaviours that benefit the team as
a whole, investigating information-sharing techniques
serves as a prime candidate for a teaming behaviour
that AI teammates can excel at to contribute to team
cognition; however, as collaboration and interdepen-
dency between humans and Al teammates continues
to garner popularity, the question of what information
should be shared by AI and how it should share that
information begs exploration. Information-sharing is a
critical aspect of effective teaming and team cognition
development stands to benefit from the introduction
of Al teammates if properly designed. Information-
sharing processes are an excellent aspect of design for
this goal, as they elicit numerous effects on teaming,
such as the maintenance and development of SMMs
for individual or team SA (Cuevas et al. 2007; Endsley
2023; Lee et al. 2004). Al teammates contribute to
team cognition through information-sharing abilities
by enriching team processes related to ‘information
gathering, transformation, analysis’, and implication
inference (Cuevas et al. 2007, 67). Further, Al team-
mates who aptly share information benefit overall
team attitudes; humans develop bettered trust when
intelligibly informed of tasks and processes of counter-
part Al teammates (Zhang et al. 2021).
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Al is also a prime candidate to take advantage of the
benefits of information-sharing as individuals’ infor-
mation needs are not static and change according to
the environment and past experiences (Hauptman,
Schelble, and McNeese 2022). Further, humans expect
Al to adapt its interaction behaviours to keep them
knowledgeable of critical information (Liao, Gruen,
and Miller 2020). Recent advances in Natural Language
Processing (NLP) technologies have fostered new robust
forms of communication within human-AI teaming;
natural language is now available as an effective medium
between human and Al teammates (Liang et al. 2023;
Macdonald et al. 2024; Rana et al. 2023). Robust infor-
mation sharing between humans and Al is no longer a
far-fetched Jetsons-esque future, but rather the promis-
ing reality of today. Large-language-model-enabled
autonomous systems designed for human interaction,
and information sharing has focussed on AT explainabil-
ity, having systems offer human-understandable insight
into their decision-making process, an exploration that
has demonstrated benefits to team cognition through
more effective trust repair (Krantz, Balkenius, and
Johansson 2023; Macdonald et al. 2024). With this,
our study explores aspects of Al information-sharing
with applications to human-AI teams. The full breadth
of human-AI teaming cannot be capitalised if AI design
principles remain disconnected from information-shar-
ing, as logically, information systems such as AI present
meager utility if they are disjointed from such a critical
teaming behaviour as information-sharing. Ultimately,
this dearth concerning human-AI information-sharing
warrants correction, a plea echoed within the continued
multi-disciplinary adoption of human-AI teaming (Fan
et al. 2005; Iftikhar et al. 2020).

3. Methodology

The current study used a factorial survey methodology,
which implements experimental manipulations through
descriptive scenarios that participants read and consider
when answering subsequent survey questions. The
advantages of factorial surveys are numerous as they are
frequently utilised to assess the impact of various manip-
ulations on participant’s beliefs, judgments, and potential
decision-making (Auspurg and Hinz 2014), especially
within human-AlI interaction to understand human per-
ceptions regarding different Al attributes and actions (Li,
Vorvoreanu, et al. 2022). The advantages of factorial sur-
veys lie in their ability to study human perceptions and
possible responses to complex scenarios. These surveys
can provide higher levels of involvement and realism
when compared to traditional surveys, allowing for
more accurate measures of perceptions and providing

highly standardised stimuli to all participants, which
results in greater levels of instrument reliability and
internal validity (Wason, Polonsky, and Hyman 2002).

3.1. Experimental task and design

The experimental task involved a text-based scenario
that described a paintball video game, which tasked
the team in the scenario with capturing the opposing
team’s flag with one AI and one human teammate. Cer-
tain aspects of the scenario were manipulated to include
a between-subjects manipulation with two levels (Al
direction) and a within-subjects manipulation of six
levels (AI Information-Sharing Attribute), making for
a 2 x 6 mixed factorial design. The following section
describes the text-based scenario in detail, followed by
a description of the experimental manipulations. Lastly,
because the study utilised a factorial survey with text-
based scenarios, the participants did not directly inter-
act with the teammates or the actual scenario itself. Par-
ticipants only read the text-based scenarios, and all
measures of their perceptions for that instance were
based on that single scenario observation.

3.1.1. Experimental task

The factorial survey utilised the same text-based scen-
ario for all conditions, with the only change across con-
ditions being the communication by the Al teammate.
The experimental task was a human-AI teaming scen-
ario presented as an eSports version of paintball where
the objective was to capture the opposing team’s flag.
The context of eSports was chosen as it is an excellent
example of current human-Al teams and is frequently
used in similar human-AI teaming research (Musick,
Zhang, et al. 2021; Zhang et al. 2021), and the target
population (those with video game experience) would
be readily familiar with this or a similar experience.
The teaming aspects of the scenario were based on
prior research studies involving human-AI teams
(McNeese et al. 2018; Zhang et al. 2024), and the infor-
mation-sharing attributes themselves were also based on
prior research (Cuevas et al. 2007). The scenarios were
developed with three authors and reviewed by the
remaining authors. Finally, any disagreements were dis-
cussed and settled unanimously. Once the draft scen-
arios had been finalised, two unrelated experts in
human-AI teaming reviewed the scenarios, and their
critiques were implemented until a final agreement
had been reached among all parties. These fully devel-
oped scenarios were tested using a first-round piloting
session for clarity before a final pilot was run with
twenty unrelated participants to confirm the scenarios
were adequately developed. At this point, the scenarios



were used for the final data collection process. This
scenario was written as follows:

For the rest of this survey, you will be shown multiple
scenarios and asked questions about each scenario. In
the following scenarios, you will be a member of a
human-Al team playing an online paintball capture
the flag video game, and you will be asked about how
six different Al teammates and their information-shar-
ing affect your perceptions of your team and the situ-
ation described.

Specifically, capture the flag is where two teams each have
a flag located in their home base, and the objective is to
steal the other team’s flag and bring it safely back to
your base. Players can be knocked out of the game if
they are tagged with a paintball fired by the opposing
team. You and your two teammates must go up against
three other players, successfully get past their defenses,
steal the opposing team’s flag, and then return it to your
team’s base without being eliminated by enemy paintballs.

As described in this scenario the two teammates are
described similarly except for the Al teammate’s infor-
mation-sharing and suggested direction. The human
teammate is not given any additional information-shar-
ing attributes or suggested directions and is simply pre-
sented as a member of the team and has the same level
of interaction with the team as the participant. This con-
trol was necessary as the current study seeks to examine
how information-sharing by an AI teammate influences
potential perceptions a human teammate could have
about them and their possible human teammates.

3.1.2. Al information-sharing attribute (within-
subjects)
The within-subjects manipulation consisted of the fol-
lowing AI information-sharing attributes: (1) situational
awareness of team members; (2) situational awareness
of intra/extra team information changes; (3) back-up
behaviour; (4) augmenting team memory; (5) explain-
ability; and (6) control (see Table 1). It is important to
note that the first and second Al information-sharing
attributes share some overlap in the relevant task infor-
mation they would cover (i.e. teammate statuses). How-
ever, the two are distinguished from one another as the
first only covers teammate status, while the second
includes information on the nature of the change and
also addresses changes occurring outside the team.
These types of information-sharing attributes are mod-
elled based on previous conceptual models augmenting
team cognition (SA) (Cuevas et al. 2007), and fundamen-
tally they focus on the task relevant data integral to effec-
tive team SA at all levels (Endsley and Jones 2001).
Each within-subjects level was presented randomly,
with the names of the AI teammate and human
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Table 1. Information provided by the Al teammate in each
within-subjects condition.

Al Information-Sharing
Attribute

Information Shared by the Al Teammate

SA of Team Members ‘You (Teammate A) are currently taking cover in
front of the center of the opposing team'’s
base, and you are nearly full of paintball
ammo. Alex (Teammate B) is currently taking
cover on the left side of the opposing team’s
base and is low on paintballs. | (Teammate C)
am currently also taking cover on the left side
of the opposing team’s base, and | am nearly
full of paintball ammo'.

‘Harper (Teammate B) has used 70% of their
paintballs, providing the team with cover
while getting to the other team'’s base. The
opposing team has shifted their positions
since we began advancing on them, and they
are now concentrated on defending the right
side of their base’.

‘Logan (Teammate B) crossed through several
open areas without waiting for Teammate A
and myself (Teammate C) to provide cover
and support. The chances of having a
teammate eliminated will be decreased if this
is corrected'.

‘This is a reminder that Chandler (Teammate B)
excels at the close-quarters movements
required to enter the enemy base successfully.
| am reminding the team that we have five
minutes left to successfully capture the other
team’s flag. When we move forward, | will
share the map of the enemy base with
everyone since | have it saved'.

‘| believe that the team should help provide
cover to Taylor (Teammate B) while they move
forward for the flag because Taylor does not
have enough paintballs to provide covering
support for Teammate A or myself (Teammate
C-Lambda) and the enemy team is largely
focussed on the right side of their base, which
Taylor can avoid'.

The Al teammate was present in this condition
but did not share any information. (Note. If in
the Al Direction between-subjects condition the
Al teammate would provide the standard
suggested direction. If not in the Al Direction
condition, then the Al teammate would provide
no information and no suggested direction,
which served as the baseline control condition
of the experiment.)

SA of Intra/Extra Team
Information

Back-Up Behavior

Augmenting Team
Memory

Explainability

Control

teammate changed across all six conditions, and the
names of both teammates were explicitly chosen to con-
trol for any potential gender biases by the participants.
For example, Al teammates were always named after a
letter from the Greek alphabet (i.e. Sigma, Iota), while
human teammates’ names were unisex (i.e. Harper,
Logan). These traits were selected based on the existing
literature that emphasizes the ability of autonomous
systems to contribute to shared knowledge in these
areas (Cuevas et al. 2007), and that these traits represent
common information-sharing tendencies and needs
based on their ability to contribute to the effective
execution of team processes such as monitoring
(Marks, Mathieu, and Zaccaro 2001). These traits were
also chosen as they are realistic for Al teammates to
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Read Scenario Again

teammates:

Static
(Except for Names)

You are playing an online multiplayer paintball video game with two other

* You are Teammate A
* Teammate B is a fellow human named Chandler
* Teammate C is an Al named Sigma.

As you and your teammates approach the opposing team's base you are
fired upon by the three opposing teammates. You and your teammates take
cover and begin working out how to capture the other team's flag together.
Your Al teammate Sigma says the following to your team:

successfully.”

Within-Subjects
Manipulation

« "This is a reminder that Chandler (Teammate B) excels at the
close quarters movements required to enter the enemy base

+ "l am reminding the team that we have five minutes left to

2 X successfully capture the other team’s flag."

(Al Information-Sharing) |. "when we move forward I will share the map of the enemy base
with everyone since | have it saved.”

Between-Subjects
Manipulation

“You and I will provide cover and support to Chandler (Teammate B)
while they move forward for the flag.”

(Al Interpretation)

Static

(Except for Names) | memory ability by tracking time, providing timely reminders, and storing
important knowledge for the team

Please rate your agreement with the following statements about the Al
teammate Sigma, which has the ability to help enhance the team's

Figure 1. Example of vignette participants read and responded to based on their perceptions and experience. The within-subjects
manipulation of Al information-sharing attribute shown above is identified as the text within the black square. The between-subjects
manipulation of Al direction is identified as the text within the blue square. Lastly, the static text is identified as all text within the

green squares.

implement using current technology and lend them-
selves well to the computational strengths presented
by AI teammates, such as speed, accuracy, and proces-
sing power.

3.1.3. Al direction (between-subjects)

The between-subjects Al direction manipulation changed
whether or not the AI provided direction to the team.
The specific direction given by the Al teammate was
always the same as each Al information-sharing attribute
concerned the same scenario. As such, the AI direction
manipulation can be seen as the AI teammate providing
additional information on what it perceives as the best
course of action in the given scenario. That information
was included towards the bottom of the vignette, as seen
in Figure 1 surrounded by the blue square. This manipu-
lation was conducted between-subjects and thus applied
to all levels of the within-subjects manipulation. Finally,
the AI direction manipulation is also applied to the con-
trol level of the within-subjects manipulation.

3.2. Vignette scenarios

At this point, the participants were randomly assigned
to one of the two between-subjects conditions and

were given the task description (detailed above). Partici-
pants were then shown the first of the six within-sub-
jects conditions counterbalanced to control for
potential spill-over effects. The task description was
also available as a drop-down option throughout the
survey for participants to reference if needed, as seen
in Figure 1. The six scenarios represented the six infor-
mation-sharing attributes: there was one scenario for
SA1l, one for SA2, one for Back-up, one for ATM, one
for Explainability, and one for control. Each scenario
was the same (see Figure 1) except for the highlighted
part, which was manipulated according to Table 1.
Each vignette also included a short briefing, seen in
Figure 1 surrounded by green, which had common
language regarding the scenario but with different
names for all six within-subjects conditions. This static
text was followed up by bolded and highlighted text,
seen in Figure 1 surrounded by red, that was specific
to the within-subject condition the participant was
reading at the time. Under the text for the within-sub-
jects manipulation was the text for the between-subjects
manipulation, seen in Figure 1 surrounded by blue. If
participants were assessing the control condition of
the within-subjects manipulation (AI information-shar-
ing attribute), then no text would be visible within the
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You are playing an online multiplayer paintball video game with tweo other

teammates:

e You are Teammate A.

e Teammate B is a fellow human named Peyton.

e Teammate C is an Al named Mu.

As you and your teammates approach the opposing team'’s base you are
fired upon by the three opposing teammates. You and your teammates take
cover and begin working out how to capture the other team'’s flag together.

Please rate your agreement with the following statements about the Al

teammate Mu.

Figure 2. Example of vignette of the control level of the within-subjects manipulation for Al information-sharing attribute.

red square seen in Figure 1. However, the control level
did not affect the between-subjects manipulation, as
participants with Al that gave directions still saw the
direction in the control level (see Table 2). In the
double-control (no Al information-sharing and no Al
direction) the Al teammate was present but did not pro-
vide any additional information to the scenario. Once
participants completed the questions about one Al
information-sharing attribute scenario, they moved on
to the next vignette.

3.3. Participants

The current study received all necessary approvals from
the university’s institutional review board, with the
approval code IRB2022-0183. An a priori power analysis
determined that to reach adequate power (8 = .85) for

Table 2. Suggested direction provided by the Al teammate
within the scenario.

Al Direction

Level Information Shared

Yes “You and | will provide cover and support to Harper
(Teammate B) while they move forward for the flag'.

No The Al teammate was present but did not provide any

suggested direction.

the design of the current study given a medium effect
size of m* = .10, at least 139 total participants would
be needed to complete the online survey. This effect
size was selected based on prior literature involving fac-
torial survey studies on human-AI teaming (Flathmann,
Schelble, McNeese, et al. 2023; Zhang et al. 2024), and
the external piloting session conducted before full data
collection commenced. As such, 173 participants were
recruited to participate in the survey, with 22 returning
the survey as incomplete (participants chose not to
finish for one reason or another) and one participant
failing the survey attention checks. This left unequal
cell sizes between-subjects, and additional participants
were recruited until the groups were balanced, making
for 156 participants used in data analysis (see Table
3). These participants had an average age of 32.28 (SD
=9.06), with 121 participants identifying as male, 29
as female, five as non-binary or third gender, and one
choosing not to disclose. The participants were
recruited using the Prolific online platform, which
allows individuals to sign up for and complete research
studies online for monetary incentives. Prolific allows
researchers to select specific attributes that participants
must have to participate in a research study. The current
study required participants to be at least 18 years old
and have experience playing video games at least

Table 3. Participant numbers for the Al direction manipulation (between-subjects) and the Al information-sharing attribute

manipulation (within-subjects).

Al Direction (Between-Subjects): 78

SA of Team Members: 78  SA of Intra/Extra Team Information: 78  Back-Up Behavior: 78 ~ Augmenting Team Memory: 78

No Al Direction (Within-Subjects): 78

SA of Team Members: 78  SA of Intra/Extra Team Information: 78  Back-Up Behavior: 78 ~ Augmenting Team Memory: 78

Explainability: 78  Control: 78

Explainability: 78  Control: 78
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between 0-3 hours per week (could not be 0 hours). Par-
ticipant data were removed before analysis if they
answered at least two of the four attention check ques-
tions incorrectly. These questions ensured the reliability
of the answers provided by the respondents, with those
failing two of the four being removed from the sub-
sequent data analysis (one participant failed two or
more attention checks).

3.4. Procedure

Once the participants had chosen to participate in the
study from the list of available studies on Prolific, they
were directed to a Qualtrics survey link, which they
clicked on to begin the study. The first thing presented
to participants in the survey was the informed consent
document, which participants were instructed to read
before moving forward with their participation in the
study. If participants chose to provide informed consent
and complete the study, they moved on to the next ques-
tion. If they did not, they closed the tab with the survey.
Participants who chose to move on in the survey by pro-
viding informed consent answered a series of demo-
graphic questions like race and gender. Before
participants viewed each vignette, they were shown a
description of the forthcoming AI teammate’s infor-
mation-sharing ability. These descriptions helped par-
ticipants understand the information-sharing attribute
they were about to evaluate, ensured all participants
had a similar understanding of each attribute, and
helped to re-orient them to a new Al teammate, as
this factor was manipulated within-subjects.

Participants read six vignettes in total; an example of
how vignettes were displayed can also be seen in Figure
1. Each vignette included survey measures that partici-
pants completed before moving on to the following
scenario. These measures included perceived situational
awareness, perceived trust in each teammate, perceived
AT transparency, and perceived SMM with each team-
mate. Once participants read all six AI information-
sharing attribute conditions and responded to their
respective follow-up questions, they finished the study.
They were compensated $8.00 for their time (an average
survey time of 20 minutes).

3.5. Measures

Each of the following measures was given to participants
after each of the six scenarios, providing an assessment
for each of the six Al information-sharing conditions.
Several measures utilised a single-item measure given
the constraints of survey fatigue, meaning the post-
scenario surveys had to be concise. However, this is a

common practice in human-Al teaming research, and
several examples of single-item measures are used to
assess emergent states in human-AI teaming like trust
and perceived ethicality (Tenhundfeld et al. 2020; Tex-
tor et al. 2022).

3.5.1. Perceived shared mental model

Participants perceived SMM was measured using a
modified version of the five-factor perceived SMM
scale developed by van Rensburg and colleagues
(Van Rensburg et al. 2021). The version of the scale
used in the current study included three items rated
on a seven-point Likert scale ranging from ‘Strongly
Disagree’ to ‘Strongly Agree’. The specific items
from this scale can be found in the CFA table (see
Table 4). The items selected came from the execution
factor (one item) and the interaction factor (two
items). These factors were selected as they best rep-
resented the team and task SMMs that are most com-
mon to SMM research for shared knowledge, in
general, (Schelble, Flathmann, and McNeese 2020;
Schelble, Flathmann, McNeese, O’Neill, et al. 2022).
Lastly, participants’ perceived SMM metric was taken
for both their human and their Al teammate, resulting
in a distinct score for each teammate.

3.5.2. Perceived influence over the team compared

to Al teammate

Participants’ perceived influence over the human-AI team
compared to the Al teammate was measured using the
power sub-scale from the Human-Machine-Interaction-
Interdependence questionnaire (HMII), developed and
validated by Woide and colleagues in 2021 (Woide et al.
2021). The power sub-scale included four items that par-
ticipants responded to using a five-point Likert scale that
ranged from ‘Definitely the Al Teammate’ to ‘Definitely
Myself’. The specific items from this scale can be found
in the CFA table (see Table 4).

3.5.3. Perceived Al transparency

Perceived Al transparency was measured using a scale
of information certainty developed by Woide and col-
leagues (Woide et al. 2021). Participants’ level of per-
ceived Al transparency was measured using a
modified version of the information certainty sub-
scale from the HMII scale developed by Woide and col-
leagues (Woide et al. 2021). This sub-scale focussed on
questions associated with perceived certainty of Al
behaviour at the moment, which is a critical facet of
Al transparency (National Academies of Sciences
Engineering and Medicine 2022). The modifications
included utilising four items from the original ten and
referencing the name of the AI teammate in bold instead



Table 4. Survey items organized by measure with each item’s
factor loading.

Factor

Measurement Items Loading

Perceived SMM with | believe Al NAME, and | have a similar 0.933
Al understanding about specific
strategies for completing the task
in the scenario.
| believe Al NAME, and | have a similar 0.942
understanding about how to
communicate with each other in
the scenario.
| believe Al NAME, and | have a similar 0.937
understanding about sharing
information with the team in the
scenario.
believe HUMAN NAME, and | have a 0.954
similar understanding about
specific strategies for completing
the task in the scenario.
believe HUMAN NAME, and | have a 0.974
similar understanding about how
to communicate with each other in
the scenario.
believe HUMAN NAME, and | have a 0.967
similar understanding about
sharing information with the team
in the scenario.
Who did you feel had the most 0.925
influence on what happened in this
situation?
Who did you feel had the most 0.925
influence on the action that was
taken?
Who did you feel had the least 0.851
influence on what happened in the
situation?
Who did you feel had the least 0.881
influence on the action carried out?
| believe | understand how my action 0.815
would affect Al NAME.
| believe | know what Al NAME is 0.951
planning in this situation.
| believe | am informed about Al 0.955
NAME planned action in this
situation.
| believe | know why Al NAME prefers 0.908
a certain action.

Perceived SMM with
Human

Perceived Influence
Over the Team

Perceived Al
Transparency

Al Teammate Rating | believe NAME (Teammate B/C) NA
would be a good teammate.
Perceived NAME improves the team’s NA
Contribution of the understanding of the current
Al to SA situation.

of the term ‘system’. The four items from the measure
were rated by participants using a seven-point Likert
scale ranging from ‘Strongly Disagree’ to ‘Strongly
Agree’. The specific items from this scale can be found
in the CFA table (see Table 4).
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3.5.4. Perceived contribution of the Al to

situational awareness

Participants’ perceived contribution of the Al to situa-
tional awareness was rated on a single item which
read: ‘Alpha improves the team’s understanding of the
current situation’, and this item was rated on a seven-
point Likert scale ranging from ‘Strongly Disagree’ to
‘Strongly Agree’. The Al teammate’s name (bolded)
was changed for each vignette.

3.5.5. Teammate rating

Teammate rating was measured using a single item for
each teammate, which was presented as follows for the
human teammate: ‘I believe Alex (Teammate B) would
be a good teammate’ and as ‘T believe Alpha (Teammate
C) would be a good teammate’ for the AI teammate.
These items were rated on a seven-point Likert scale
ranging from ‘Strongly Disagree’ to ‘Strongly Agree’.
Teammate names (bolded) changed for each of the six
vignettes.

3.6. Measure validation

A multi-level confirmatory factor analysis (CFA) was
conducted on the multi-item constructs measured in
the current study. These constructs included: (1) per-
ceived SMM with the AI teammate; (2) perceived
SMM with the human teammate; (3) perceived influ-
ence over the team; and (4) perceived Al transparency.
Each factor was measured once for each level of the
within-subjects variable (AI information-sharing attri-
bute) six times per participant. No items were found
with a loading lower than 0.70. As such, no items
were removed from the constructs measured. The factor
solution had adequate fit ()}*(71) = 512.928,
CFI = 991, TLI = .988, RMSEA: 0.082, 90% CI:
[0.075, 0.088]), and the factor loadings are presented
in Table 4.

The correlations among the factors measured are
listed in Table 5, with the factors revealing good conver-
gent validity as the average variance extracted (AVE)
exceeded .80. Additionally, each factor displayed good
discriminant validity, given the correlation between
each factor was less than the square root of each factor’s
AVE.

Table 5. A summary of correlations between each factor measured. The italicised diagonal values represent the square root of this

factor's AVE.

AVE Al Transparency Influence SMM Al SMM Human
Al Transparency .827 .909 - - -
Influence .803 —.138 .896 - -
SMM Al 879 —-.192 —.064 .937 -
SMM Human 932 .102 —-.138 -.010 .965




2080 e B. G. SCHELBLE ET AL.

.
Al Information-Sharing
(IVs)

Al Direction

Influence Over
l Team

Al Rating

Al Information Sharing
Attribute
SA1/SA2/Back-Up/ATMIEXp! vs.
Control (None)

Figure 3. The hypothesized model.

3.7. Hypotheses

Just as the research questions proposed in the introduc-
tion highlight the concepts and research gaps motivat-
ing the current study, a set of hypotheses helps drive
clear testable predictions. Further, the following
hypotheses help delineate the two research questions
from one another, while also providing structure to
the forthcoming results and their discussion. Specifi-
cally, the hypotheses centre on how information-shar-
ing related to SA is critical to perceptions of the team
and Al and to perceptions of team cognition constructs.
While the latter two hypotheses address the role of Al
direction on perceived attitudes and how those per-
ceived attitudes mediate the effect of Al information-
sharing attributes on perceptions of team cognition.
The hypotheses read as follows:

H1: Al information-sharing attributes contributing to
aspects of situational awareness will significantly
improve perceived attitudes and perceptions of
shared knowledge.

H2: Direction provided by Al teammates will improve
perceived attitudes.

H3: Perceived attitudes towards the Al teammate will
mediate the effect of Al information-sharing attri-
butes on measures of shared knowledge.

4, Results

The results of the factorial survey were first run through
a measurement validation process using CFA and then
fitted to a multi-level SEM describing the ad-hoc and
causal hypothesised relationships between the manipu-
lations of the experiment and subjective measures eli-
cited from participants. SEM 1is defined by a series of
linear regressions among observed (SA, Al Rating)
and latent (AI SMM, Al transparency) variables. The

Perceived Attitudes

Perceived Team Cognition

Al SMM

[ Perceived Al y
\ Transparency |

Contribution of
the Al to SA

{ Human SMM "\

SEM model described here highlights the effect of Al
information-sharing on participants’ perceived attitude
towards the AI, team, and the constructs that make-up
team cognition. Specifically, the manipulations of AI-
provided information were structurally related to the
subjective variables measured and validated in the
CFA based on the hypothesised model seen in Figure
3. Following the technique set forth by Knijnenburg
and Willemsen (2015), a fully saturated model was cre-
ated and subsequently trimmed of non-significant
effects in an iterative nature. This model answers RQ1
and RQ2 regarding how the information-sharing ten-
dencies of Al influence their human teammates’ per-
ceived attitudes towards their AI teammate(s) and
their levels of perceived team cognition. Lastly, the
SEM addresses H1, H2, and H3 by providing infor-
mation on the role of AI direction and information-
sharing on perceived attitudes and perceptions of
team cognition constructs. To improve the readability
of the full SEM it has been broken down into three
parts, with each part highlighting two constructs and
the direct effects influencing those constructs. See the
full figure for a comprehensive depiction of the full
and mediated effects indicative of SEM.

4.1. Structural model of affective attitudes and
team cognition

The final structural model is shown in Figure 4 and
highlights the full and mediated effects of all latent
and observed variables. However, to improve readability
of the model, it has been broken down into three parts
seen in Figures 5, 6, and 7. The model has a good overall
fit (}?(237) = 732.032, CFI=.984, TLI = .980,
RMSEA: 0.047, 90% CI: [0.043-0.051]). These fit stat-
istics display a good model fit according to the cut-off
values proposed by Hu and Bentler, which several
HCI researchers have adopted (Knijnenburg, Reijmer,
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Al Information-Sharing
Attribute

Six Attributes
(SA1 vs. SA2 vs. Back-Up)
vs. ATM vs. Explainability
vs. Control)

SA1:-0.418 (0.109)***

) SA2:-0.789 (0.132)***

= Back-Up: -0.751 (0.135)***
ATM: -0.749 (0.127)***

SA1:0.282 (0.185) Explainability: -1.154 (0.124)***

SA2: 0.466 (0.189)* SA1:0.394 (0.110)**
Back-Up: 0.530 (0.183)** SA2:0.922 (0.123)***
ATM: 0.582 (0.181)* Back-Up: 0.425 (0.118)"**
Explainability: 0.721 (0.196)*** ATM: 0.775 (0.115)***
Explainability: 1.017 (0.120)***
Independent Variable | \ 4
Al Direction Influence Over’
(With Direction vs. Team

Without) -0.725 (0.140)** Q: .10)

-0.437 (0.032)**

o |  AlRating

SA1:0.400 (0.115)**
SA2: 0.350 (0.141)**

Back-Up: 0.732 (0.116)*
ATM: 0523 (0.119)**
Explainability: 0.707 (0.139)*

=Teny
0331 (0.024)* /' AISMM \ 0.360 (0.033)** SA1:0.481 (0.072)***
\ .76) / SA2: 0.491 (0.090)***
Back-Up: 0.314 (0.072)***
g ATM: 0.368 (0.091)"*
Explainability: 0.171 (0.089)

0.601 (0.024)***

Contribution of

the Al to SA
(R?=.78)
SA1:-0.182 (0.113)
L SA2: -0.156 (0.118)
y Back-Up: -1.046 (0.120)*** 0.508 (0.033)"

Back-Up: -0.551 (0.179)**
ATM: -0.694 (0.157)***
Explainability: -0.654 (0.189)**

a 3 =N ATM: -0.021 (0.130)
0.686 (0.027)"* / Perceived Al\\ (mﬂn - Explainability: -0.269 (0.113)"
T (R?=.38) \ (R2=.57) ( (R?=.20)

SA1:-0.349 0171)! 1

0.258 (0.044)

0.544 (0.136)"

Figure 4. Full structural model of Al information-sharing, perceived attitudes, and perception of team cognition constructs with sig-
nificant results (* p < .05, ** p < .01, *** p < .001). The numbers represent the § coefficients signifying the standardised decrease or
increase in one construct given a corresponding decrease or increase in the other. However, because Al Direction and Information-
Sharing represent independent variables, their 8 coefficients represent the standardised difference between the experimental con-

ditions, effectively making them Cohen’s d measures of effect size.

standard error.

and Willemsen 2011; Knijnenburg and Willemsen
2015): CFI > 0.96, TLI > 0.95, RMSEA < 0.05, and
the upper bound of the RMSEA CI being <.10 (Hu
and Bentler 1999). The SEM shown in Figure 4 utilises
standardised path coefficients, which increases simpli-
city and readability. For example, a path between A
and B includes a 8 coefficient indicating the standar-
dised increase or decrease in construct B, given a single

Al Information-Sharing
Attribute

The number in parentheses next to the B coefficients represent

standard deviation increase or decrease in construct
A. However, this does not apply to the AI infor-
mation-sharing boxes as they are independent variables,
and the f coefficients are the standardised difference
between the experimental conditions (control in the
case of attributes), effectively making them Cohen’s d
effect sizes. The numbers next to the f coeflicients and
in parentheses are standard errors. Line segments

Six Attributes
(SA1 vs. SA2 vs. Back-Up|
vs. ATM vs. Explainability

SA1: 0.394 (0.110)**
SA2: 0.922 (0.123)***
Back-Up: 0.425 (0.118)**

vs. Control) ATM: 0.775 (0.115)***
Explainability: 1.017 (0.120)***
SA1: -0.418 (0.109)***
\\ SA2: -0.789 (0.132)***
Back-Up: -0.751 (0.135)***
ATM: -0.749 (0.127)***
SA1:0.282 (0.185) I, ke
SA2: 0.466 (0.189)" Explainability: -1.154 (0.124)
Back-Up: 0.530 (0.183)**
ATM: 0.582 (0.181)**
Explainability: 0.721 (0.196)***
Independent Variable ¢
Al Direction Influence Over -0.437 (0.032)*** Al Rating
(With Direction vs. 3 Team R2=
Without) -0.725 (0.140)*** (R?= 10) (R*=.38)

Figure 5. Part 1 of the full SEM, showcasing participants perceived influence over the team and rating of the Al as a teammate.
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Al Information-Sharing
Attribute

Six Attributes
(SA1 vs. SA2 vs. Back-Up
vs. ATM vs. Explainability
vs. Control)

Independent Variable

Al Direction
(With Direction vs.
Without)

SA1: 0.400 (0.115)**
SA2: 0.350 (0.141)*

Back-Up: 0.732 (0.116)**
ATM: 0.523 (0.119)**
Explainability: 0.707 (0.139)***

SA1: -0.349 (0.171)*

Al Rating
(R?=.38)

Al SMM
(R?=.76)

0.601 (0.024)**
2

X

0.686 (0.027)***

0.331 (0.024)***
Perceived Al

Transparency

SA2: 0.397 (0.185)*

Back-Up: -0.551 (0.179)*
ATM: -0.694 (0.157)***
Explainability: -0.654 (0.189)**

(R2=.57)

0.544 (0.136)**

Figure 6. Part 2 of the full SEM, showcasing how transparent they perceived their Al teammate and their perception of a SMM with
the Al teammate, with direct effects shown from their perception of the Al as a teammate.

connecting to arrows represent an interaction effect
between the two on the variable at the end of the
arrow. Six Al information-sharing attributes are
shown: situational awareness of teammates SAI, situa-
tional awareness of intra and extra-team information
changes SA2, back-up behaviour information Back-Up,
augmenting team memory information ATM, Al
explainability information Explainability, which are all
compared to the baseline control condition. As such,
the experimental conditions are encoded into the purple
squares on the left, and the arrows from these purple
boxes to the subsequent constructs represent the differ-
ences in these constructs between the experimental
conditions.

Al Information-Sharing
Attribute

Six Attributes
(SA1 vs. SA2 vs. Back-Up|

4.1.1. Perception of affective attitudes influence
over perceived team cognition constructs

The model displays that aside from AI information-
sharing (see Figure 9(d)), the effects on participants’
perceived contributions of the AI teammate to SA
were mediated by the participants’ perception of a
SMM with their AI teammate and by their rating of
the AI as a teammate (Al Information-Sharing, AI
SMM, AI Rating — SA). The higher the participants
perceived SMM with their AI teammate, the more
they saw the AI as contributing to SA. The same was
true for their rating of the Al as a teammate; as it
increased, so did their perception of the AI's contri-
bution to their SA. Notably absent from affecting the

vs. ATM vs. Explainability
vs. Control)

SA1:-0.182 (0.113)
SA2: -0.156 (0.118)
Back-Up: -1.046 (0.120)***
ATM: -0.021 (0.130)

A 4

Independent Variable

Al Direction
(With Direction vs.
Without)

Explainability: -0.269 (0.113)*

Al SMM
(R?=.76)

0.360 (0.033)***

SA1: 0.481 (0.072)***
SA2: 0.491 (0.090)***
Back-Up: 0.314 (0.072)***
ATM: 0.368 (0.091)***
Explainability: 0.171 (0.089)

Contribution of

the Al to SA
(R?=.78)
Al Rating 0.258 (0.044)** Human SMM A
(R?=.38) (R?=.20)
0.508 (0.033)***

Figure 7. Part 3 of the full SEM, showcasing participants perception of a SMM with the human teammate and their perception of the
Al teammates contribution to SA, with direct effects shown from their perception of a SMM with the Al teammate.
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Figure 8. Marginal effects of Al information-sharing and Al direction on participants’ perceived attitudes towards the team and the Al
teammate. The effect of the ‘control’ condition at the ‘no direction’ level is set to zero. Error bars represent the standard error of the
differences between each condition and the condition set to zero (control+no direction). (a) Marginal effects of Al information-sharing
attribute and Al direction on influence over the team. (b) Marginal effects of Al information-sharing attribute and Al direction on Al

teammate rating.

Al teammate’s perceived contribution to SA was the
perception of a SMM with their human teammate.
When it came to SMMs, the perceptions of the human
and AI were related as AI SMM and human SMM
were higher for participants who saw the AI as a good
teammate, though the effect of Al rating on AI SMM
was stronger than on human SMM (AI Rating — Al
SMM, Human SMM). Ratings of perceived SMM with
the Al teammate were also higher for those with greater
perceived Al transparency (AI Transparency — Al
SMM). However, the effect of Al information-sharing
on Al SMM was fully mediated by AI rating and Al
transparency, though their impact was not fully
mediated when it came to human SMM (AI Infor-
mation-Sharing Attribute — Human SMM; see Figure
9(b)). From these results it is clear that there is support
for both H1 and H3 in the SEM. Specifically, for H1 the
information-sharing attributes related to aspects of SA
had the strongest effect on several of the variables
related to perceptions of team cognition. Alternatively,
H3 was only partially supported as perceived SMM
with the AI teammate was the only variable where the
effect of the information-sharing attributes were fully
mediated by the preceding variables.

Perceived Al transparency increased the more posi-
tively participants rated the AI as a teammate. However,
Al information-sharing also affected perceived Al trans-
parency, as seen in Figure 9(a) (AI Information-Sharing
Attributes, AI Direction, AI Rating — AI Transpar-
ency). The two Al information-sharing manipulations
both had positive effects on perceived Al transparency
with the AI teammate; however, the interaction effect
between the two factors on perceived Al transparency
was negative (AI Information-Sharing Attributes x Al

Direction — Al Transparency). This type of interaction
in SEM indicates that the two manipulations increase
perceived Al transparency individually, but their inter-
action effect does not significantly increase it compared
to the control. The simple main effects of this inter-
action will be examined in the following section. The
participants’ rating of the Al as a teammate was higher
for those perceiving less control over the team. Al infor-
mation-sharing attributes and direction also increased
the AT’s teammate rating, seen in Figure 8(b) (AI Infor-
mation-Sharing Attributes, AI Direction, Influence
Over Team — AI Rating). In other words, the less con-
trol the participants perceived over the team due to the
AT teammate taking on a more prominent role by hand-
ling aspects of information-sharing typical to teaming
behaviours, the better the Al was perceived as a team-
mate. This result leads to a cascade of benefits to per-
ceived Al transparency, human SMM, AI SMM, and
SA. The model backs up this assertion by showcasing
that the participants’ perceived influence over the
team was reduced whenever the Al teammate had any
information-sharing attribute or interpreted the infor-
mation, as shown in Figure 8(a) (AI Information-Shar-
ing Attribute, AI Direction — Influence Over Team).
Conversely, the interaction effect of the two factors on
influence was positive (Al Information-Sharing Attri-
bute x AI Direction — Influence Over Team). Showcas-
ing another sub-additive effect for both variables where
their individual effects are positive but do not come
together to increase their effect significantly over the
control. This time on perceived influence over the
team, with the simple main effects of the interaction
covered in the following section. These results further
show partial support for H2 as Al direction did
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Figure 9. Marginal effects of Al information-sharing attribute and Al direction on participants’ perception of elements of team cogni-
tion. The effect of the ‘control’ condition at the ‘no direction’ level is set to zero. Error bars represent the standard error of the differ-
ences between each condition and the condition set to zero (control+no direction). (a) Marginal effects of Al information-sharing
attribute and Al direction on perceived transparency of the Al teammate. (b) Marginal effects of Al information-sharing attribute
and Al direction on perceived SMM with the human teammate. (c) Marginal effects of Al information-sharing attribute and Al direction
on perceived SMM with the Al teammate. (d) Marginal effects of Al information-sharing attribute and Al direction on the contribution

of the Al teammate to SA.

influence more than the variables for perceived atti-
tudes, going on to influence perceived Al transparency
as well. HI also continues to receive support as the SA
related information-sharing attributes had the greatest
influence on the perceived attitudes towards influence
and the Al as a teammate. Lastly, H3 is given substantial
support as it is shown to play a significant mediating
role on several of the perceived team cognition
variables.

4.1.2. The mediated effect of Al information-
sharing on perceptions within human-Al teams

The Al information-sharing factors also had several sig-
nificant effects on aspects of the model, as described
briefly above and shown in Figures 8 and 9. Specifically,
the AI information-sharing attributes significantly
impacted participants’ influence over the team, Al rat-
ing, perceived Al transparency, human SMM, and SA
(AI Information-Sharing Attribute — Influence Over
Team, AI Rating, Al Transparency, Human SMM,

SA). All information-sharing attributes reduced influ-
ence over the team, increased perceived Al transpar-
ency, and all but explainability increased perceived
contribution of the AI teammate to SA (see Figures 8
(a), 9(a), 9(d) respectively). As for human SMM, the
back-up behaviour and explainability attributes resulted
in lower perceptions of a SMM with human teammates
(see Figure 9(b)). This result is likely due to the back-up
behaviour condition represented by an Al teammate
correcting the other human teammate. However, this
finding is still pertinent as it shows AI teammates can
say or do things to influence human teammates’ percep-
tions of one another and their level of team cognition.
Alternatively, AI direction reduces influence over the
team by .725 (see Figure 8(a)) and increases perceived
Al transparency by .544 (see Figure 9(a)). While nearly
all information-sharing attributes always had a signifi-
cant effect when an effect existed, such as augmenting
team memory on team influence (—0.751) and SA1 on
perceived Al transparency (0.400), explainability had



the most considerable effect on many of the partici-
pants’ measured perceptions. Specifically, explainability
information from the AI had the most substantial
impact on perceived influence over the team (—1.154),
their rating of the Al as a teammate (1.017), and the
second largest on perceived Al transparency (0.707),
behind back-up behaviour (0.732). However, when it
came to participants’ perceived contribution of the Al
teammate to SA, the two SA information-sharing attri-
butes had the most considerable effect on participants’
perceived contribution of the AI teammate to their
SA, with SA2 (0.491) edging out SA1 (0.481), shown
in Figure 9(d). Notably, the main effects of the two Al
information-sharing factors are qualified by a significant
interaction effect on perceived influence over the team
and perceived AI transparency. Both interaction
effects were sub-additive of their main effects, with
their effect on influence being positive for all conditions
except for SA1 (see Figure 8(a)). The sub-additive inter-
action effect on perceived Al transparency was negative,
with all conditions being significant (see Figure 9(a)).
The simple main effects of the interaction effect on
influence found that AI direction caused a significant
difference in participants’ perceived influence for SAI,
SA2, and the control conditions only (see Figure 8(a)).
As for perceived Al transparency with the Al teammate,
the simple main effects found that AI direction made a
significant difference in the SA1 and control conditions
only (see Figure 9(a)). These results align with the pre-
vious statements made on the three hypotheses, as H1
and H3 are fully supported and H2 is only partially
supported.

The model’s results highlight the importance of
human teammates’ attitudes in designing and develop-
ing Al teammates to contribute through teaming beha-
viours such as information-sharing. This notion is
especially critical as Al information-sharing was found
to have significant effects on the perception of team cog-
nition constructs, though attitudes such perceived influ-
ence and rating of the AI as a teammate heavily
mediated their impact. The interaction effects between
the two manipulations on perceived influence and per-
ceived Al transparency were both sub-additive, which
can be seen as an indicator of a possible point of dimin-
ishing return as their combined influence did not exceed
their individual influence. This interaction effect also
showcases that including direction based on the infor-
mation shared is valuable but does not typically increase
the perceived value of the information when added to
other information, such as back-up behaviour or aug-
menting team memory, though SA was a notable excep-
tion. Given this commentary, it is important to
understand the effect of antecedent constructs on the
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model. Specifically, the marginal effects described in
the various figures of bar charts (Figures 8 and 9)
describe the effects of the antecedents in isolation. Fur-
thermore, the SEM as a whole describes their combined
effects on downstream variables (Figure 4).

5. Discussion

The SEM analysis provided by the current study show-
cases an exciting glimpse into the formation of situa-
tional awareness and, in turn, team cognition within
human-autonomy teams. Most notably, the findings of
this work demonstrate that team cognition formation
is often the result of affective attitudes within human-
Al teams, and the information shared by Al teammates
can impact these attitudes. This finding provides a direct
answer to RQ1, which asked how the information-shar-
ing tendencies of AI influenced human teammates’
affective attitudes towards them. Additionally, RQ2
sought to determine how those same information-shar-
ing tendencies affected human teammates’ perceived
levels of team cognition. This question was also
addressed by the SEM, which showed how infor-
mation-sharing by AI teammates can have a
significant impact on specific aspects of team cognition
at the perceived level and that perceived attitudes pri-
marily mediate its effect.

Addressing the hypotheses, H1 was fully supported
as the SA information-sharing attributes had the stron-
gest effect on both perceived attitudes and perceptions
of team cognition constructs. H2 was only partially sup-
ported as Al direction influenced perceived attitudes but
also went on to influence perceptions of team cognition.
Lastly, H3 was fully supported as the SEM showed per-
ceived attitudes towards the AI acting as a mediating
variable for several subsequent perceived team cogni-
tion variables. The following discussion thus further
elaborates on the future role of affective attitudes within
human-AT teams and then details how the results of this
study should be used best to design the information-
sharing capabilities of AI teammates to benefit these
attitudes and subsequent team cognition constructs.

5.1. Leveraging perceived affective attitudes to
build more effective team cognition in human-Al
teams

One of the most interesting findings from this study is
the strong and pervasive relationship that perceived
affective attitudes, particularly Al-focussed attitudes,
can have on perceived constructs of team cognition.
In particular, the results of this work denote that the rat-
ing participants gave their Al teammates strongly
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influenced the level of expected team cognition based on
their interpretation of the scenario. These findings align
with prior work in human-human teams, showing how
affective attitudes help form team cognition through
repeated interaction (Fiore, Salas, and Cannon-Bowers
2001; Kelly and Barsade 2001). However, this study
posits a unique contribution as it takes the first
approach to exploring the linkage between these states
within a context that considers both human and AI
affective and cognitive states through the use of sur-
vey-based vignettes. In doing so, this work provides
an excellent first step into studying this linkage as the
perceived attitudes towards these two different types
of teammates are shown to have different influences
on the perceived team cognition constructs within
their team.

The perception of a SMM with the human teammate
was not related to the perception of a SMM with the AI
teammate. This lack of a relationship is somewhat sur-
prising given the inter-connected nature of team cogni-
tion development and the perception of
interdependence within teams (Cooke et al. 2013;
Niler et al. 2021). In turn, the results of this work
demonstrate that AI teammates stand to play a demon-
strable role in the potential formation of cognitive states
within human-AI teams, especially as Al rating had a
significant effect on human SMM. In particular, the
design of Al teammates may impact the expected atti-
tudes towards AI teammates and even human team-
mates, as demonstrated by the manipulations of this
study. Given the significance of human SMMs in
improving and predicting team performance (Mathieu
et al. 2000), AI teammates should be designed in a
way that has direct positive effects on human team-
mates’ attitudes towards the AI and team to further
improve the environment for human teammates to
develop effective SMMs.

Overall, these findings are positive for the field of
human-AI teamwork. Currently, fundamental work is
being conducted around the cognitive states of
human-AT teams, with work identifying the importance
of mental models (Bansal et al. 2019), trust (Schelble,
Flathmann, McNeese, Freeman, et al. 2022), and SA
(Crowder and Carbone 2014). However, the over-
whelming majority of work explores affective attitudes,
such as perceived performance (Flathmann, McNeese,
et al. 2023), trust (Lyons et al. 2019; McNeese et al.
2019; Schelble, Lopez, et al. 2022), and shared influence
(Flathmann, Schelble, Rosopa, et al. 2023). This research
mainly focuses on designing Al teammates to benefit
these attitudes. At first glance, this would appear as a
notable limitation within human-AI teaming research
as it would prevent cognitive states such as SA from

being well-researched. However, the results of this
work demonstrate that this is, in fact, not the case, as
the attention and considerations put towards these atti-
tudes will ultimately bolster the environment within the
team for the formation of more effective cognitive states
over time.

5.2. Giving Al teammates active roles in
benefiting cognitive states in human-Al teams

The connection between Al rating and AI SMM (0.601),
identified in Section 5.1, resemble a distinct connection
between perceived attitudes and perceived team cogni-
tion constructs. Accordingly, Al teammates should
actively play a role in forming both of these within
human-AT teams. To usher in these roles, the following
discussion section elaborates on Al teammates’ poten-
tial information-sharing responsibilities to best benefit
their teams’ perceptions and outcomes. Critically,
these responsibilities should exist in addition to their
assigned roles, as Al teammates’ information gathering
and processing speed will make it feasible to simul-
taneously leverage this information for itself while shar-
ing it with their team. In particular, the results of this
study can speak to designing the content and method-
ology of information-sharing responsibilities for AI
teammates.

Given this study didn’t measure team SA, the results
indicate AI teammates will benefit teams with shared
SA, individual SA, and by providing explanations along-
side their behaviours (Figure 4). Shared SA accounts for
environmental or task related factors of mutual interest
to more than one team member contributing to the
development of team coordination (Endsley and Jones
1997; Kaber and Endsley 1998). Related literature has
also shown mutual agreement and understanding as
necessary in building SMMs between human teammates
further mediating team effectiveness and performance
(Baker 1995, 1999; Van den Bossche et al. 2011). Criti-
cally, while these types of information were examined
individually, they provide a holistic benefit when com-
bined. Likewise, A transparency and explainability are
essential for maintaining shared SA about the environ-
ment and moving beyond the black-box nature of these
systems to further link its behaviours with its actions
and drive the formation of perceived attitudes and
team cognition constructs (Endsley 2023). Moreover,
in addition to benefiting these shared perceptual states,
this combined information-sharing also can benefit the
individual SA humans form Chen et al. (2018). Al team-
mates and roles that leverage this type of information-
sharing will act as a catalyst for affective and cognitive
state development, improving individual and team



performance levels, in turn, (Marks, Mathieu, and Zac-
caro 2001; Mathieu et al. 2008).

Second, it’s crucial to understand how AI teammates
should share this information. Based on the results of
this study’s second manipulation the AI teammate
should provide recommendations for action sparingly
in human-AI teams. This is not to say that Al team-
mates should never make recommendations, as recent
research has shown the likelihood for humans to follow
AT directives when they have greater levels of trust
(Caldwell and O’Reilly 2003; Chong et al. 2022).
Instead, AI teammates should predominately act as
an information conduit through which information
can be repeatedly gathered and disseminated, which
human teammates can interpret. In turn, the effects
of including AI direction did not significantly affect
perceived influence or perceived Al transparency
when interacting with the six information-sharing
attributes. Based on participant perspectives when
reading through the six information-sharing attributes,
including Al direction did not significantly affect per-
ceived influence or perceived Al transparency; how-
ever, the SA information-sharing attributes were an
exception to this regarding the sub-additive interaction
effects. Moreover, while this study explored the percep-
tions of singular human teammates, this methodology
would also allow for information to be more generally
applicable to multiple human teammates simul-
taneously, as directions may need to be tailored to
specific human teammates.

In closing, while this study can recommend infor-
mation-sharing content and methods, research still
needs to make several contributions to ensure Al team-
mate roles are designed to benefit these emergent
states. This is especially true as the current study
only utilised a factorial survey and not a true simulated
exercise. First, research should identify the modalities
through which information can be shared. While this
study showed promise with natural language-based
information-sharing, recent research has noted the
importance of continuous visual and graphical trans-
parency to support awareness (Endsley 2023). In par-
ticular, research must identify how AI teammates
should share information when uncertain about the
information and its accuracy (Tomsett et al. 2020).
Lastly, research needs to explore design considerations
in addition to information-sharing that might bolster
affective attitudes. In sum, AI teammates can and
should be designed to drive the formation of emergent
states such as attitudes and team cognition constructs
in teams. Future research should build on the results
of this study to ensure these roles are holistically
designed and empirically validated.
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5.3. Limitations and future work

In addition to the research pathways outlined above,
four distinct limitations also impact this study and
should be resolved by future research. First, this study
was conducted on an online platform where team inter-
action was limited. While this methodology is excellent
for exploring various potential information-sharing
methods, the highly beneficial processes identified in
this study should be validated using in-person exper-
imentation because the current study measured expec-
tations of cognitive states and not actual states as it
was conducted online.Future work should extend this
study of subjective measures through survey-based
vignettes to objectively measure cognitive states associ-
ated with real-life interaction. Second, as the experimen-
tal design was a 2x6 factorial design, it was not feasible
to fully counterbalance the study, thus requiring partial
counterbalancing. Since not all orders could be tested,
participant perceptions towards within-subjects con-
ditions could be influenced by the previous within-sub-
jects condition they experienced. Third, this study was
predominately comprised of male participants. While
the sample distribution of this study was representative
of the targeted population, video game players, this dis-
tribution is not fully representative of the broader popu-
lation in which human-AI teams will be implemented.
As such, future work should also explore the various
cultural and individual differences that are known to
impact technology design and potential AI teammate
design. Finally, this study was shorter than common
team tasks, which resulted in prioritising short-term
perceptions and not long-term team cognition for-
mation. Once again, while this limitation was necessary
for the design and goals of this study, the eventual
implementation of human-Al teams will require a
greater understanding of long-term effects. As such,
this work should be extended via longitudinal studies
that explore how repeated information might accelerate
or diminish the formation of team cognition in human-
AT teams. Critically, these three limitations cannot be
resolved without considering the presented findings.
As such, future research that addresses these limitations
will extend the relevance of this work and further con-
textualize it in the field of human-AI teamwork.

5.4. Conclusion

As human-Al teams are shaping future teamwork,
further research must be done to understand how
these teams can operate successfully. These findings
provide a solid foundation on how AI teammates
shape human perceptions, and we recognise the
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importance of the AI agent in developing shared SA
between the team members. Previously, human-AI
SMMs have shown vast potential for the development
of SA despite additional challenges in the way Al and
humans process information and, in turn, how to com-
municate said information (Endsley 2023; Liao, Gruen,
and Miller 2020; Miller 2019). Limited to survey-based
methods with no real interaction, the results in this
study promote the consideration of human-AI SMMs
as having the capability of providing more value to a
team’s SA, with further research required to understand
if these results translate to real-world human-AI teams.
Therefore, we hope this contribution is recognised in
future research on human-AI teams.
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