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ABSTRACT
Teammates powered by artificial intelligence (AI) are becoming more prevalent and capable in
their abilities as a teammate. While these teammates have great potential in improving team per-
formance, empirical work that explores the impacts of these teammates on the humans they work
with is still in its infancy. Thus, this study explores how the inclusion of AI teammates impacts
both the performative abilities of human-AI teams in addition to the perceptions those humans
form. The current study found that participants perceiving their third teammate as artificial per-
formed worse than those perceiving them as human. Furthermore, these performance differences
were significantly moderated by the task’s difficulty, with participants in the AI teammate condi-
tion significantly outperforming participants perceiving a human teammate in the highest diffi-
culty task, which diverges from previous human-AI teaming literature. Alternatively, no significant
effect of perceived teammate artificiality was found on shared mental model similarity. However,
it did significantly affect participants’ levels of perceived team cognition. Individual performance
on medium difficulty maps also mediated the effect of perceived teammate artificiality on per-
ceived team cognition. These results further build on the current understanding of how AI team-
mates impact perceptions of individual human teammates and how those perceptions
subsequently impact their objective performance, which is critical in building more effective AI
teammates to incorporate alongside humans.

1. Introduction

Human-AI teaming is rapidly becoming a reality for modern
workforces and governments to deploy in applied settings to
enhance the outputs of their teams (Allam & Dhunny, 2019;
Schelble et al., 2020). Recent advances in AI technology like
open source reinforcement learning libraries (Schaarschmidt
et al., 2017) have begun to give AI-powered artificial agents
the ability to operate as viable teammates for work with
humans (McNeese et al., 2018). To be classified as a true
human-AI team, the AI must operate as an independent
entity, be given a significant degree of agency within the
team, and work interdependently alongside their human
teammates towards a common goal (O’Neill et al., 2020).
The Industry 4.0 movement in manufacturing is an excellent
example of an applied sector targeting greater AI involve-
ment within the workforce to enhance adaptability, effi-
ciency, and safety (Mabkhot et al., 2018; Schelble et al.,
2020). As such, understanding the constructs that apply to
human-AI teams and the characteristics that drive effective
and ineffective teaming has become paramount to human-
AI teaming research (O’Neill et al., 2020).

Several studies have discovered several constructs and
factors that significantly influence human-AI teaming

effectiveness. This compendium of recent studies has dis-
played that human-AI teams can outperform human-only
teams (McNeese et al., 2018) and has linked human-AI team
performance to factors like trust (McNeese et al., 2021),
transparency (Mercado et al., 2016), and reliability (Chen &
Barnes, 2012). From this research, an interesting trend has
been identified that is tying team member perceptions to
performance (i.e., a distinguishable period over which per-
formance accrues and feedback is available (Mathieu,
Heffner, Goodwin, Salas, & Cannon-Bowers et al., 2000, p.
273)). This burgeoning focus on perception and perform-
ance is gaining attention as a major developmental challenge
for AI (Kaminka, 2013; Van Riemsdijk et al., 2015) as the
advancements in AI technology are beginning to place them
in social situations (like teaming) more than ever before,
especially as virtual agents (Chaves & Gerosa, 2021; Kepuska
& Bohouta, 2018).

This research has highlighted that successfully joining
humans and AI together in teams is not holistically depend-
ent on AIs technical ability but also on a myriad of human
factors that impact human-AI collaboration in human-AI
teams (O’Neill et al., 2020; Shneiderman, 2020). For
instance, simply perceiving that a teammate is artificial has
been linked to several adverse effects on team processes and
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outcomes (Musick et al., 2021; Walliser et al., 2017), includ-
ing performance (Demir et al., 2018). Additionally, task dif-
ficulty is known to moderate the influence of teammate
perception on performance, as overall team homogeneity
has a known relationship with task difficulty in human-
human teams (Bowers et al., 2000). At the same time, previ-
ous human-AI and human-automation teaming literature
has found that human-AI teams suffer in higher task diffi-
culties compared to human-human teams (Fan & Yen, 2010;
Wright & Kaber, 2005). These studies highlight how AI can
be a heavily perceived concept that can even be subject to a
user’s previous experiences and the specific context of the
task (Chen et al., 2011; Hafizoglu & Sen, 2018a, 2018b).
However, there is very little understanding of the mechan-
ism and nature of how perceptions influence human team
members’ performance, which makes the need for a robust
empirical study to investigate these concepts clear.

Importantly, this work also provides further evidence of
the impacts of perceiving a teammate as an AI; however,
this investigation is scoped beyond simple task performance
and looks at other team-specific perceptions that can impact
team effectiveness. Specifically, the broader construct of
team cognition, often operationalized through shared mental
models, maintains a well-established and veritable relation-
ship to team performance (Mathieu et al., 2000). Teams
with a high degree of similarity in their mental models are
known to execute at a higher level of performance than
teams with lower levels of similarity, acting more efficiently
to produce high-quality team outcomes. As such, the quality
of shared mental models can be considered an aspect of
team performance worthwhile to study the influence that
team member perceptions have on them, especially in
human-AI teams. This assertion is bolstered by the fact that
team member perceptions exist under the umbrella of team
cognition alongside shared mental models (Cooke et al.,
2000; Klimoski & Mohammed, 1994), and the lack of exten-
sive research on shared mental models in human-AI team-
ing in the past (Hanna & Richards, 2018).

Closing the above-identified research gap will become
more critical as human-AI teams are continuously placed in
applied settings that run a broad spectrum of environmental
factors that change the number of AI teammates and the
difficulty of their tasks (Schelble et al., 2020). AI is a com-
plex and subjective concept, and individuals can vary signifi-
cantly in their knowledge and past experiences with it.
Understanding how these perceptions influence human-AI
teams is necessary to developing future human-AI teams
that work best for all potential users. Human-computer
interaction (HCI) is ideally suited to address this research
gap given the unique position of user perceptions, which
can be influenced by both the technical and humanistic
aspects of human-AI teaming. Given the novelty and
importance of perceived teammate artificiality on human
task performance and task difficulty, this research addresses
the following research questions:

1. RQ1: How does the perception of working with an AI
teammate, compared to working with a human

teammate, influence human-task performance based on
the difficulty of the task?

2. RQ2: How does the perception of working with an AI
teammate, compared to working with a human team-
mate, influence overall team cognition?

The current study addresses these research questions
using an experimental study with two conditions of per-
ceived teammate artificiality through three stages of task dif-
ficulty. Each condition of perceived teammate artificiality
completed fifteen rounds of the human-AI task
simulation known as “IIHAT” (Implicit Interaction for
Human-Autonomy Teams) (Musick et al., 2021). The study’s
quantitative findings display the effects of perceived team-
mate artificiality and its interaction with task difficulty on
human task performance while highlighting the effect of
perceived teammate artificiality on the development of
shared mental models and perceived team cognition.

This research contributes to HCI research on human-AI
teams in three significant ways: (1) advancing the forward-
facing research on human-AI teams within the context of
HCI by investigating the relationship of perceived teammate
artificiality on human task performance and shared mental
model development; (2) building upon the existing HCI
research on the effects of perceptions on team outcomes like
task performance within environments involving interaction
with an AI teammate; (3) providing valuable conclusions on
how the effect of human teammates perception of an AI
teammate on human task performance is moderated by task
difficulty changes.

2. Related work

2.1. Human-AI teaming and its challenges

Human-AI teaming is rapidly becoming a major research
domain (O’Neill et al., 2020) as researchers work to get
ahead of the massive rollout of applied human-AI teams
into the workforce (Allam & Dhunny, 2019; Schelble et al.,
2020; Wilson & Daugherty, 2018). Such teams, are defined
by an AI driven artificial entity working with one or more
human teammates towards a common goal from a unique
role within the team that is interdependent upon the other
teammates, all while maintaining a significant degree of self-
agency (O’Neill et al., 2020). These AI should be seen as
full-fledged teammates and not merely as simple “tools” at
the team’s disposal. Human-AI teams operating according to
these standards have not only been shown to be possible in
past research but have also been shown to be capable out-
performing traditional human-human teams (McNeese
et al., 2018).

The potential for human-AI teams is extensive, with
applications ranging from city management to applied man-
ufacturing and cyber security (Allam & Dhunny, 2019;
Mabkhot et al., 2018). Many of the strengths offered by
human-AI teams come from humans’ and agents’ ability to
compensate for each other’s weaknesses. For example,
agents’ are superior at quickly analyzing large data sets and
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providing detailed information on said data. However,
humans are better at taking that information and making
sense of it, identifying potential biases, and using intuition
and experience to reach higher order conclusions (Dorton &
Hall, 2021). The potential for taking advantage of these
strengths has made human-AI teaming and collaboration
a significant emerging research requirement in HCI
(Stephanidis et al., 2019). However, the differences between
human and AI teammates are still stark and can cause prob-
lems, with communication ability being the most obvious
example. AI agents are significantly lacking in their ability
to engage in natural language communication with humans
(Young et al., 2018), which has hindered human-AI teams’
ability to outperform human-human teams because of lack-
luster information sharing (O’Neill et al., 2020). Human
teammates are also aware of these differences and weak-
nesses, actively making fewer attempts to engage in commu-
nication of any kind and indicating lower levels of team
cognition (Musick et al., 2021).

Unfortunately, there has been a plethora of evidence to
support the assertion that humans hold a negative percep-
tion of AI teammates and even AI agents in general. For
example, merely believing that the pilot of an unmanned
aerial vehicle was autonomous made it more difficult for
those teams to plan with one another (Demir et al., 2018),
and trusted AI significantly less than a human doctor when
receiving medical advice (Yokoi et al., 2021). Humans have
also been found to adopt a neo-feudalistic view of AI team-
mates (i.e., unequal rights) when playing games with them
(Wehbe et al., 2017). Such negative perceptions are not
entirely surprising as it has been found that humans expect
the same kind of teaming behaviors that they would exhibit,
like shared understanding and comprehensive communica-
tion (Tokadl i et al., 2021; Zhang et al., 2021). AI teammates
in their current state are unable to reciprocate many of these
advanced team functions, which presents a frustrating chal-
lenge for human teammates attempting to work with one or
several AI teammates. Human teammates’ frustrations can
then affect team interaction patterns, unfavorably altering
team processes and outcomes (Fiore et al., 2001; Resick
et al., 2010), which makes it difficult for human-AI teams to
reach their full potential. Characterizing the influence of AI
teammate perceptions on teaming outcomes like perform-
ance and processes like team cognition is necessary to
develop more effective human-AI teams. Specifically, using
that information to inform the development of better
human-AI team training and AI design.

2.1.1. Team cognition in Human-AI teams
Team cognition is another construct of teaming related to
team outcomes, which the current paper analyzes as an
aspect of performance. Team cognition encompasses the is
an emergent team construct that is developed and shaped by
processes that include learning, planning, reasoning, decision
making, problem-solving, remembering, implicit coordin-
ation, and assessing situations (Cooke et al., 2013; McNeese
et al., 2021). The construct of team cognition is traditionally
studied and operationalized through two approaches: (1)

knowledge (e.g., shared mental models; (Converse et al.,
1993)), and (2) ecological interaction (e.g., interactive team
cognition; (Cooke et al., 2013)). Most research is on the for-
mer, wherein shared mental models involve” an organized
understanding or mental representation of knowledge that is
shared by team members” (Mathieu et al., 2005) (p. 38).
Naturally, to be effective, team members must develop both
task and team mental models, which involve understanding
both the system and team in which they operate, respect-
ively (Converse et al., 1993). The current study includes
shared mental models as an aspect of performance as they
are known to promote efficient team coordination and
action sequences in human-human teams (LePine et al.,
2008; Stout et al., 2017), which is the predominant applica-
tion of agent teammates in previous teamwork studies
(Chen et al., 2017; McNeese et al., 2021).

As an emergent team process, there is empirical evidence
demonstrating that changes in team composition can have
significant influences on aspects of team cognition (Gorman
& Cooke, 2011). Specifically, mixed composition teams had
longer communication periods, which is indicative of more
effective team cognition in the interactive team cognition
model (Gorman & Cooke, 2011). Considering the nature of
AI’s disadvantages as a teammate (e.g., unable to understand
natural language processing and develop shared mental
models with human teammates by themselves), team cogni-
tion is likely influenced in some respect with the addition of
AI teammates. The limited existing research on team cogni-
tion in human-AI teams has found that team cognition in
human-AI teams benefits greatly from multiple communica-
tion modalities (i.e., verbal and non-verbal) (Hanna &
Richards, 2018) and when AI is made aware of their human
teammates’ current cognitive load (Fan & Yen, 2010).
Additionally, human-AI teams have tended to exhibit more
inconsistency in their shared team mental model similarity
than human-human teams (Schelble et al., 2022). These
studies emphasize the altered nature of team cognition in
human-AI teams, such that team cognition and its develop-
ment over time may not be exactly the same as in human-
human teams. Given the significant relationship that team
cognition is known to have with several team processes and
outcomes, including performance (Mathieu et al., 2000;
Mohammed et al., 2010), understanding team cognition in
human-AI teams will contribute to more effective human-AI
teams with efficient coordination and communication.

2.2. The influence of perception within human-AI teams

Perceptions in human-AI teams are also essential to con-
sider in the current state of human-AI teaming research
because of their significant effect on typical teaming func-
tions like backup behaviors, coordination, and anticipation
(Demir et al., 2018; Hanna & Richards, 2018; Musick et al.,
2021). Perceptions can change the way human team mem-
bers see themselves, their teammates, and the team as a
whole, subsequently affecting their willingness to engage in
cooperative behavior (Walliser et al., 2017). Accordingly,
teams with individuals carrying negative perceptions of the
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team as a whole, its goal, or other teammates will lead to
problematic execution of action stage tasks (Demir et al.,
2018; Schmidt et al., 2014; Stout et al., 1999, 2017). The
action stage is a key area of teaming and involves processes
like monitoring, coordination, and backup behaviors, which
are all essential to effective teamwork and taskwork (Marks
et al., 2001). This inability to efficiently execute during
action stage tasks directly contributes to the reduction in
performance for some human-AI teams, as seen in Demir
and colleagues 2018 work (Demir et al., 2018).

Introducing AI teammates affects human teammates
through individual-level factors, impacting their abilities and
work styles (Resick et al., 2010). This phenomenon is not
uncommon as traditional human-human teams are also
influenced by changes to team composition. For example,
team composition can influence situational awareness
(Gorman et al., 2006), team performance (Spotts & Chelte,
2005), and even team cognition (Gorman & Cooke, 2011).
However, the effects of team composition on these team
processes and outcomes can be dependent upon the diffi-
culty of the task the team must overcome to achieve their
shared goal (Bowers et al., 2000). Specifically, teams that are
homogeneous in composition (i.e., gender, attitude, ability,
personality) tend to perform better in lower difficulty tasks,
but heterogeneous teams typically attain higher performance
in higher difficulty tasks (Bowers et al., 2000). It is unknown
how task difficulty interacts with perceived teammate artifi-
ciality in human-AI teams and if evidence from traditional
human-human teams in this area is even applicable. This
question is important to answer as human-AI teams are pre-
dicted to operate across a vast spectrum of situational con-
texts of varying difficulty (Allam & Dhunny, 2019; Schelble
et al., 2020; Wilson & Daugherty, 2018).

3. Methods

The current research study reports on an experiment in
which a triad team of all-humans and a triad team of two
humans and a single agent (implemented using the Wizard
of Oz (WoZ) approach) coordinated together while engaging
in a proprietary task simulation known as “IIHAT” (Implicit
Interaction for Human-Autonomy Teams), developed expli-
citly for human-agent teaming research. The WoZ method-
ology simulates an AI agent using a human confederate,
unbeknownst to the human participants involved in the
experiment (Kelley, 1983, 2018). This design effectively iso-
lates the effects of perceptions of working with an AI agent,
allowing for a more compelling examination of how percep-
tions may affect team-related variables. Additionally, teams
of three were chosen as they have a few advantages over
dyad teams when studying complex team constructs like
team cognition due to the increased level of complex group
collaboration (Amon et al., Moreland, 2010; Williams, 2010).
Triad teams are also widespread in other human-AI teaming
research as they represent the lowest number of participants
necessary to achieve those complex group interactions
(Demir et al., 2018; McNeese et al., 2018; Musick
et al., 2021).

Participants were not allowed to communicate verbally or
textually during this experiment. The choice to disallow
communication was made to isolate the effects of implicit
coordination (Entin & Serfaty, 1999; Hanna & Richards,
2014, 2015; Shively et al., 2017) in human-human teams vs.
human-agent teams and to ensure participants believed the
agent was a true AI. Additionally, a trend towards focusing
on implicit communication has received attention in applied
human-machine research (Aubert et al., 2018), where impli-
cit communication is defined as any action utilized to con-
vey an agent’s planned intentions (does not verbalize or use
written language). The study implemented two experimental
conditions for a 1� 2 design with perceived teammate artifi-
ciality being the independent variable (see Table 1).
Accordingly, this experimental design allows the effects of
perceived teammate artificiality on human team processes
and outcomes to be effectively studied.

3.1. Participants

Seventy-five undergraduate participants were recruited from
the subject pool of a large university in the United States,
resulting in 30 total teams completing the experiment.
Fifteen teams participated in each condition. Each team
completed the hour and a half session and received course
credit as an incentive for their participation.

3.2. IIHAT Simulation task

Participants completed a simulated team task called
“IIHAT” (Implicit Interaction for Human-Autonomy
Teams), which has been used in past research (Musick et al.,
2021). This task was developed explicitly for human-agent
teaming research and did not allow communication between
players to isolate the effect of implicit communication on
team cognition and human-agent teams (Entin & Serfaty,
1999; Hanna & Richards, 2014, 2015; Shively et al., 2017).
This control on communication also ensured that the partic-
ipants did not suspect the AI teammate as a human given
the difficulty that AI has with natural language processing
(Young et al., 2018).

The goal of the IIHAT simulation is to collect six objec-
tives from a fictitious island to escape in as few moves as
possible. The simulation was developed for three players
with a player beginning in the top left, bottom left, and bot-
tom right of each map as seen in Figure 1. The simulation
introduced interdependence between the players by giving
each player a unique ability to access a restricted area of the
map where objectives were located. The simulation displayed
the map in real-time with the objectives’ locations, all three
players’ locations, restricted map areas, and an information
panel on the far right conveying important information like
the team’s current number of collective moves. The number

Table 1. Experimental conditions.

Condition number Team composition Teams

Condition 1 (HHH) Human-Human-Human 15
Condition 2 (HHA) Human-Human-Agent 15
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of moves increases as each team member makes their move
during their respective turn; however, a team member may
skip their turn by pressing T. Turns were taken in numerical
order going from Player 1, Player 2, Player 3, and then
reverted to Player 1 to repeat the cycle.

Each map developed for the IIHAT simulation contained
six objectives for teams to collect before continuing. Three
objectives were located in a restricted area and had to be
collected by the player with the corresponding ability, while
the other three were located in a neutral brown area access-
ible to all players. The objectives located in the neutral area
were placed equidistant between each pair of players in
order to encourage interaction and implicit coordination
between team members (Entin & Serfaty, 1999; Hanna &
Richards, 2014, 2015). After pilot testing the simulation
with participants, three-second pauses to gameplay after
every third turn and a five-second pause at the start of each
map were implemented to slow the pace of play, allowing
players to analyze past action and plan a future strategy for
the new game state.

Finally, the IIHAT simulation in the current experiment
consisted of fifteen unique maps. The first five maps were
“easy” difficulty, the second five maps were “medium” dif-
ficulty, and the final five maps were “hard” difficulty.
Higher difficulty maps necessitated more advanced team-
mate coordination through additional interaction and
interdependence. As such, the IIHAT simulation was
developed to ensure high levels of teammate interdepend-
ence by presenting a shared goal to each team member to
accomplish using the implicit non-verbal communication
necessary to carry out a coordinated strategy and develop
effective shared mental models (Saavedra et al., 1993; Ven
et al., 1976).

3.3. AI teammate

The AI agent was implemented using the Wizard of Oz
(WoZ) approach, which simulates the agent’s actions while
completing the simulation with the participants. The WoZ
methodology uses trained human confederates to portray a
feature of technology (AI/communication) that participants
will see and believe is genuinely the technology’s behavior/
communication (Kelley, 1983, 2018). Two trained experi-
menters took the agent’s role following a pre-defined proto-
col to maintain a consistent performance between teams
while retaining the ability to react appropriately to the
actions and decisions of the participant teammates. This
protocol allowed the WoZ agent to maintain extremely high
levels of consistency between teams with a standard devi-
ation of 1.2 moves across all fifteen maps and teams. A
WoZ agent was not used in the HHH condition to improve
the ecological validity of the all-human condition (by allow-
ing for a real human teammate).

The agent teammate was described to participants as an
AI trained to complete the task as efficiently as possible
hosted on an online database. No other information was
given to the participants about the agent’s ability to com-
plete the task. This control on information was done to
ensure the opinions they formed throughout the simulation
were based on their own experiences and not affected by the
experimental protocol.

3.4. Procedure

Participants arrived at the study session they signed up for
and provided informed consent prior to participating in the
experiment. This study was reviewed and approved by the

Figure 1. The interface of the IIHAT simulation.

INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION 5



Clemson University Institutional Review Board under
approval number 2019-280. Participants were randomly
assigned to a condition and completed the pre-task survey.
The pre-task survey collected demographic information and
participants’ general acceptance of AI. Once the pre-task
survey had been completed, the participants received a
handout describing the IIHAT simulation task, scenario, and
instructions. Participants were also told that they could not
communicate textually or verbally throughout the IIHAT
simulation task but were primed that implicit communica-
tion through action and inaction could convey intention.
Before beginning, the participants in the HHH condition
were told they would be working together to escape from a
deserted island by collecting objectives as efficiently (in as
few moves) as possible. Objectives were presented as highly
visible and simple circles with a large X painted over them
as seen in Figure 1 collected automatically by moving the
character into the same tile as the objective. HHA teams
were given the same instructions except that they were
repeatedly told that they would be working with an AI agent
teammate as their third teammate (Player 3). The IIHAT
simulation task took roughly twenty-five minutes to complete
in its entirety (prior studies have shown this amount of time
to be adequate to develop team cognition (McNeese et al.,
2021; Musick et al., 2021). Once the IIHAT simulation task
was completed, the participants completed a post-task survey
that collected information on their task and team mental
models, perceived team cognition, and perceived team per-
formance. Finally, a researcher was on hand to ensure the
instructions were followed throughout the experiment.

3.5. Measures

3.5.1. Individual human task performance
Human task performance was measured by taking the aver-
age of all human teammates’ moves and did not include the
moves made by the WoZ confederate in the HHA teams,
allowing the study to strictly examine only the human team-
mates response to working with a perceived AI teammate.
Human task performance was calculated in this manner for
all fifteen maps, and overall human task performance was
calculated as the average for all maps, and each level of diffi-
culty was calculated by taking the average for the respective
set of five maps. A lower number of moves represents more
efficient performance.

3.5.2. Task and team mental models
Mental models were elicited from participants using paired
sentence comparison (Bradley & Terry, 1952; Mathieu et al.,
2000). This method was chosen due to its reliability and rec-
ommendation for use based on its ability to elicit mental
models (Mohammed et al., 2010). The method follows the
procedure and examples outlined in the seminal paper by
Mathieu and colleagues and expounded upon by others
(DeChurch & Mesmer-Magnus, 2010; Langan-Fox et al.,
2000; Mathieu et al., 2000). Each participant was tasked with
comparing the relationships between various task and team-

related attributes as positively related (more of one requires
more of the other), not related, or negatively related (more
of one requires less of the other). For the task mental model,
the attributes were generated by conducting a detailed task
analysis with two subject matter experts (simulation design-
ers): (a) amount of information, (b) quality of information,
(c) role/responsibility, (d) interaction patterns, (e) communi-
cation channels, (f) role interdependencies, (g) information
flow, (h) teammates’ knowledge, (i) teammates’ skill, (j) team-
mates’ attitudes, (k) teammates’ preferences, (l) teammates’
tendencies. The attributes team mental model attributes
came from past literature (Lee & Johnson, 2008; Mathieu
et al., 2000): (a) identify location of objectives, (b) identify the
objective you are responsible for, (c) predict which paths your
teammates will take, (d) plan a path to your own objective,
(e) determine if extra objectives are on your path, (f) adapt to
your teammates movements.

3.5.3. Mental model similarity
Mental model similarity within a team was measured using
the Pathfinder network-scaling algorithm (Schvaneveldt,
1990), a common practice in shared mental model research
(Cooke et al., 2003; Mohammed et al., 2000, 2010; Stout
et al., 1999). This program uses the matrices produced by
the participants’ pair-wise comparisons to create graphical
representations of mental model networks. A node repre-
sents each concept, and the assessed relationship represents
each link between the nodes. The resulting comparisons
were entered into Pathfinder, which then provided a net-
work similarity score between each dyad within a team,
ranging from 0 (indicating no similarity) to 1 (indicating
perfect similarity). Teams of three humans had each dyad
assessed and then averaged, a common practice in
Pathfinder/UCINET shared mental model research (Lim &
Klein, 2006; Santos et al., 2015).

3.6. Perceived team cognition

Perceptions of team cognition. Measuring the perceived level
of team cognition within teams and the perceived level of
team cognition with humans and AI agents was completed
using the Teamwork Schema Questionnaire (Pape, 1998;
Rentsch et al., 1998). The survey-based measure asked par-
ticipants to rate a series of statements based on how import-
ant each statement was to their idea of teamwork. They
then completed the measure again but were asked to assess
what they thought each statement meant to their teammate’s
idea of teamwork (participants assessed human and AI agent
teammates separately). This series of questionnaires allowed
a measure of congruence to be assessed by taking the abso-
lute difference (Cronbach & Gleser, 1953) between partici-
pants’ own opinions of teamwork and their assessment of
their teammate’s opinions on teamwork. Scores were aver-
aged by the number of comparisons made on the team,
placing all scores for this measure from 0 to 84, with lower
values indicating higher levels of perceived team cognition.
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3.7. General acceptance of AI

Because the current study centered around participants’ per-
ceptions of artificial teammates, their general acceptance of
AI was taken to act as a covariate when necessary. General
acceptance of AI was measured using a modified version of
the UTAUT (Pontiggia & Virili, 2010), which replaced the
term “technology” with “AI.”

4. Results

The following quantitative findings are split into two sec-
tions, the first focusing on objective human task perform-
ance and the second focusing on measures of team
cognition. Together the results of these analyses address the
overarching research question the current study investigates.
Specifically, the first section addresses RQ1, while the second
section focuses on RQ2. Statistical assumptions for tests
were met for each analysis unless stated otherwise, and gen-
eral acceptance of AI was implemented as a covariate when
its effect on the data neared significance (p <.10) (Table 2).

4.1. Human task performance

A repeated-measures ANOVA was run to determine the
effect of perceived teammate artificiality and task difficulty
on human task performance in human-AI teams, directly
addressing RQ1. The main effect of task difficulty on human
task performance was found to be significant (Fð2, 56Þ ¼
509:70, p < :001, g2p ¼ :95). Holm corrected post-hoc tests on
the main effect of task difficulty revealed that the effects of
all three levels of task difficulty were significantly different
from one another (p< 0.001). Specifically, participants per-
formed best in easy difficulty tasks (M ¼ 108:58, SE ¼ :493),
worst in hard difficulty tasks (M ¼ 130:39, SE ¼ :493), and
in between for medium difficulty tasks (M ¼ 121:64,
SE ¼ :493), which was expected and indicates a successful
manipulation of task difficulty. The main effect of perceived
teammate artificiality on human task performance was also
found to be significant (Fð1, 28Þ ¼ 8:25, p < :01, g2p ¼ :23),
specifically, the the HHA condition (M ¼ 121:04, SE ¼
:413), performed significantly worse than the HHH condi-
tion overall (M ¼ 119:36, SE ¼ :413).

The interaction between perceived teammate artificiality
and task difficulty was also found to be significant and was
disordinal in nature (Fð2, 56Þ ¼ 37:58, p < :001, g2p ¼ :57).
Post-hoc analysis of the disordinal interaction effect between

task difficulty and perceived teammate artificiality using
Holm corrected tests indicated that the HHH condition had
significantly better performance on the easy maps, followed
by the medium maps and then hard maps (p< 0.001). This
trend was also true for the HHA condition (p< 0.01), which
also performed significantly worse than the HHH condition
in each difficulty and comparison (p< 0.01), except for the
hard maps (p< 0.001). The disordinal interaction occurred
in the hard maps where the HHA condition (M¼ 127.80,
SD¼ 2.07) significantly outperformed the HHH condition
(M ¼ 132:98, SD ¼ 3:30) (Figure 2).

At a high level, these results conclude that when humans
perceive that they are working with an artificial teammate, it
will negatively impact their performance and that high diffi-
culty tasks reduce their performance. However, additional
analysis investigating builds upon the findings of RQ1 and
determines that this is not always the case, leading to a
more complex conclusion of the effects of perceived team-
mate artificiality on human task performance. The disordi-
nal interaction effect is especially interesting regarding RQ1,
as participant performance is worse when humans perceive
that they are working with an artificial teammate up until
they work on hard difficulty levels in the current task. This
finding lends credence to the conclusion that humans are
more receptive to agent teammates when faced with a diffi-
cult task, and this reception enables them to coordinate with
their agent teammate more efficiently. Thus, the conclusions
to RQ1 can be summed up by saying that humans’ task per-
formance is impacted by whether or not they perceive their
teammate to be an agent; however, whether that impact is
beneficial or harmful is based on the difficulty of the task
they were completing with their agent teammate.

4.2. Team cognition

In addition to understanding the effects of perceived team-
mate artificiality and task difficulty on humans’ task per-
formance, this study also evaluates how it can impact the
formation of team cognition (RQ2), an essential component
of team development and performance. This analysis is bro-
ken up into three components of team cognition: (1) the
convergence of mental models for team-related knowledge,
(2) the convergence of mental models for task-related know-
ledge, and (3) the perceived team cognition participants
reported. Finally, three exploratory mediation models were
tested to assess the mediating effect of human task perform-
ance in varying task difficulties on the team’s perceived
team cognition levels. Each of these components individually
provides a comprehensive analysis on the outcome of team
cognition to thoroughly answer RQ2.

4.2.1. Team mental model similarity
For (1), a one-way ANCOVA was run to test the effect of
perceived teammate artificiality on participants’ team mental
model convergence while controlling for participants general
acceptance of AI (p¼ 0.052) (Figure 3). The ANCOVA
neared significance (Fð1, 27Þ ¼ 3:89, p ¼ :059, g2p ¼ :13)

Table 2. Mean and standard deviations for dependent variables.

HHH HHA

Measure Mean (N) SD Mean (N) SD

Total Human Task Performance 357.73 (15) 4.70 362.93 (15) 5.05
Easy Map Human Task Performance 106.27 (15) 2.30 110.90 (15) 1.40
Medium Map Human Task Performance 118.84 (15) 2.75 124.43 (15) 3.70
Hard Map Human Task Performance 132.98 (15) 3.30 127.80 (15) 2.08
Perceived Team Cognition 7.02 (15) 3.07 10.13 (15) 4.77
Team Mental Model Similarity 0.31 (15) 0.09 0.26 (15) 0.09
Task Mental Model Similarity 0.50 (15) 0.13 0.52 (15) 0.13
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indicating that 13% of the variance in team mental model
convergence could be explained by perceived teammate arti-
ficiality. Specifically, participants that perceived their third
teammate as artificial trended towards having lower levels
(M ¼ :255, SD ¼ :09) of team mental model convergence
than participants that were told their teammate was human
(M ¼ :26, SD ¼ :09). These results, while not significant,
demonstrate that the knowledge of a teammate’s artificiality
may potentially serve as a roadblock that either prevents or
slows down humans’ ability to converge their team mental
model with their other human teammates.

4.2.2. Task mental model similarity
For (2), an independent samples t-test was conducted to
determine the effect of perceived teammate artificiality on
the convergence of task mental models (Figure 4).
Participants that were told their third teammate was

Figure 2. Measures of human task performance. (a) Human task performance for each team condition across easy, medium, and hard map difficulties. Please note
that the higher the number of moves taken to collect the objectives the poorer the performance. Error bars denote 95% confidence intervals. (b) Overall human
task performance for each team condition. Error bars denote 95% confidence intervals. (c) Overall human task performance for each team condition. Error bars
denote 95% confidence intervals.

Figure 3. Team mental model similarity for both team conditions. Error bars
denote 95% confidence intervals.
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artificial (M ¼ :52, SD ¼ :13) had higher task mental model
convergence than teammates that were told they were work-
ing with a human (M ¼ :50, SD ¼ :13) but this difference
was not statistically significant tð28Þ ¼ :42, p ¼ :677, d ¼ :15:
The 95% confidence interval for the mean difference was
(�.12,.08). This insignificance is especially interesting given
the nearly significant difference found in their team mental
model similarity. This contrast in results may suggest that
the roadblock created by one’s knowledge of their team-
mate’s artificiality may only impact the convergence of
team-related mental models and that effect may not boil
over into task-related shared knowledge.

4.2.3. Perceived team cognition
For (3), an independent samples t-test was conducted to
assess the effect of perceived teammate artificiality on teams’
perceived amount of team cognition. Participants that per-
ceived their third teammate as artificial (M¼ 10.13,
SD ¼ 4:77) perceived lower (higher scores are worse for this

measure) levels of team cognition than those that believed
they were working with a human teammate (M ¼ 7:02,
SD ¼ 3:07), and this difference was significant tð28Þ ¼
2:12, p < :05, d ¼ :78: The 95% confidence interval for the
mean difference was (�6.11, �.11).

The experimental design also allowed for an analysis of
perceived team cognition with human teammates and with
AI teammates to be analyzed using an independent samples
t-test. Due to significant heteroscedasticity between the two
perceived teammate conditions, a Welch corrected t-test was
utilized. The average perceived team cognition for AI team-
mates (M ¼ 14:33, SD ¼ 8:12) was greater (higher scores are
worse) than that of human teammates (M¼ 6.48,
SD ¼ 2:96) and this difference was statistically different
tð15:88Þ ¼ 3:63, p < :01, d ¼ 1:29: The 95% confidence
interval for the mean difference was (�12.45, �3.26).

Finally, three mediation models were tested to investigate
if the significant effect of perceived teammate artificiality on
perceived team cognition was mediated by task difficulty,
further answering RQ2 (Figure 5). This exploratory analysis
was conducted based on the mediating effect of team
dynamics on the relationship between perceived team cog-
nition and team performance (Aub�e et al., 2015), which
the current study seeks to build upon by characterizing
the influence of perceived teammate artificiality and task
difficulty. Additionally, from a theoretical standpoint, the
participants’ perception of team cognition represents a sub-
jective retrospective evaluation of their team’s experience
while performing the task. As such, the following medi-
ation analyses model how human task performance in
varying task difficulties mediates the significant relationship
between the independent variable of perceived teammate
artificiality and the participants’ post-task perception of
team cognition. Each mediation model was computed
using the JASP mediation software (Love et al., 2019),
which is based on the lavaan structural equation modeling
package for R (Rosseel, 2012). Models were estimated
using 5,000 maximum likelihood bootstrapped samples,
delta method standard errors, and bias-corrected percentile

Figure 4. Task mental model similarity for both teaming conditions. Error bars
denote 95% confidence intervals.

Figure 5. Measures of perceived team cognition. (a) Perceived team cognition for both team conditions. Error bars denote 95% confidence intervals. (b) Perceived
team cognition for human and AI teammates. Error bars denote 95% confidence intervals.
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bootstrapped confidence intervals as outlined by Biesanz
and colleagues (Biesanz et al., 2010).

The first mediation model testing the indirect effect of
human task performance on easy difficulty maps was
found to be insignificant (z ¼ �1:32, p ¼ :187); however,
the second mediation model testing the indirect effect of
human task performance on medium difficulty maps was
found to be significant (z ¼ 1:98, p < :05). The effect of
perceived teammate artificiality on perceived team cogni-
tion was significantly mediated by human task perform-
ance on maps of medium difficulty. As Figure 6 illustrates,
the standardized parameter estimate between perceived
teammate artificiality and perceived team cognition was
significant (1.3) along with the standardized parameter
estimate between human task performance on medium dif-
ficulty maps and perceived team cognition (.46). The
indirect effect was (1.3) � (.46)¼ .60. The standardized
indirect effects were computed for each of the 5,000 boot-
strapped samples, and the 95% confidence interval was cal-
culated using the indirect effects at the 2.5th and 97.5th
percentiles. The bootstrapped standardized indirect effect
was .60, and the 95% confidence interval had a minimum
of .07 and a maximum of 1.5, which excluded zero and
indicated that the indirect effect was significant (p < :05).
Lastly, the mediation model analyzing the mediation effect
of hard map human task performance was insignifi-
cant (z ¼ �0:347, p ¼ :729).

In response to RQ2, the results of the current analyses
indicate that shared mental model similarity was not sig-
nificantly influenced by perceived teammate artificiality.
However, participants nonetheless believed that working
with an AI teammate was detrimental to their team’s
shared understanding. While no definitive conclusions
can be made regarding the apparent disparity between
shared mental model similarity and perceived team cog-
nition, it is possible that perceiving a teammate as artifi-
cial influences the various components of team cognition
differently. Lastly, the interpretation of these exploratory
mediation model analyses highlights that human-agent
teams can suffer from the same mismatch between

objective performance and subjective perceptions that
human-only teams experience (Baugh & Graen, 1997). In
the case of the current study, the significant mediating
influence of human task performance on medium maps
between perceived teammate condition and perceived
team cognition contrasts with the significantly higher
human task performance on hard maps for HHA teams.
This mismatch suggests that human performance in tasks
with the “just right” difficulty has the most significant
influence over teams’ perceived shared understanding.
Alternatively, human task performance in easy tasks may
be seen as too simple to be formative to team percep-
tions, while hard task difficulties may be too discouraging
and or mentally demanding. Additionally, while the sig-
nificant mediation effect above is technically a full medi-
ation, it is important to state that true cases of total
mediation are unlikely due to issues of power and the
likely complexity of the true interaction between variables
(Hayes, 2017).

In summary, the above results provide important and
interesting insights into how humans’ knowledge of whether
or not their teammate is artificial can have direct impacts
on a variety of critical teaming factors. First, answering RQ1
demonstrated that humans’ actual task performance could
be impacted by their knowledge of whether or not their
teammate is human. A significant interaction effect also
revealed that these impacts are not entirely constant and can
fluctuate from harmful to beneficial based on the task’s diffi-
culty. Second, answering RQ2 demonstrates the consistently
negative impacts that knowing a teammate is artificial can
have on the development of team cognition; however, it is
interesting to note that these effects are not consistent across
different components of team cognition and are mediated
by human task performance on specific task difficulties
(namely medium). Overall, the above results provide fasci-
nating insights into the field of human-agent teaming that
have significant implications for how agent teammates
should be incorporated into teams.

Figure 6. Mediating effect of medium map human task performance between perceived teammate artificiality and perceived team cognition. Note. Predictor vari-
able is the categorical independent variable of perceived teammate artificiality, with a perceived human teammate coded as 0 and a perceived AI teammate coded
as 1. Test of the indirect effect: (z ¼ 1:98, p < :05).
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5. Discussion

The current study investigated the effects of perceived team-
mate artificiality on human task performance and cognition
based on the difficulty of tasks. Specifically, we explored the
differences in (1) human task performance and (2) team
cognition between human-agent (HHA) and human-only
teams depending on task difficulty. It is important to note
that all of the purported AI agents in this research were all
humans, which was critical to ensuring the measured effects
were brought on only by the mere perception of the team-
mate. Thus, in the HHA condition, each human believed
that they were one of two humans playing with the third AI
teammate. In reality, all were humans akin to the partici-
pants in HHH condition as the confederate researcher por-
traying the AI teammate followed a script that mimicked
human task performance (in place of expert-level AI agent
performance (Foerster et al., 2018)). Furthermore, we did
not allow communication between players to isolate the
effect of implicit communication on team cognition and
human-agent teams, and ensure participants, especially those
within the HHA condition, did not suspect the AI teammate
as a human (Entin & Serfaty, 1999; Hanna & Richards,
2014, 2015; Shively et al., 2017; Young et al., 2018).

The differences observed between the two conditions
were a direct consequence of the perception of working with
AI teammates rather than limited capabilities or different
behavioral patterns used by AI, as outlined previously.
Specifically, RQ1 found that the perception of working with
an AI teammate negatively influences human task perform-
ance in human-AI teams. However, this effect was moder-
ated by task difficulty such that hard difficulty tasks
reversed the trend, and the perception of an AI teammate
significantly improved human task performance. RQ2 found
no significant effect of perceived teammate artificiality on
shared mental model similarity but did find a significant dif-
ference between the two perceived team conditions in per-
ceived team cognition. Teams that perceived their third
teammate as an AI had significantly less perceived team cog-
nition, and, overall, participants perceived more team
cognition with human teammates than the perceived
AI teammate. Additionally, human task performance in
medium-difficulty tasks was the most influential factor in
determining how participants rated their teams perceived
team cognition.

5.1. Utilizing AI teammates to overcome difficult tasks

AI teammates bring several challenges to the table for
human teammates whenever they operate in human-AI
teams, with major limitations to communication ability and
their potential to develop shared understanding (Cooke
et al., 2013; Young et al., 2018). Humans expect AI team-
mates to have at least a basic ability to engage in these
human-like behaviors (Zhang et al., 2021), if not excel at
them. However, human teammates know that AI teammates
are not currently capable of effectively engaging in these
behaviors and must therefore adapt their own behavioral

and communication patterns to accommodate these
differences.

The current study’s results indicate that even when
behavioral and communication limitations are taken away,
and all teammates are placed on a level playing field, human
task performance is still significantly impacted by the simple
perception that they were working with an AI teammate.
This finding is significant because a behavior is emerging
from the human teammates’ perception that they are work-
ing with an AI agent, and it has a meaningful effect on their
performance. Prior research has hinted that this could be
due to differences in perception, communication, and trust
in the capabilities of AI agents (Demir et al., 2018; McNeese
et al., 2021; Musick et al., 2021; Walliser et al., 2017).
Specifically, Demir and colleagues found that believing a
teammate is artificial makes it more difficult for human-
agent teams to plan and effectively anticipate their team-
mates’ needs (Demir et al., 2018). This negative effect is
partially because humans crave more social interaction when
working in teams, which unfortunately AI teammates are
not able to adequately facilitate (Walliser et al., 2017).
However, the current study does not include any of these
variables, indicating that the effect goes beyond negatively
affecting team processes and exists at a fundamental level
within the cognition of humans participating in human-
AI teams.

Interestingly, this perceptual effect on human behavior
was reversed when the difficulty of the task became hard
and is not entirely expected as a recent review of human-
autonomy teaming found that such teams suffered when
exposed to greater task difficulties compared to human-
human teams (O’Neill et al., 2020). A likely explanation for
this divergent finding is that humans and AI teammates
were placed on a level playing field in terms of teammate
abilities (i.e., communication), which negated the objective
disadvantages of AI teammates and isolated the perceptual
effects instead. This finding allows for a better interpretation
of the results as it allows the effect to be studied in varying
task contexts. Specifically, this reversal could be a result of
the human team members with a perceived AI teammate
having more confidence than the perceived human-only
team purely because they thought they had an AI teammate.
Human teammates may have had more confidence in their
team’s ability to effectively perform in the hard-difficulty
tasks because they believed their AI teammate would help
their team in a way typical human teammates may not have
been able to based on its automatic and expert level capabil-
ities (de Visser & Parasuraman, 2011; Foerster et al., 2018).
This finding aligns with the trend that autonomous agents
can benefit teams under challenging environments or those
that contain a great deal of uncertainty (Demir et al., 2015;
McKendrick et al., 2014; de Visser & Parasuraman, 2011).
With the supervision of unmanned air vehicles (UAV),
McKendrick and colleagues (McKendrick et al., 2014) found
that autonomous agents or decision aids can improve team
performance under high task load (i.e., hard task difficulty).
This finding is partly due to improved working memory
capacities of human-agent teams, with the autonomous
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agent being able to harbor a higher working memory cap-
acity than humans and ultimately direct and use it to exe-
cute complex tasks. With this study, we build on this prior
work, with the finding that, specifically, that task difficulty
should be considered when choosing to implement a trad-
itional human-human team or a human-AI team.
Additionally, the benefits to performance noted in the afore-
mentioned studies can somewhat extend to human-AI teams
as a placebo since the human-AI teams in the current study
did not necessarily benefit from the decreased workload and
increased working memory offered by real expert level
agents in those previous studies.

Based on the current findings, it appears that the general
prior knowledge of AI teammates’ high taskwork abilities
alone is enough of a placebo to enhance human task per-
formance in specific high difficulty tasks. This finding
extends previous literature by showcasing that participants’
that simply believe their team is diverse in AI teammate
membership have an apparent advantage in high difficulty
tasks over teams that believe their membership is homoge-
neous. This trend is seen in human-human teams where
diverse (i.e., personality and gender) heterogeneous teams
outperform homogeneous teams in high difficulty tasks
(Bowers et al., 2000). Overall, in our work, we show that
whether or not human-AI teams are better than human-
only teams can depend on the difficulty of the task (e.g.,
using robots for hazardous environments). This finding also
serves as an example of leveraging the known advantages
offered by AI teammates instead of focusing on their afore-
mentioned shortcomings; however, a deeper exploration is
needed to clearly understand what tasks humans perceive as
difficult to better inform the practicality of a human-agent
team-up. For example, humans may find a variety of opti-
mization problems in supply chain management exceedingly
difficult to tackle without help from an AI teammate, while
more creative tasks like conceptualizing the consequences of
a particular manufacturing layout on employee morale and
efficiency are still complex but manageable for experienced
employees. It is likely that task difficulty, especially hard
tasks, exist on a gradient and can range from nearly impos-
sible without an AI teammate, to more reasonable hard dif-
ficulty tasks like those mentioned previously. Future
research should investigate humans perceptions of hard dif-
ficulty tasks to better understand how humans perceive such
tasks and whether the effects noted in the current study
change based on those perceptions.

5.2. Accounting for the potentially negative impacts of
AI teammates on team dynamics and team cognition

The current study also investigated the influence of per-
ceived teammate artificiality on team cognition, which pro-
duced mixed results. Specifically, while no significant effect
of perceived teammate artificiality on shared mental model
similarity was found, the perceived level of team cognition
was significantly affected. This finding continues to add to
the growing body of evidence that humans find it difficult
to perceive AI as full teammates despite their rapidly

expanding abilities. It would seem their continued deficien-
cies in developing shared understanding, communication,
and human-like social behavior serve as extremely limiting
factors. These specific deficiencies are highlighted based on
recent research that found humans frequently teaming up
with AI list these characteristics as their most desired from
AI when working together with them (Zhang et al., 2021).
These deficiencies are also highly related to the development
and usage of team cognition in human-AI teams.
Specifically, Liang and colleagues emphasize the fact that
teams need to communicate in order to establish and main-
tain common ground for the purpose of agreeing on joint
intentions and shared goals (Liang et al., 2019, p.10).
Otherwise, human team members tend to silo the AI based
on the perception that communication (implicit or explicit)
with the agent is pointless and unpredictable. As a result,
they tend to leave the agent out of teamwork which ultim-
ately affects team performance (Liang et al., 2019; Musick
et al., 2021). Though increasing the accountability pressures
of human teammates has been shown to influence resource
exchange strategies in human-AI teams such that humans
shared more with their AI teammate (Le�on et al., 2021). The
negative findings from the current study may also extend to
HAA teams, which differ from the HHA teams in the cur-
rent study by having a team composition that is primarily
AI instead of human. A single human working alone with
multiple AI teammates may experience these same effects
but exacerbated as their typical idea of teaming and the
processes they have come to associate with it are thrown out
of the window almost entirely. Additionally, if the negative
effects are magnified the improvement in performance for
hard difficulty tasks may be negated in these teams. Further
research is necessary to explore how a sole human in a
human-AI team, whether it is a dyad (human-AI) or larger
(HAA), is affected by the change in typical team-
ing functions.

Taking steps towards overcoming the adverse effects of
perception likely lies in leveraging the presentation of the
AI, the training the humans and AI receive together and
focusing on the unique capabilities that AI teammates do
bring to the table that can offset their current limitations.
These advantages include their expert-level task ability,
which can help serve as an example of effective taskwork for
human teammates, and their ability to store and manage
vast amounts of information all at once while simultan-
eously performing other tasks. Again, these advantages
become clearer in varying task contexts and difficulties, as
was shown in the current study’s findings. However, not to
be overlooked is the finding that human task performance
in medium difficulty tasks was a significant mediator for
participants’ perception of the team’s level of team cogni-
tion. This finding extends existing literature connecting
team dynamics as a mediating factor between perceived
team cognition and human task performance (Aub�e et al.,
2015). Specifically, by including perceived teammate artifici-
ality in the category of team dynamics, the current study
finds that human task performance in medium difficulty
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tasks mediates the relationship between perceived teammate
artificiality and perceived levels of team cognition.

One interpretation of these results could be that easy dif-
ficulty tasks are too easy to significantly shape participants’
perception of their team’s shared understanding.
Alternatively, the lack of a mediating effect of hard diffi-
culty maps may indicate that these maps either came too
late to influence participants’ judgment of shared under-
standing or that hard-difficulty maps were too discouraging
and took too much cognitive load. From a practical stand-
point, these results should encourage enhanced training
programs for human-AI teams, especially for practitioners
that seek to maximize their teams’ level of perceived team
cognition, which is related to eventual team performance
(Aub�e et al., 2015). By providing positive experiences with
AI teammates in training to encourage increased levels of
trust (Hafizoglu & Sen, 2018a, 2018b), and using medium
difficulty tasks to enhance perceived team cognition,
human-AI teams can become more effective when they are
functionally deployed.

5.3. Limitations and future research

The current study has some limitations that should be con-
sidered when interpreting these results for future research or
application onto practicing human-AI teams. The first limi-
tation is the experimental design, which required all partici-
pants to not engage in any explicit communication. While
this design is necessary to isolate the effect of perceiving a
teammate as artificial, it partially limits some of the results’
practical applicability. Another limitation to keep in mind is
the task itself, which was digital and relatively simple to
examine basic effects through high levels of experimental
control. As such, these findings should be explored in add-
itional experimental task contexts and environments realistic
to real-world human-AI teaming. Future research should
also focus on uncovering additional variables that influence
the relationship between perceptions of AI teammates and
eventual human task performance. For example, individual
differences likely play a prominent role in determining just
how strongly the perception of AI teammates affects team
cognition and individual human task performance. While
the current study investigated the effect of perceived team-
mate artificiality on teams of three, these research questions
can also apply to dyads. Dyads are a critical area of human-
AI teaming and interaction research as one on one partner-
ships are becoming increasingly common within applied
contexts like warehouses and factories (Wilson & Daugherty,
2018). Studying the nature of these effects on team out-
comes within dyads and other varied team sizes and compo-
sitions should be a focus of future research. Dyads would
also not be affected by the limitation on communication
between teammates outlined here in the current study. As
such, research with dyads could elicit results that would be
highly applicable to practical contexts and even advance
research on human-AI communication specifically.

6. Conclusion

The current study investigated two research questions focus-
ing on how the perception of working with an AI teammate
influenced individual human task performance and team
cognition. The study found that the simple perception of
working with an AI negatively influenced human task per-
formance overall but improved it in hard-difficulty tasks.
There was no significant effect of perceived teammate artifi-
ciality on shared mental model similarity. However, percep-
tions of team cognition were negatively affected. The
development of perceived team cognition was also influ-
enced differently based on participants’ task performance in
the three task difficulties. Specifically, human task perform-
ance in medium difficulty tasks significantly mediated the
relationship between perceived teammate artificiality and
participants’ perceived level of team cognition, while easy
and hard difficulty tasks did not. The results of this study
demonstrate how AI teammates may not only directly bene-
fit individual task performance in hard tasks due to their
computational abilities, but those direct impacts may further
mediate and improve critical perceptions in human-AI
teams. The results of this artificial will help guide the cre-
ation and implementation of AI teammates alongside
humans to ensure humans benefit from their computa-
tional abilities.
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