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Recent advances in artificial intelligence (AI) have expanded the range of possi-
bilities for how human users can make use of computers and autonomous sys-
tems, shifting the narrative from collaboration through technology to collabora-
tion with technology. As Al holds the potential to be our new teammates, should
they carry on the social experiences that often serve as double-edged swords
in human-human teamwork? The present dissertation examines this core in-
quiry through the following approaches. I begin by reviewing the literature
on social cognition and psychology to discuss how social experience arises at
the individual level and how it can impact small groups and teamwork (Chap-
ter 2). I then discuss how different Al technologies — in particular, intelligent
agents — can simulate social actors and elicit social experiences during interac-
tion with human users (Chapter 3). Based on the existing literature, I examine
how social experience in human-agent teamwork can be triggered through ei-
ther a top-down or a bottom-up approach. I begin with studying the influence
of social experience when an agent supports individual work in dyadic settings.
Specifically, I empirically test how an autonomous teamwork agent’s informed
identity (Chapter 4) and perceived capability (Chapter 5) can influence users’
experiences and behaviors and whether such interventions would facilitate or
inhibit individuals’ performance. In Chapter 6, I extend to investigate the social

experience of human-agent collaboration in multi-player teams. Specifically, I



examine whether and how an autonomous agent could support marginalized
members in such settings. In summary, while a teamwork agent could bring on
benefits commonly introduced by having human teammates, further anthropo-
morphism and socialization do not lead to significantly more positive teamwork
outcomes. Moreover, for individuals who have previously struggled in group
settings, such as those who have experienced anxiousness or marginalization,
emphasizing social experiences in human-agent teamwork can hinder their per-
formance. Together, the present dissertation takes a principled approach to the
research topic and offers theoretical and practical implications that could pave

new avenues for future research.
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CHAPTER 1
AI AS TEAMMATE: AN INTRODUCTION

As recent advances in artificial intelligence (Al) take an unprecedented pace, es-
calating concerns emerge around job replacement and devaluation of human
work [202, 300, 304, 245, 51, 361]. Yet, the question of whether Al can one
day carry out humans’ jobs autonomously is less of interest in this disserta-
tion; instead, I advocate for tracing back to the more collaborative nature of Al,
re-examining how Al has supported human work since its origin in order to
envision how such collaboration may evolve as the technologies continue to ad-
vance. In fact, when Alan Turing, commonly known as the father of modern
computers and Al first brought Al to life during the Second World War, it was
built to decrypt the German’s enigmatic code, making substantial contributions
not only to the British’s victory but to significantly shortening the horrendous
wartime [148]. After the war, Turing continued his dedication to developing
and improving the code breaker — or, in his words, a “machine that can think”

[322].

Regardless of the authenticity of such historical anecdotes, Al was designed
to support work in ways humans can hardly accomplish by themselves since
its very genesis. Moreover, Al has long held a unique position that is incom-
parable to other types of tools or machines created in the history of humanity.
Later on, we saw work dedicated to building cooperative computers [71] and
even intelligent agents that can autonomously operate their own “teams” (e.g.,
[182]). Not to mention, a whole field of computer-supported cooperative work
(CSCW) later on emerges and dedicates to building technologies that augment

individual and collaborative work.



The current state-of-the-art Al has progressed far beyond what one can
imagine from its blueprint. Still, the original intention of supporting and co-
operating with human work remains mainstream. Increasing work has posited
that human-AI collaboration demonstrates more promises to build benign in-
teraction between users and Al applications in the long run [334, 333, 195, 251,
289, 178, 243, 10]. In particular, with its constantly growing technical capabil-
ities, Al has enabled various applications to transform from passively facili-
tating users’ work (e.g., carrying out actions upon receiving user commands)
to actively participating in user experience (e.g., prompting recommendations
to users through ambient sensing and affective computing). Therefore, in this
dissertation, I study Al as an agent that can collaborate with users (i.e., collab-
oration with Al) instead of as a medium through which users can connect and

work with other human players (i.e., collaboration through Al).

1.1 Human-AlI Collaboration in the Future of Work

Among the diverse perspectives toward the Future of Work [155, 342, 165, 338],
two rare consensuses stand across the board. First, given the accelerating com-
plexity in each domain, collaboration among professionals would only become
essential instead of optional. Besides, scholars and practitioners have com-
monly acknowledged the crucial role of Al in our work futures. According to
Forbes Insight Report in 2021 [266], more than 90% of leading businesses al-
ready have substantial investments in Al technologies, while there was a 270%
growth in adopting Al in corporate practices in a single year. All in all, there
is little doubt that AI will become the norms of work futures — not just in the

tech industry —but in domains of all kinds. Then, what are the implications and



potential of Al as we enter this new era? How could it enrich our work and
fill in areas where we lack expertise and knowledge? And, how could it sup-
port collaboration across all walks of life while taking into account individual
differences? Finally, could it help address long-standing challenges in human

teamwork, such as innovation bottlenecks and inclusiveness?

With a look back at history, most, if not all, of the greatest work of all times,
is done through collaboration. Through collaboration, a person would most
likely encounter new perspectives, practices, and knowledge they would not
have thought of when working solo. However, not all such divergences benefit
the outcomes of work. Different opinions may cause conflicts, social judgments
may suppress individual ideas, and pressures to comply may result in group-
think. While Al enters as an additional player in teams, it will likewise increase
the complexity of work. The question is whether the benefits of human-Al
collaboration outweigh the additional drawbacks and how Al agents and the

human-AI collaboration paradigm could be designed to maximize its benefits.

1.2 Overview of Dissertation

In this dissertation, I examine (1) whether challenges commonly emerging in
human teamwork would arise in human-agent teamwork, and (2) how such
challenges could be addressed through the design of Al agents and human-Al
interaction paradigms. More specifically, while social experience often serves
as a double-edged sword in human-human collaboration, I investigate whether
highlighting or de-emphasizing the social components in human-Al collabora-

tion allows users to obtain the benefits of teamwork while minimizing the pain



points of working with other humans.

In the next chapter (Chapter 2), I begin with reviewing existing literature to
understand how social experiences arise and what contributes to one perceiving
and treating others as social entities. Furthermore, I take a closer look at the
teamwork literature and synthesize the impact of such social experiences on

teams.

Following, in Chapter 3, I review existing work on the possible roles of com-
puter agents in human teamwork, synthesizing insights into how social expe-
riences could shape users’ collaboration with autonomous systems and agents.
Through the literature review, I also aim to understand how collaboration with
Al is unique from collaboration with other machines. This could again inform
whether and how social experiences should be tailored in human-AI collabora-

tion.

Based on the literature review in the previous chapters, I conducted two se-
ries of empirical work to examine social experience in different forms of human-
AlI collaboration. In Chapter 4, I begin investigating the topic of the simplest
form of collaboration, where there is one human and one Al in teamwork. I
tirst examine whether and how the perceived identity of an agent — namely, the
notion of working with a bot rather than a human — would affect users” perfor-

mance and experience in teamwork.

In Chapter 5, I further explore the importance of agents” performance in
human-AI collaboration. On one hand, I address whether it is essential for an
intelligent agent to possess cutting-edge affordance and offer high-quality work

in order to bring contributions to teamwork. On the other hand, I study what



qualities — beyond technical capabilities — users desire for an Al teammate.

Next, in Chapter 6, I study human-Al collaboration beyond dyadic inter-
actions. Specifically, I explore the potential role of Al in facilitating teamwork
among multiple humans. I place a particular focus on Al’s potential to support
marginalized individuals in teams. Here, I conduct empirical work to investi-

gate whether a shared identity with the Al agent can lead to greater support.

In the final chapter (Chapter 7), I conclude with key learnings from the series

of works and suggest avenues for future research.

1.3 Intended Contributions

The intended contributions of the present dissertation are threefold. First, I re-
view existing literature and relevant theoretical frameworks that explain how
social experiences arise in teamwork. Through the series of empirical studies, I
investigate and summarize whether prior theories in human teamwork are ap-
plicable to studying individuals” behaviors and experiences in teamwork with
Al agents. In other words, the present dissertation responds to one of the most
discussed inquiries among human-computer interaction (HCI) scholars in re-
cent years — whether and how is human-Al interaction unique from other HCI
paradigms and whether we need new theories to understand this topic area?
[355]. As reviewed in Chapter 3, existing literature offers various theories and
perspectives to explain why machines hold the potential to serve as humans’
teammates. The present work re-examines whether and when these prior theo-
ries and models can be extended to comprehend users’ collaboration with more

intelligent and capable Al agents while identifying avenues where new research



and theories are necessary.

Second, all empirical studies in the present dissertation are designed to pro-
vide actionable practices for the design of teamwork agents. In particular, Chap-
ter 4 and Chapter 5 highlight the advantages and drawbacks of endorsing the
human-ness vs. bot-ness in agents. Furthermore, findings from the present dis-
sertation also suggest the need to preserve an irreplaceable role for humans in
collaboration settings with Al agents. As technical capabilities of Al continue to
emerge, intelligent agents may be able to automate various parts of workflows.
Nonetheless, this by no means implies the introduction of Al teammates should
serve to replace human work. Instead, creating team experiences that allow hu-
mans to lead and make substantial contributions to teamwork remains crucial

for building sustainable forms of interaction and collaboration with Al entities.

Finally, the present dissertation calls for the need to address individual dif-
ferences to avoid replicating common challenges in human-human teamwork
in human-AI collaboration settings. To begin with, the current work not only
provides insights into how individuals” prior positive or negative teamwork
experiences may affect their behaviors in collaborating with Al, such that cer-
tain groups who struggled in human-only teams may in fact benefit more from
working with machine teammates. This once again suggests simulating human-
human teamwork in human-AI collaboration may not be necessary, and em-
phasizing the bot-ness of Al teammates can also tailor to the interests of certain
users. Later on in Chapter 6, I further explore the effect of having a teamwork
agent that specifically serves a supporting role for those who were marginal-
ized in teams. Considering the wide range of individual needs in teamwork,

the present dissertation explores only the tip of the iceberg, but it has already



shown the importance of continuously exploring different approaches to de-
sign agents, systems, and interaction paradigms to support diversity and inclu-
sivity in human-Al collaboration. Through the present dissertation, I not only
advocate the need for more attention to these topics but also reveal numerous

avenues for future research.



CHAPTER 2
THE RISE OF SOCIAL EXPERIENCE:
MULTI-DISCIPLINARY PERSPECTIVES

Social experience, namely, the experience of interacting socially with others,
is a part of our everyday life. Social experience is also vital to teamwork and
collaboration. Beyond achieving practical goals, a substantial portion of team-
work is also established on the social experience of its team members interacting
with one another. However, how and where does this unique experience arise?
When working with an autonomous agent, when does one perceive it as a social
entity? Conversely, when does one view human-agent collaboration as identi-
cal to the experience of adopting a tool? In this chapter, I revisit and review
classic literature from social sciences to examine the essence of social experience
from multiple disciplines as well as their implications on the complexity of how

humans collaborate and interact socially in teams.

2.1 Social Cognition in Various Disciplines

Across different domains, the concept of social cognition is commonly discussed
and considered the core of social experience [181, 124, 125]. Social cognition
refers to “the ability to make sense of the world through processing social sig-
nals” from others (p. 107) [181]. In cognitive science, human development, and
behavioral science, scholars examine a range of capabilities that enable humans
to process and interpret information from their social world. Given these mech-
anisms, social psychologists extensively study how humans form the sense of
self versus others and how the notion of social groups arises. Based on these

notions, individuals determine how they behave and interact with others. Be-



cause social cognition is crucial to whether one can smoothly navigate their so-
cial world, it also impacts the quality of one’s social experience and one’s need

to bond and form meaningful relationships with others.

In the following sections, I elaborate on the primary mechanism of social
cognitive processing (Section 2.1.1) and how it is applied to shape the sense of
”self vs. others” in our social experiences (Section 2.1.2). I summarize existing
literature on how social cognition influences one’s social experience through a

top-down and a bottom-up pathway (Section 2.1.3).

2.1.1 Social cognitive processing

Existing literature in cognitive science and human development studies the root
of social cognition through two major components. To begin with, a person
needs to be able to perceive and process information from others and the en-
vironment in order to make sense of the social world [125, 181, 3]. This first
component is referred to as the social perceptual processes, formulating social
experiences through a bottom-up approach (i.e., understanding others and the
environment through external, observable signals, such as their facial expres-
sions and movements). Second, upon perceiving these signals, one needs to
make sense of them through reasoning and interpretation. Making inferences
that fit well in a social context, such as mentalizing and understanding another
person’s intention, is hence another critical component of social cognition that

help shape one’s social experiences.

To understand how humans perceive information from other social entities,

face processing [114] and motion detection [254] are two of the most studied



capabilities that support social cognitive processing. First, human faces carry a
large amount of critical information that helps one navigate social interaction.
At the minimum, human faces represent the identities of one’s interactants [47].
Furthermore, facial expressions often reveal a person’s emotion, which more or
less conveys one’s responses (e.g., positive or negative perceptions) to a social
scenario [25]. Meanwhile, micro-, non-verbal behaviors on one’s face, such as
the direction of eye gaze, reveal one’s attention and interests during interaction
[105]. Scholars have found the ability of face processing emerges and devel-
ops rapidly since infancy [114, 228]. Meanwhile, when making social decisions,
people are commonly influenced by nuanced information extracted from hu-
man faces during communication, including but not limited to attractiveness

[267, 171, 65], social status, or power dynamics [164, 175, 176].

Similarly, humans attend to others” movements and collect much informa-
tion from them during social interaction [254]. In fact, motions and contingent
behaviors are important signals that help humans detect agency in a subject and
determine whether they would treat this target as a social entity. Since early in-
fancy, humans can decide how to respond to an object depending on whether
it demonstrates self-propelled actions or not [257, 215]. Even with an inanimate
object, humans could determine whether to treat it as an agent depending on
whether it could interact contingently with a person [144, 168]. Moreover, indi-
viduals tend to automatically interpret an object as an agent should it demon-

strate communicative abilities and goal-directed behaviors [275, 124].

Upon collecting information from the external world, one then needs to per-
form reasoning and inferencing to comprehend the meanings behind the in-

formation. Such internal cognitive processes oftentimes involve mentalizing

10



[125] and perspective-taking [117] in social decision-making [30, 110, 329, 328].
Mentalization refers to the capability of making sense of other people’s men-
tal states, including “their beliefs, thoughts, desires, intentions, and feelings”
[181]. At the very minimum, being able to mentalize indicates a person needs
to be aware that others may hold different thoughts and feelings from them-
selves, and it is this realization that motivates one to understand others’ in-
ternal states [16, 24]. Besides, understanding the intention behind a person’s
behavior is also a critical function of mentalization, as intentions often inform
what may seem appropriate or inappropriate to respond to the person. Further-
more, upon comprehending another person’s thoughts, feelings, and intentions,
whether one can incorporate such information into their decision-making pro-
cess is yet another component of social cognition. This capability is referred to
as perspective-taking [117]. The practice of perspective-taking allows one to in-
teract more smoothly with others [117]. Perspective-taking is not only necessary
during our one-on-one interaction with another individual but also during in-
teractions with multiple players in group settings. Indeed, existing research has
found whether each individual in a group could perform perspective-taking
well is essential to enhancing fairness, trust, and cohesion at the group level

[30, 110, 329, 328].

All in all, scholars have studied a wide range of capabilities that humans
leverage to navigate their social world. For instance, a person cannot form
meaningful connections with others if they cannot understand and empathize
with the feelings and thoughts of others. And it requires the ability to mentalize
in order to achieve such goals. It is through practicing these capabilities of social

cognition in real life that one forms and completes their social experiences.
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2.1.2 Social identity and categorization

In social psychology, Tajfel’s seminal Social Identity Theory [309] leaves re-
markable traits in countless literature studying human social experiences. Ac-
cording to the theory, the formation of a person’s social identity (namely, the
sense of who they are) sets the cornerstone for their social experiences. Specifi-
cally, one tends to form their own social identity through the social group they
see themself as a part of. Tajfel referred to the act of assigning others to specific
group memberships as social categorization [310], and the process of shaping
one’s own identity as well as others” identities through their corresponding so-

cial groups as social identification [309].

These two intersecting mechanisms are closely relevant to the human ten-
dency to group things together in order to facilitate them to process informa-
tion more efficiently [149]. Similarly, humans hold the propensity to put others
into groups to help them readily process information about individuals with
structures [310], which also allows them to appraise effective ways to interact
with others. Interestingly, humans not only put others but also themselves into
specific groups [309]. Through such group assignments, humans set up expec-
tations for themselves and others. In other words, humans would construct the
sense of who they are through (1) assimilating themselves to groups to which
they identify and, at the same time, (2) differentiating themselves from groups
that they do not belong. Through such processes, individuals divide their world
into “us” versus “them.” This division serves as the foundation of one’s social

experiences.

To perform social categorization, one needs a set of attributes to evalu-

ate each individual. Formally referred to as prototype, this set of attributes
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should represent the unique features of each group and differentiate it from
other groups. According to the Self-Categorization Theory [324], Turner et al.
posited that a person would comply with the prototype of their self-identified
social group, and two phenomena often emerge during this process. First, the
distinction between ingroup versus outgroup becomes more vivid. That is, as
we identify ourselves with a specific group, it becomes clearer who belongs to
the same group as us (i.e., ingroup) and who does not (i.e., outgroup). Follow-
ing, individuals have the tendency to compare between groups, demonstrating
the act of social comparison. Moreover, one is often motivated to examine and
tind evidence showing one’s own group is superior to others. In Chapter 5, I
review the concept of social comparison with greater detail and examine how
individuals” tendency to compare with other social groups may moderate the
outcomes and experience of working with a more or less capable intelligent

agent.

The line of work in social psychology suggests social experience arises as in-
dividuals establish the sense of ”self vs. others” and “us vs. them” by placing
themselves and others into various social groups. Through such a process of as-
signing group memberships, individuals gradually form a more concrete sense
of who they are. As the distinctions between groups become more apparent,
individuals are also inclined to compare their own groups to others. Together,
the sense of belonging to one’s own group, the pride of group superiority, and
the negative perception of being defeated all add colors to our complex social

experiences.
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2.1.3 Two pathways to forming social experiences

To summarize the section (Section 2.1), I refer to recent reviews on social cog-
nition in social and cognitive science literature [79, 276, 212]. Jointly, existing
literature suggests three key components shape individuals’ social experiences:

the what, how, and why components (as shown in Figure 2.1).

Examples of Concepts operated in
theoretical constructs the present dissertation
Why? T Informed Identity
(goal) Self-Identification (Chapter 4)

Mentalization & Perspective-Taking

How? ) s P
(rules) Social Facilitation & Inhibition (Chapter 4)
Social Categorization & Comparison (Chapter 5 & 6)
What? emotional expressions, Perceived Capability (Chapter 5),
A verbal & non-verbal cues, -
(physical) Group Composition (Chapter 6)

appearance, performance

Figure 2.1: Two pathways to forming social experiences and relevant concepts
applied in the present dissertation

First, the what component refers to the physical, external cues that one ob-
serves in their social environment and during their interactions with others. Sec-
ond, the how component refers to the rules one applies to process these external
cues. Third, the why feature relates to the goals one holds during social interac-
tions or the intentions one interprets from others’ behaviors. Together, a person
may form social experiences based on these three components either through a
bottom-up or a top-down fashion. For instance, through a bottom-up route, one
may observe linguistic or physical cues from another person (the what compo-
nent), based on which they could categorize the person as a specific group (the
how component), and finally, based on such outcomes of social categorization,
one may either identify with the person or treat them as an outgroup (the why

component). Conversely, a top-down pathway is driven by pre-existing notions
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— for example, one may hold existing stereotypes for a certain group (the why
component), and at the encounter of a new person, one may evaluate whether
the person fits such a label or not (the how component), and accordingly, one
determines how they would behave and interact with the social other (the what

component).

While these three components have been studied extensively in social cog-
nition literature, it remains an under-explored question of whether they apply
to form social experiences in human-Al interaction. In the present dissertation,
I used theoretical constructs from each of the three components and empiri-
cally tested them in Chapter 4 and Chapter 6. Chapter 4 examined how the
informed identity of an intelligent agent could affect humans” behaviors and
social experiences through the top-down path. In Chapter 5, I altered an agent’s
behaviors to investigate how changes in such external, observable cues may in-
fluence humans’ responses from a bottom-up fashion. Similarly, in Chapter 6,
I also examined the bottom-up route by introducing changes at the group level
(i.e., changing the group composition to alter the external cue) and assess how
such an intervention could alter individuals” behaviors and social experiences
in human-agent teamwork. It is worth noting that, though various theories can
be applied to explain and understand internal processing happening at the how
component, it is relatively challenging to directly manipulate the rules that one
adopts to process external cues in their mind (in the bottom-up route) or to
determine appropriate behaviors that match their upper-level goals (in the top-
down pathway). This is, however, a novel avenue that I recommend for future

research.
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2.2 Social Experience in Teamwork

Given these various sources where social experiences arise, I then further dis-
cuss whether and when social experiences may be beneficial or detrimental to a
teamwork setting. In this section, I review existing literature to discuss the util-
ity of social experience in teamwork from the following dimensions: the effect
of social presence (Section 2.2.1), ingroups versus outgroups perceptions (Sec-
tion 2.2.2), communication in different types of team composition (Section 2.2.3).
Notably, because teamwork per se is an inherently social process, various other
social components of social interaction can lead to the success or failure of a
team. Here, I select these dimensions to focus on as they are also closely related
to many of the theories and literature on social experiences and social cognition,

as reviewed in the previous section (Section 2.1).

Previously in Section 2.1.1, I discuss how humans sense and comprehend
the behaviors and intentions of others through social cognitive processing. This
distinct notion of self versus others sets a foundation for the effect of social pres-
ence. Accordingly, in Section 2.2.1, I focus on reviewing the effect of having
the mere presence of others (namely, even if there is minimal interaction taking
place between a person and their teammates), which is often studied through
the theoretical framework of social facilitation and social inhibition [5, 359].
Next, as I discuss humans’ tendency to categorize others into social groups in
Section 2.1.2, perceiving teammates as ingroup or outgroup has critical impli-
cations on how one behaves and interacts with their teammates, influencing
their overall team performance and cohesion. Thus, I discuss the effect of in-
group and outgroup perceptions further in Section 2.2.2. Finally, given how one

identifies oneself — and the intentions to live up to one’s identity — individu-
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als are driven and assigned to perform specific roles in teams. Ideally, a more
diverse team would include a wide variety of individuals who thus serve all
types of needs the team may encounter. However, because individuals treat in-
groups and outgroups differently, a more diverse team may also heighten the
tension between ingroups and outgroups, leaving whether to enhance diversity

in group composition an under-debate question.

2.2.1 Social facilitation vs. social inhibition

As elaborated in Section 2.1.1, individuals” social experiences emerge with the
notion of others. The notion of ”Self vs. Others” indicates other people can
hold different thoughts, perceptions, and behaviors than one’s own. Extend-
ing this concept, Social Facilitation Theory [321] — one of the oldest theories
in social psychology — suggests the presence of others can influence a person’s
performance and behaviors. Specifically, the effect of social facilitation can be
elicited through three driving forces. These include the effect of mere presence
[359, 5, 320], cognitive-behavioral cues [290, 101], and social cues [59, 90, 145]. First,
as in Triplett’s original study [321], the mere presence of others can motivate
individuals to perform better in given tasks as long as they are aware of the
presence of others in an environment. Secondly, the presence of others can
also initiate cognitive-behavioral cues, such as signals of competition, which
lead individuals to improve their performance in order to stand out from others
[290, 101]. Finally, one may also be driven by social cues, such as appreciation,
evaluative apprehension, and other social rewards that encourage improved

performance [39, 315].
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However, subsequent work has also revealed the negative effect of social
presence, which is more formally referred to as Social Inhibition [49]. In par-
ticular, such negative consequences of social presence were more likely to oc-
cur when one performs less skilled, less familiar tasks under high-stress, high-
stakes scenarios [160, 185, 49]. To begin with, the presence of others may also
become a source of distraction, preventing one from focusing on the tasks at
hand. Furthermore, there is no guarantee that competition will remain benign
and the driving forces of social cues will constantly turn into positive outcomes.
For instance, vicious competition could cause both parties to perform worse,
as hyper-focusing on winning a competition can cause ignorance of details in
the work process. This could potentially result in worse outcomes of competi-
tion. Likewise, social feedback from others may also contain negative messages.
While humans are inherently sensitive to criticisms, it is particularly difficult to
avoid being affected by negative comments and feedback, which may also pre-

occupy and distract us from focusing on carrying out the tasks per se.

Synthesizing both the positive and negative outcomes of social presence,
Sanders and Baron posited the Distraction-Conflict framework [273, 22]. The
theoretical model suggests that individuals” cognitive capacity is divided by the
presence of others. That is, a person’s attention is split between performing
their task and monitoring the behaviors of their interactants. When attention is
evenly divided, this conflict serves as a cognitive stimulus, allowing individu-
als to be more alert and more engaged while participating in the group activity.
However, when either of the two sources overrides the other (either when a per-
son is overly concerned about other team members’ responses or when the per-
son ignores others” contributions and focuses only on completing the task), such

conflict can distract a team from producing favorable outcomes [273, 22, 36].
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Together, the theories of social facilitation, social inhibition, and distraction
conflict suggest that being aware of the presence of others could motivate a
person to perform better in tasks, primarily through eliciting the sense of com-
petition and offering social rewards [321, 290, 101, 39, 315]. However, while the
positive effects of presence can lead to social facilitation, these driving forces
can also inhibit a person’s performance when they pay too much attention to
social feedback and competition from others. As a result, the person may be
distracted from focusing on the task at hand [273, 22, 36]. Similarly, in team-
work settings, the presence of teammates can encourage each member to be
more dedicated to the collaboration [122], but if a person becomes too occupied
either by competing with or receiving approval from their teammates, know-
ing the presence of others can hinder their performance [4]. In such situations,
one can perform worse in teamwork than carrying out the same work alone.
Furthermore, if multiple teammates encounter similar challenges, the notion of

others can drastically impede group-level performance.

2.2.2 Ingroup vs. outgroup perceptions

As reviewed in Section 2.1.2, humans have the tendency to categorize individ-
uals into social groups and to form their self-identity through assimilating with
their ingroup and differentiating themselves from outgroup [309, 310]. This
ingroup versus outgroup awareness also profoundly impacts teammates’ be-
haviors, team interaction, and team experience. As suggested by their literal
meanings, ingroup refers to the social groups one identifies with, while out-
group indicates those not seen as part of one’s self-identified group. Moreover,

individuals tend to favor their ingroup over other outgroup individuals.
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Social science scholars have long debated whether positive perceptions to-
ward ingroup members and negative perceptions against outgroup individuals
operate independently or not. Building on Sumner’s classic work [299], some
believe positive sentiments toward the ingroup, such as “pride, loyalty, and per-
ceived superiority” (p. 430) [45], are sources of prejudice that eventually lead
to contempt and hostility against outgroup members. On the other hand, those
who built on Allport’s seminal work [6] posit that favorability toward ingroup
does not necessarily cause outgroup hatred. Instead, positive sentiments to-
ward one’s own social groups are “psychologically primary” (p. 42) [6], guiding
one to more actively show friendliness, warmth, and familiarity when interact-

ing with ingroup members.

Aside from the theoretical discussions, empirical studies have found much
evidence demonstrating the impact of ingroup and outgroup perceptions on
teamwork. Various literature has found ingroup and outgroup perceptions can
affect communication effectiveness during collaboration, such that individuals
tend to endorse more trust and turn more frequently toward ingroup mem-
bers. In contrast, outgroup perceptions can set communication barriers, such
as taking more time to warm up and build rapport during conversations. Such
distinct effects of ingroup versus outgroup perceptions are particularly salient
when a team works in a high-pressure environment, such as in hospitals and
other venues that provide urgent care [327]. As communication is vital to the
success of all forms of social interaction, ingroup and outgroup perceptions in-
fluence whether or not team members can effectively achieve conversational
goals — including both functional purposes (e.g., generating ideas, incorporat-
ing diverse opinions, and forming consensus) and social goals (e.g., rapport

building) — and, thus, indirectly affect the outcomes of team collaboration.
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Furthermore, different behavioral patterns when interacting with ingroup
and outgroup teammates also have an effect on individuals’ team experience
and motivation, which are also important determinants of one’s performance in
teamwork [163]. In particular, individuals tend to feel more motivated to con-
tribute when more ingroup members are on a team. Meanwhile, people become
more insensitive to equity when most teammates are perceived as outgroup; in
such cases, one can easily turn less motivated to contribute because the senti-
ment of unfairness (e.g., taking up too much work or being free-rode by others)
more often arises. Due to these reasons, when a team consists of an imbalance
team composition (i.e., people of a specific identity dominate the team), the mi-
nority members — namely, those who are treated by outgroup by the majority
on the team — are more likely to report a negative team experience and demon-
strate worse performance. In the following section, I further discuss the effect

of group composition on teamwork.

2.2.3 Homogeneous vs. heterogeneous team composition

When people work in group settings, the aforementioned effect of social pres-
ence and the distinct perceptions toward ingroup versus outgroup typically be-
come more salient [45]. Oakes [323] posited that the tension between ingroup
versus outgroup may further arise in small group settings because one now
has more specific targets to compare. Thus, the perceived distinctions with
those outgroup members become more accessible in one’s mind. Furthermore,
each group would gradually establish its norms as interactions continue. These
norms may entail assigning roles or attaching labels to specific individuals in

the group, which may all contribute to perceived differences toward certain
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team members. Still, as each individual is unique, even if these group norms
are never created, it is nearly impossible to form a team where everyone is per-

ceived as identical, and none is viewed as an outgroup.

The question is, then, how diverse or similar teammates should one look
for when forming a team? Scholars across various fields have long studied
the benefits and disadvantages of homogeneous versus heterogeneous teams
[327, 17, 163, 45, 299]. Overall, empirical studies, reviews, and meta-analyses
have constantly shown that teams consisting of more diverse teammates can
more consistently lead to team innovation due to the wider range of perspec-
tives those teammates can bring to the table. Besides, including teammates with
different personalities, soft skills, and behavioral modes can also bring social
benefits to the team. For example, some can be more assertive when a decision
needs to be made, while other sociable teammates can help a team by building
good relationships with external partners. However, ensuring team cohesion
in diverse teams is also significantly more challenging. To begin with, as per-
ceived differences with outgroup members are more salient, conflicts are also
more likely to emerge in teams with greater diversity. This is because individ-
uals generally hold more inferior perceptions toward outgroup than ingroup
members, and they are typically less tolerant when outgroup members make
mistakes. As a result, though teams formed by diverse members are more likely
to spark novel ideas and make the most out of each teammate’s strength, such

group compositions also face greater risks of collapse.

Conversely, a team that lacks diversity and is dominated by a majority group
may be more likely to reach agreements. However, this type of group compo-

sition often comes with a number of underlying concerns. First of all, minority
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individuals often face greater pressure to conform to such teams. Therefore,
opinions from the majority group remain dominant, and alternative voices may
often be overlooked. This scenario is not only detrimental to team innovation —
as various perspectives cannot be incorporated during teamwork — but can also
discourage and cause particularly inferior team experiences for those marginal-
ized team members. Even if a single voice does not dominate the team, this type
of group composition can often suffer from the Multiple Source Effect [224]. This
phenomenon occurs when people believe an idea is superior simply because
more people support it, but the actual quality of the idea may be overlooked.
When a majority group exists in a team, an idea can easily get more “votes”
simply because those in the majority group are more likely to conform with one
another. In other words, though teams with reduced diversity seem more co-
hesive on the surface, this may result from the minority individuals remaining

silent and the tendency to groupthink among the majority people.

23



CHAPTER 3
SOCIAL EXPERIENCE IN HUMAN-AI COLLABORATION

Based on the literature review from the previous section (Section 2.2), I
learned that social experiences could often serve as a double-edged sword in
teamwork. The social presence of others can either make one more focused or
distract them from their task performance. Likewise, social interactions can ei-
ther emphasize the tension between ingroup and outgroup members or encour-
age them to incorporate more diverse opinions during teamwork. Then, to what
extent should human-Al collaboration simulate social experiences like those
that naturally emerge in human-human teamwork? And by designing intel-
ligent teamwork agents and interventions in human-Al interaction paradigms,
is it possible to adopt the benefits of socially working with others while prevent-
ing the drawbacks that social experiences bring to teamwork? Before I can get
to these important inquiries, an outstanding question is whether human users
can at all form social experiences with an Al teammate during collaboration.
Thus, I first address this fundamental question in the present chapter by review-
ing various views on the possible relationships between human users and their
machine teammates. I then review prior literature on how one can introduce

humanness to make an intelligent agent functional and a social teammate.

3.1 Can Machines be Teammates?

The question of whether machines can be teammates has been much debated
in modern HCI and CSCW literature. As recent Al advances introduce new
capabilities (e.g., generative Al) for what an intelligent agent can offer in a col-

laborative setting, this long-standing question has once again come to the fore-
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front of scholarly discussions. However, while humans have been applying all
sorts of machines throughout the history of humanity, the idea of machines as
teammates has only emerged very recently. In the following, I review three key

perspectives that shape this seminal concept.

3.1.1 Computers as autonomous agents

To begin with, a large body of literature posits whether machines can be treated
as teammates depending on their technical capabilities. In other words, if a
machine can autonomously carry out functional values that a human teammate
typically offers, then it shows the potential to be one [1, 186, 132, 219, 220, 219,
89]. In the past, one may question whether a computer agent is qualified as a
teammate because it often relies heavily on human guidance [83, 247]. However,
recent advances in Al have enabled agents to self-direct and self-govern through

functions such as reinforcement learning and situation awareness [220, 220, 219,

331, 106].

These advanced capabilities indicate machines now possess greater capa-
bilities to co-work and co-create with users. For instance, abundant recent
work showed how users could collaborate with generative Al systems to
seek inspiration, perform design work, and even receive evaluative feedback
[242, 211, 135, 259]. As agents’ autonomy increases, they not only can guide
their own behaviors, but more sophisticated agents can also guide other agents.
For example, swarm robots can direct themselves and facilitate one another to
work toward the same goal [40, 182]. All in all, such intelligent agents that can

achieve nearly full autonomy are said to show great potential for being humans’
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teammates.

3.1.2 Computers as social actors

Another point of view builds on Nass and colleagues’ classic “Computers are
Social Actors (CASA)” paradigm [237] and the Media Equation [265]. The for-
mer theory suggests users treat computers as social entities and demonstrate
social behaviors in human-computer interaction as in interpersonal scenarios
[237]. The Media Equation further postulates users tend to assign human-like
characters to non-human objects and mediums, including computers, televi-
sions, radios, etc. Based on these theoretical frameworks, scholars in the late
90s have already proposed that computers could and should be viewed as team-
mates in collaboration settings since users would treat them as social actors re-

gardless of the use cases [58, 50, 303, 235].

Later on, research has found adding more humanoid features (e.g., human-
like appearance, body figures, facial expressions) to the design of computer
agents would further enhance users’ tendency to treat them like human enti-
ties [88, 291, 100]. As a result, such practices of anthropomorphism allow re-
searchers and practitioners to build highly social robots for scenarios where
providing social support is indeed crucial [43, 42]. Along the same vein, recent
advances in natural language processing (NLP) [263, 196, 226, 12] and text-to-
speech generation [297, 260, 55] have enabled intelligent agents (e.g., chatbot
and voice assistants) to interact with users through natural forms of interper-
sonal communication (e.g., text messages, verbal communication). Thus, recent

studies adopting these state-of-the-art agents have once again cultivated more
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supporting evidence for the CASA paradigm and the Media Equation, suggest-
ing users inevitably interact socially with these agents since such human-agent
interactions very much simulate human-human interactions [136, 177, 64, 15].
Together, those who built on and extended the two theoretical frameworks posit
users would view agents as teammates rather than as tools because they would

engage socially with computers regardless.

3.1.3 Computers as cooperative tools

Unlike Nass, who was a social scientist by training, Clarke and Smyth proposed
the idea of building “cooperative computers” through the lens of computer sci-
ence and engineering [71]. Therefore, their goal was not to create a more social
experience by treating computers as teammates; instead, they believed comput-
ers should be tools, but “making them (computers) more cooperative would
make them more useful tools” [71]. The authors referred to Grice’s principles
of human cooperation [72] to set the benchmark for cooperation, consisting of
providing high-quality, high-relevance support in a human-preferred manner.
They suggested the first step to achieve this goal is to improve computers’ pro-
cessing — or “understanding” — of what users what to do (i.e., input) so that com-
puters” output can better align with users’ interests. Interestingly, because Grice
developed the definition of cooperation based on studying logic in a conversa-
tion, this set the seed for communication to be a key running theme throughout

the line of work.

Hence, Clarke and Grice’s works are oft-cited and remain influential to the

research and design of today’s conversational agents [206, 35]. There persists
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much focus on agents’ capabilities to understand human communication, both
verbally and implicitly. The line of work values the close relationships between
communication, coordination, and cooperation, and, instead of viewing ma-
chines as teammates, it suggests building machines as better teammates to make

them more helpful to their users.

3.2 Building Humanness in Machine Teammates

Despite their various motivations, scholars have shared the consensus that com-
puter agents can indeed work as our teammates due to their capabilities to oper-
ate autonomously, their design to offer cooperative functions, or humans’ own
tendency to view them as social actors. Then, how could these teamwork agents
possibly elicit social experiences in collaboration with humans? In a review of
existing work, I noticed most of the work remained focused on anthropomor-
phizing teamwork agents; namely, eliciting social experiences in human-agent
teamwork through presenting more human-like agents [330, 188, 307, 213].
Therefore, in the present section, I summarize how prior work has built hu-

manness into the design of these intelligent agents.

Anthropomorphism refers to attributing human characteristics or behavior
to non-human entities [187]. Furthermore, some argued that the process of an-
thropomorphizing is mostly mindless [183]: it does not necessarily reflect the
user’s thoughtful belief that a computer has human characteristics but is rather
automatic and encouraged by cues in their interfaces. According to Epley et al.
[107], anthropomorphism may be a default behavior; in order to make sense of

an artifact that one is not familiar with, the person may map their own lived ex-
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periences onto the novel subject. Furthermore, individuals” tendency to anthro-
pomorphize certain objects can change over time. For instance, with acquired
knowledge about a new object, one becomes less likely to anthropomorphize
it; conversely, adding humanoid features to an object can trigger one to treat
it as a human-like entity. In particular, Reeves and Nass [265] have summa-
rized three basic elements that make a computer system anthropomorphic: (i)
being interactive, (ii) applying natural language, and (iii) taking on a role typ-
ically performed by a human. Nonetheless, it is worth noting that there is no
single factor that makes an agent human-like [278]. In other words, building
a social teamwork agent requires a number of anthropomorphic features that

collectively paint its humanness.

3.2.1 Humanness in appearance & emotion

Embodiment and appearance

Embodying agents in humanoid appearances, such as a full- or half-body figure
or simply a talking face, is one of the most common approaches to anthropo-
morphism. These humanoid features typically possess body parts (e.g., limbs,
eyes, nose, mouth, and hair) and can be either cartoon-like or photo-realistic
[291, 100]. However, based on the idea of Uncanny Valley [229, 140], if the ap-
pearances of agents were made foo realistic, users would show discomfort and

adversarial responses.
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Emotional expression and recognition

With body figures, agents can also look more anthropomorphic by showing
emotions through facial expressions and other behavioral cues, which are found
particularly effective in eliciting perceived anthropomorphism [35, 107, 287, 86].
In reverse, an agent capable of recognizing users’ sentiments is also deemed
more human-like. In a synthetic review [107], Epley and colleagues pointed to
demonstrating one’s emotional states and recognizing those of others as one
of the most triggering attributes of anthropomorphism. In response, humans
also express more emotions when interacting with anthropomorphic artifacts.
Therefore, recent work in social robotics has proposed agents expressing rich
emotional cues can more effectively serve social values — particularly under the
context when social values are indeed beneficial (e.g., chatbot providing mental

healthcare services) [277, 209, 170].

3.2.2 Humanness in verbal & non-verbal cues

Natural language and linguistic cues

Studies have consistently found that simulating natural, interpersonal lan-
guages to communicate with users is one of the most effective ways to an-
thropomorphism [107, 366, 281]. Advances in natural language processing
(NLP), natural language understanding (NLU), and natural language gener-
ation (NLG) have adequately enhanced agents’ capabilities to engage in dia-
logues with users [64, 226]. Most recently, agents empowered by large lan-

guage models (LLM), such as ChatGPT (https://chat.openai.com/) and Bard
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(https:/ /bard.google.com/) could actively interact with users through chat and
respond to their inquiries like human assistants. The high competence of these
agents once again sparks lively discussions about whether Al agents possess

“general intelligence” that is often considered a uniquely human trait [48].

Besides what an agent could communicate, how it delivers the verbal content
is likewise a critical factor of perceived human-ness. To begin with, humans typ-
ically show clear distinctions between their oral and written languages. When
people speak, they often adopt more casual terms and have more pauses, hes-
itation, and repetition in their speech [23, 70, 76, 285]. Therefore, prior studies
have attempted to make agents sound more conversational (such as by insert-
ing ‘'um’ or "uh’ in verbal content and removing formal phrases) and found users
perceived these agents as more natural and humanoid [121, 284]. Interestingly,
the level of anthropomorphism also intersects with the perceived expertise of
agents [93, 184, 351]. Instead of viewing it as a know-how machine, users be-
came more cautious about suggestions from an inarticulate agent. From a safety
perspective, this greatly contributes to calibrating users’ trust in agents, reduc-

ing the chances of them thoughtlessly following agents’ suggestions.

Minor linguistic cues, such as grammatical correctness and the use of pro-
nouns, also have a key effect on shaping users’ perceptions of an agent. Besides,
several important considerations come into play regarding whether and how an
agent references itself in verbal content. First and foremost, as humans predom-

III /avis
4

inantly speak in the first-person perspective, adopting me,” or “myself” in
speech is much more common in natural conversations, as opposed to adopting
a third-person narrative [2, 305]. Furthermore, because self-referencing implies

a sign of self-awareness and consciousness, which is yet another uniquely hu-
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man trait, this again explains why the subtle switch from the first-person to the

third-person point of view could be so effective on anthropomorphism of agents

[112, 225, 241, 244].

Voice, tone, and non-verbal cues

While not every autonomous agent comes with a voice, bots that can commu-
nicate verbally with voices are often perceived as highly personified [112]. On
the other hand, numerous studies have found users could make inferences of
agents’ attributes even when they were presented merely through voice inter-
faces [189, 293, 104, 107, 286, 281]. Users would often associate an agent’s voice
with features such as gender, age, and even mood and personality, based on
which they form impressions of the agent. For example, in an experiment apply-
ing voice assistants for educational purposes, students showed preferences to-
ward agents with lower voices as they were perceived as elder, more confident,
and more knowledgeable [104]. In fact, even synthetic voices that sound rather
robotic could encourage users to picture humanoid images of agents [13]. How-
ever, due to their tendency to associate agents” voices with human traits, schol-
ars have also expressed concerns that users may more likely endorse stereotypes

when interacting with voice agents [238, 162, 85, 198, 214].

Furthermore, voices per se could entail a wide range of variances that con-
tribute to the anthropomorphism of agents. Prior research has found that mod-
erating the prosody and tone of agents not only influenced their perceived
anthropomorphism but also users” perceptions of these agents [347]. On one
hand, these non-verbal cues often convey speakers” emotions in speech; on

the other hand, listeners often rely on these hints to infer others” personality
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[123, 126, 80]. Furthermore, non-verbal cues, such as a person’s accent, could
also represent the speaker’s cultural background and social identity [82]; in par-
ticular, whether associations formed through these non-verbal cues align with

the agents’ functions could affect users’ trust and reliance on the machines [318].

3.2.3 Implications of anthropomorphism

In view of the aforementioned research, there is no shortage of approaches to
building human-like, social agents. Plentiful studies have found users demon-
strating preferences and more positive experiences during one-on-one interac-
tion with humanoid agents, and social robots were also found to positively
mediate interactions among multiple humans [238, 236, 37, 204]. More re-
cently, based on these physical, linguistic, and non-verbal cues, studies have fur-
ther demonstrated the possibilities of anthropomorphizing agents through ad-
vanced cognitive features, such as an agent showing high-level reasoning, inten-
tions, and sophisticated opinions through its speech [364, 167, 311, 48]. Mean-
while, users were found to engage with more emotions when agents entailed
signs of empathizing, taking responsibility, or making judgment [306, 362, 84].
These caused particular concerns among scholars [348, 48, 166, 325, 326, 343,
128, 120, 152]. On one hand, less experienced users could easily mistake agency
for authentic experience and capability (e.g., an agent saying “I feel happy”
does not imply it could indeed “feel” and process happiness), thus, establishing
inappropriate expectations for agents. On the other hand, anthropomorphism
could also encourage users to engage with more social feedback; whether this
would lead users to endorse similar biases or problematic behaviors as seen in

human-human interaction remains largely under-explored.
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CHAPTER 4
CALIBRATING SOCIAL EXPERIENCE IN HUMAN-AI COLLABORATION
THROUGH PERCEIVED IDENTITY OF AGENT

Based on the literature review in the previous chapters, this and the follow-
ing chapters examines the potential of human-AlI collaboration in supporting
individual work. As discussed in Section 2.1, social experiences in human-Al
interaction can emerge from a top-down or a bottom-up approach. Thus, I ex-
amine whether and how social experiences may arise in human-AlI collabora-
tion through either of the two paths. In the present chapter (Chapter 4), I exper-
imented with taking a top-down approach on calibrating social experiences in
human-agent teams by informing users of the identity of an artificial agent (ei-
ther as a bot or as a human) during teamwork. In the next chapter (Chapter 5),
I further explore the utility of initiating social experiences through a bottom-up
approach by anthropomorphizing teamwork agents through different degrees

of affordance and capabilities in team performance.

The first study in this series of work! experiments with whether and how
the perceived identity of a teamwork agent could calibrate social experience in
human-AI collaboration through the top-down approach as described in Sec-
tion 2.1.3. By explicitly informing users whether they were working with a
human partner or an artificial agent, I examined users’ experience and perfor-
mance during teamwork. Building on the literature reviewed in Chapter 2 (par-
ticularly Section 2.2.1),  hypothesized that the notion of one’s teamwork partner

— that is, just by knowing whether one works with a human or not - could have

'The study described in this section has been published at the Conference on Human Factors
in Computing Systems (CHI) as IdeaBot: Investigating Social Facilitation in Human-Machine Team
Creativity [161]. This section adopts and revises content from the full published paper.
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an effect on the emergence of social experience in human-Al collaboration. As
a result, users may either benefit from social facilitation or be restrained by the

social inhibition of the teamwork agents.

Under these hypotheses, I conducted three text-based studies where partici-
pants were paired with either a human or a bot collaborator to generate creative
ideas for a brainstorming task. In Study 1, participants either interacted with a
human (real human) or a bot partner (real bot) to work on a brainstorming task.
In Study 2, all participants worked with a human confederate but were told that
their partner was either a human (real human) or a bot (fake bot). In Study 3, all
participants brainstormed with a chatbot but were told that their partner was
either a human (fake human) or a bot (real bot). I performed systematic compar-
isons to understand whether individuals demonstrated different cognitive and
behavioral patterns when the informed identity of their teamwork partner was
either a human or an artificial confederate. Specifically, I examined the effect
of perceived identity on four aspects: (1) task success and idea generation out-
comes, (2) creative self-efficacy, (3) perception of teamworking partners, and (4)
self-report teamwork experiences. Furthermore, I took into account how indi-
vidual differences — specifically, participants” prior teamwork experiences and
their self-report anxiousness in group settings — may moderate collaboration

with either a human or an agent partner.

Results of the study show the potential for autonomous agents to effectively
facilitate team performance in an idea generation task by serving as an active
conversational partner. Moreover, as long as participants believed they were
working with an artificial agent — regardless of whether they were indeed work-

ing with an agent or not — they showed improved performance in terms of both
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the quantity and quality of ideas they generated during the study. Participants
who self-reported a higher level of anxiety in group settings yielded particu-
larly positive outcomes when working with an autonomous agent. Together,
findings in the study validate the theoretical groundwork of Social Facilitation
and Inhibition [321] and Distraction-Conflict [22, 273] and suggest the effect of

social presence can be extended to human-Al interaction.

4.1 Background & Related Work

4.1.1 Social facilitation and inhibition in human-agent team-

work

As reviewed in Section 2.2.1, since Triplett proposed the profound work on the
Theory of Social Facilitation [321], the effect of social presence has been essen-
tial to the scholarly discussion across numerous fields. Scholars soon realized
while the notion of others can elicit positive motivation that improves one’s
performance, it can also prevent a person from focusing on their own work
[39, 101, 59, 90, 315]. These contradicting perspectives leave questions as to
whether collaboration, compared to one working independently, can indeed

bring out better quality of work.

In this line of theoretical discussion, Baron made critical progress by propos-
ing the Distraction-Conflict framework [21] (see Figure 4.1 for an illustration).
According to the theory, the presence of others creates an additional source of
distraction, such that one’s attention is now divided between the people around

them and the task they are working on. These two types of events compete for
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one’s cognitive bandwidth, cause conflicts, and raise the level of arousal in one’s
mental state. While a moderate degree of arousal can make a person stay more
alert and concentrate on their task, excessive arousal can soon overwhelm them
and prevent them from focusing on their own work [98]. The former explains
Social Facilitation and the positive effect of social presence. At the same time,
the latter mechanism shows why the notion of social others can hinder one’s
performance, resulting in Social Inhibition. Existing literature has provided em-
pirical evidence to validate the theoretical framework, suggesting whether or
not social presence can benefit one’s work and whether collective work is supe-
rior to individual work have much to do with whether knowing the presence of
others brings an appropriate level of alertness.

Distraction of
other people

Presence of . Increased
Conflict Performance
others arousal

Distraction of
the task

Figure 4.1: A conceptual framework of the Distraction-Conflict Theory
(Adopted from [21])

Extending this concept to human-AlI collaboration, I ask whether knowing
one’s collaborating with a bot, rather than a human, is helpful or detrimental to
their performance. If knowing one’s working with a bot brings the same expe-
rience as working with a human, then the make or break of collaboration may
follow what the Distraction-Conflict theory proposed. If working with a bot

does not trigger as much alertness as working with a human, a person may find
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less motivation during teamwork with an artificial agent, resulting in worse per-
formance. Suppose the notion of working with a machine causes higher arousal
and makes it even more difficult for a person to focus on one work. In that case,
this may also indicate inferior outcomes of human-AI collaboration. Examin-
ing this topic helps us address fundamental questions- essentially two sides of
the same coin- in human-AlI collaboration: (1) Could working with an artificial
agent introduce additional benefits that one can hardly attain through human-
human collaboration? (2) When designing an artificial agent for collaboration,
should the agent be presented as a bot or as a human entity? Together, I sum-

marize the key inquiry that motivates the present work as follows:

RQ1: How does the informed identity of a collaborator (either as a human or as an

artificial agent) influence the performance of an individual in teamwork?

In the existing literature, scholars have treated artificial agents as “passive
others” and explored the effect of agents’” mere presence on teamwork out-
comes; namely, while these agents were present in teams, they offered a min-
imal amount of interaction [269, 193, 360, 146, 352, 268]. However, though these
studies commonly suggest even the mere presence of artificial agents can facil-
itate team performance through social facilitation, whether and how humans
respond socially to these agents in real interaction remain an active research
area. Thus, a growing body of literature has emphasized the importance of
studying interactive agents, positing interactive, contingent behaviors of agents
may further enhance perceived anthropomorphism and lead to distinct behav-
ioral responses from human users [282, 365]. Meanwhile, abundant literature in
HRI has suggested that individuals activate a different cognitive system when

interacting with robotic entities [111, 365]. Therefore, in the present study, I
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investigated the teamworking outcomes when participants collaborate with a
confederate that is either perceived as a bot or human while assessing how the
informed and perceived artificiality of the collaborative entity may elicit an ef-

fect.

4.1.2 The effect of anxiety in group communication

Whether the social presence of teammates facilitates or inhibits task success can
also be moderated by individual differences; for instance, people with different
personality traits (e.g., extrovert, introvert, agreeable, or critical) may demon-
strate significantly different behaviors in group settings [313, 92, 97]. In particu-
lar, individual differences exist in how people feel anxious in group communi-
cation [255, 142, 292]. Previous literature [292] has summarized several conver-
sational cues that reflect one’s anxiousness in group interaction; for example,
those who experience a heightened level of anxiety may apply more reserved
language and demonstrate verbal intrusiveness to keep a distance from others,
while those who feel more comfortable in group settings also show a higher de-
gree of spontaneity or more expressive and sometimes even critical languages.
Predictably, those who consistently demonstrated nervousness and anxiety in
front of their teammates often showed inferior performance during collabora-
tion as well [54, 340]. This phenomenon in group communication resonates with
the Distraction-Conflict framework [22, 21, 273]. Since the cognitive capacity of
highly anxious people is overwhelmed by concern and worries about others,

anxious people cannot engage fully with the task at hand.

Along the same vein, prior HCI research had found when individuals
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worked with artificial agents, the degree to which they worried about social
judgment and evaluation apprehensiveness was related to the agents” anthro-
pomorphic features [180, 256]. That is, the more human-like characteristics an
artificial confederate exhibited, the more concern participants demonstrated to-
ward their partner. I propose the effect of evaluative apprehension on anxious
participants’ cognitive distraction will be relatively mild when a person collab-
orates with a partner whom they believe to be artificial or with a partner who
demonstrates fewer human-like behavioral cues. However, this hypothesis has
not yet been systematically tested in human-robot teamwork. Therefore, I pro-

pose the second research question:

RQ2: How does anxiety in group communication moderate teamwork and idea gen-

eration with human and bot confederates?

4.1.3 Teamwork with computer agents

Pioneering work in Human-Robot Interaction (HRI) has examined the poten-
tial of working with robots to mitigate some of the above-mentioned issues
[269, 81, 146, 250]. Unlike the contributions of human collaborators, the pace
and content of non-human agent responses can be fine-tuned to make other
groupmates more comfortable and engaged [169]. Former research has consis-
tently revealed that, when interacting with artificial collaborators, participants
also demonstrated certain behavioral patterns similar to how they would inter-
act with human confederates [269, 146, 81]. Classic HRI literature describes the
concept of the “social robot,” which suggests that the more humanoid features

that are embedded in a bot (e.g., facial expressions, humanoid appearances),
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the more likely individuals are to view a machine-mediated agent as a human
[43, 44]. Various studies have examined the effect of autonomous agents’ phys-
ical appearance and concluded that the degree of embodiment could mediate
the level of social facilitation [156, 250, 146]. That is, when the confederate was
presented in a highly embodied form, such as in a humanoid robot, the so-
cial facilitation effect tended to be stronger. Conversely, participants were less
likely to benefit from social facilitation when a non-human confederate appears
in a low-level embodiment format, such as an animated image on the screen.
Ongoing work in the field found robots in teams can facilitate interpersonal in-
teraction and alleviate conflicts among other human teammates [295, 150, 319].
More recently, scholars have proposed that robots’ tireless, constantly produc-
tive nature may encourage other human teammates in a group to contribute
continuously as well [32, 319]. Building on these promising shreds of evidence,
I examine how a team partner’s informed identity — as a human or autonomous
agent — could influence individuals” experience and performance in a collabo-

rating setting.

4.2 Method

In the present research, I conducted a series of three studies to examine the effect
of a teamwork partner’s perceived identity. For all three studies, participants
worked on a brainstorming task with a teammate through text-based commu-
nication online. In Study 1, participants worked with either a chatbot (the Real
Bot condition) or a human confederate (the Real Human condition). In Study 2,
all participants worked with a human teammate but were informed that their

partner was either a human (the Real Human condition) or a chatbot (the Fake Bot
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condition). Conversely, all participants worked with a chatbot in Study 3, but
their partner was described as either a chatbot (the Real Bot condition) or a hu-
man (the Fake Human condition). For all three studies, I recorded chat logs from
the team conversations as behavioral data and used a post-study questionnaire

to capture participants’ subjective experiences during teamwork.

4.21 Participants and procedure

For all three studies, I recruited participants through Mechanical Turk (MTurk)
(Study 1: N = 63; Study 2: N = 68; Study 3: N = 54)?, using the following recruit-
ment criteria: (1) participants located in the United States, (2) HIT approval rate
greater than 97%, and (3) more than 500 HITs approved over the worker’s life-
time. I selected MTurk as the recruitment and conducted the study online for the
following reasons. First, the study was launched admist the worldwide COVID-
19 pandemic, such that conducting in-person lab studies was not encouraged by
my affiliated institution (Cornell University) at that time. Second, recruiting on-
line allows me to access participants of more diverse demographic backgrounds
and those who have experienced collaboration in real work scenarios. By con-
trast, recruiting for in-person studies on campus would mostly attract Univer-
sity students, resulting in a more homogeneous sample with limited experiences
as working professionals. Finally, the form of communication (i.e., online chats
through text) applied during teamwork sessions for the present study did not
at all demand participants to interact with their teammates in person. As a re-

sult, I did not find a significant difference in the teamwork quality regardless of

2Before the formal data collection process, I conducted a pilot study with 28 participants to
ensure the validity of measurements used in the research and refined the study protocol. Using
G*Power 3.1, I also ran a power analysis for an independent sample t-test (o = .05) to determine
the target sample size, which is around 30 participants per condition.
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whether they were present in a lab for the study.

The experiment was distributed and conducted entirely online via Qualtrics.
Participants who consented to participate first completed a pre-survey reporting
their self-evaluated creativity [317] and level of anxiety in group communication
[292]. They then worked on a brainstorming task with a conversational partner
through online chat. In conditions where participants were assigned to work
with a human partner, a research assistant would follow a script and engage in
team conversations with participants via Chatplat®. This online chat platform
has been used in a number of empirical studies (e.g., [46, 157, 349]). In condi-
tions where participants were assigned to work with a bot, they would interact
with a chatbot designed and deployed through Juji.io*. The chatbot was coded
with the same script as the research assistant used to play the human teammate,
ensuring the content and the ideas provided by the chatbot were identical as in
those conditions when participants worked with a human confederate. Partic-
ipants who completed the study were compensated with $7 cash. For all stud-
ies, all participants provided informed consent, and all protocols were reviewed

and approved by the Institutional Review Board (IRB).

Both the research assistant and the chatbot applied the same conversational
flow when interacting with all participants. They would first greet the partici-
pants, introduce itself, and invite participants to start working on the task. Fol-
lowing this, the chatbot or the research assistant would propose the first idea,
ask participants” opinions about the idea, and ask whether they had other ideas
in mind. If participants did not have an idea to contribute, the chatbot or the

research assistant would move on to propose the next idea. During each 10-

Shttps:/ /www.chatplat.com/
4h’ctps://juji.io/
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minute brainstorming task, the chatbot or the research assistant could poten-
tially contribute as many as ten ideas. These ideas were collected from the top
ten ideas that participants most often came up with in a previous study that
used the same prompt [301], and they were presented to participants in a ran-
dom order. Besides, if participants said something that the chatbot could not
process, the default response was, “Tell me more about that!” It would then

wait for participants’ response and move on to propose the next idea.

4.2.2 Measures

Through the study sessions, I captured participants’ team brainstorming experi-
ence and outcomes through a diverse set of behavioral and self-report variables.
First, I recorded the chat logs of all team conversations chat transcripts of during
all conversations and analyzed both the quantity and quality of ideas generated
by participants. Besides, the pre- and post-surveys included various self-report
variables capturing participants’ teamwork experience and their perceptions to-
ward their team partners. All items in the surveys were measured on 7-point
Likert scales unless specified otherwise. Table 4.1 provides descriptive statistics

of all quantitative measures.

Idea generation outcomes were coded from participants’ chat transcripts
and evaluated on six measures [274, 174]. These include (1) the number of ideas
generated. (2) The length of idea description calculated by word-counts of each
idea. (3) Originality of ideas, coded on a 3-point scale. An idea’s originality was
coded as 1 if it is an existing idea, as 2 if participants combined an existing idea

with their own new input, and as 3 if it was a completely new idea that has
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Table 4.1: Descriptive Statistics of the Three Studies (Adopted from [161])

Experiment Study 1 Study 2 Study 3
M  S.D. M SD.| M S.D.
Anxiety in group communication || 3.87 123 | 436 135 | 412 1.26
Idea generation outcomes
Count of ideas 531 355 | 403 3.06 | 465 3.36
Length of idea 19.33 10.83 | 1470 7.94 | 16.90 9.69
Originality 127 036 | 511 3.07 | 327 294
Load of information 1.80 054 | 146 061 | 1.63 0.59
Logic with oneself 025 020 | 026 020 | 024 0.23
Logic with partner 028 027 | 027 017 | 028 0.21
Creative self-efficacy 506 129 | 538 1.01 | 524 1.18
Perception toward partner
Perceived dominance 270 166 | 340 206 | 3.89 179
Perceived productivity 595 1.07 | 590 1.09 | 6.00 1.03
Perceived creativity 477 188 | 511 134 | 496 1.58
Concerns about partner 348 183 | 440 185 | 393 208
Conversational experiences
Express thoughts 638 087 | 625 085 | 624 0.79
Pause and wait 592 129 | 578 112 | 544 1.69
Pressure to contribute 381 201 | 428 181 | 470 1.89

not been commonly practiced for water and energy conservation [? ]. (4) Logic
with partner was coded in a binary fashion, capturing whether an idea is (1) or
is not (0) related to what their partner previously proposed. (5) Similarly, Logic
with oneself was also a binary measure, denoting whether the idea connected
to what participants previously mentioned themselves or not. (6) Load of infor-
mation in ideas was coded on a scale of 3-point scale, measuring the amount of

information embedded in the idea.

Creative self-efficacy. Participants evaluated their own performance after
the teamwork session using the Creative Self-Efficacy scale adopted from Tierney

et al.’s literature [317].

Anxiety in group communication were adopted from Stephen et al.’s liter-
ature [292]. Per the results of a Shapiro test, participants” anxiety scores in all

three studies were normally distributed (Study 1: p = 0.373; Study 2: p = 0.276;
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Study 3: p = 0.405).

Perception toward teammate measured participants” perceived dominance
and productivity of their partner. Given the context of the present experiment
(i.e., teamworking on a brainstorming task), I also asked participants to evaluate

how creative their partners were.

Conversational experiences capture whether participants could freely ex-
press their thoughts in the conversation, whether they paused and waited for
their partners while noting they were inserting messages as the (...) sign showed
up, and whether they felt pressured to come up with ideas when they were

asked to contribute to the task [240, 230].

Manipulation check. To ensure successful experimental manipulation, I
asked participants whether they considered their conversational partners as
“absolutely bot” or “absolutely human.” Participants responded to this ques-

tion using a 100% slider scale.

4.3 Results

4.3.1 Overview of data analysis

I tirst used two-tailed, independent sample t-tests to evaluate the main effect
of experimental conditions (the informed identity of a teammate as either a hu-
man or a bot) on dependent variables. To test the significance of moderating
effects, I applied general linear models from the 1mer package in R, including

participants” unique IDs as a random factor. Finally, I performed path analysis
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to test mediation, using the single-mediator SEM model of the lavaan package
in R. For analysis measurement without a fixed scale (e.g., the total count of
ideas generated, the length of idea description), I used standardized z-scores
for analysis. Furthermore, based on convention in statistics literature [308], I ex-
cluded data with values outside the range of M + 3.295.D. to mitigate the effect

of extreme values. All statistics of the three studies were reported in Table 4.2.

4.3.2 Manipulation check

I began the data analysis by assessing whether the experimental manipulation
was successful.  used a two-tailed independent sample t-test to check and eval-
uate participants’ responses to the question of whether their teammate was a bot
or a human. Test results showed successful manipulation as those who were
told they were working with a human indeed believed their team partner was a
human, and vice versa (Study 1: t = =9.11, p < 0.001; Study 2: ¢ = 3.46, p < 0.001;
Study 3: 13.87, p < 0.001).

4.3.3 Idea generation outcomes

Across the three studies, participants yielded better performance in the idea
generation task as long as they believed they were working with a teamwork
agent instead of a human, such that they generated a significantly greater num-
ber of ideas (Study 1: ¢ = 6.24, p < 0.001; Study 2: ¢ = 3.83, p < 0.001; Study 3:
t = 3.83, p < 0.001) and ideas described with greater lengths of details (Study 1:
t =3.46,p = 0.001; Study 2: t = 3.88, p < 0.001; Study 3: ¢ = 3.88, p < 0.001). Fur-
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thermore, two research assistants were trained to rate the quality of these ideas
and reached satisfying inter-rater reliability (with an agreement rate greater
than 85% for all three studies). I again conducted t-tests with these ratings
and found participants generated ideas with better qualities when the informed
identity of their teammate was a bot, leading to ideas with significantly greater
originality (Study 1: t = 4.47,p < 0.001; Study 2: ¢t = 2.75, p = 0.008; Study 3:
t = 2.75,p < 0.01), a greater load of information (Study 1: r = 4.83, p < 0.001;
Study 2: ¢+ = 2.93,p = 0.002; Study 3: ¢ = 2.93,p < 0.001), and increased log-
ical connections across their own ideas (Study 1: ¢ = 3.43,p < 0.001; Study 2:
t = 4.48,p < 0.001; Study 3: ¢t = 4.48,p < 0.001), while there was no signif-
icant difference in whether participants connected their own ideas with their
teammate’s (Study 1: + = 1.67, p = 0.100; Study 2: r = 0.66, p = 0.090; Study 3:
t=0.66, p = 0.091).

Additionally, I also qualitatively examined patterns in participants’ idea gen-
eration processes with their team partners using linkographs [138]. These linko-
graphs demonstrate the number of ideas using nodes and their connectivity
using links. The higher density in these “webs” of ideas showed greater rel-
evance between former and later ideas. The distance between connected dots
shows whether related ideas came from adjacent ones or from those contributed
much earlier in a conversation. When investigating participants” linkographs
(see Figure 4.2 for examples), I saw more complex, interrelated patterns of the
brainstorming process of high-performing participants when they believed they
were working with a bot partner, whereas linkographs of high-performing par-
ticipants who believed they were working with a human teammate were rela-

tively sparse.
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Figure 4.2: Examples of high-performing participants’ Linkographs in Study 3
when the informed identity of the team partner was a bot (upper) vs. a human
(lower). (Adopted from [161])

4.3.4 Creative self-efficacy

Based on an independent sample t-test, there was no direct main effect of ex-
perimental conditions on creative self-efficacy (Study 1: ¢+ = 0.73,p = 0.500;
Study 2: t = .53,p = 0.600; Study 3: + = 0.79,p = 0.500). However, re-
sults from Study 1 and Study 3 showed that participants’ creative self-efficacy
could be marginally moderated by their self-reported anxiousness in group
communication settings (Study 1: F(3,59) = 1.64, R? = .07,p = 0.042; Study 2:
F(3,59) = 043,R* = .02, p = .470; Study 3: F(3,50) = 1.01,R* = .06, p = 0.090),
such that highly anxious participants reported significantly higher creative self-
efficacy when they believed they were brainstorming with a bot, compared to

those who thought they were interacting with a human confederate.
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4.3.5 Perception toward teamworking partners

Through independent sample t-tests, I found that participants rated their bot
partner as more dominant than the human confederate (Study 1: r = 2.82,p =
0.006; Study 2: ¢ = 1.91,p = 0.060; Study 3: t = 3.30,p = 0.002). However,
participants” perceived productivity (Study 1: ¢+ = -0.34,p = 0.700; Study 2:
t = 2.63,p = 0.010) and creativity (Study 1: + = —1.55, p = 0.100; Study 2: ¢ =
2.84, p = 0.006) of their partners did not show a consistent trend across the three

studies.

4.3.6 Conversational experiences

Results from Study 1 and Study 2 showed that participants felt greater pressure
to come up with ideas during the teamwork session when they believed they
were working with a bot rather than a human (Study 1: r = 3.08,p = 0.003;
Study 2: t = 2.17,p = 0.033; Study 3: ¢t = 0.19,p = 0.854). However, there
was no consistent trend revealed across the three studies in terms of whether
participants could freely express themselves in team conversations (Study 1:

t =1.52,p = 0.100; Study 2: t = 0.21, p = 0.80; Study 3: ¢ = 2.60, p = 0.012).
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4.4 Discussion

Throughout a series of three studies, I consistently found participants generated
more ideas and contributed ideas with better quality when they perceived their
collaborator as an autonomous agent. These findings can be explained as fol-
lows. First, based on Social Facilitation theory [5, 321, 359] and the Distraction-
Conflict framework [22, 21, 273], I propose that working with a non-human
agent may reduce concerns about teammates’ social evaluation. This could al-
low users to better concentrate on their own brainstorming processes, leading
to more fruitful outcomes for idea generation. Secondly, though not directly
measured in the quantitative data, participants” qualitative feedback at the end
of the study described working with an agent as a “cool” and “fun” experi-
ence and was “more interesting than expected.” Furthermore, some participants
even treated teamworking with an agent as a game and attempted to come up
with more ideas than their bot teammate did. Long suggested by the creativity
literature [294, 174], being able to enjoy a work process is key to one’s success in

innovation.

Furthermore, I found that certain outcomes of interacting with a non-human
agent could be dependent on the conversational styles applied by the confeder-
ate. In particular, though I observed a moderating effect of individuals” group
anxiety in Study 1 and Study 3, the pattern was not significant in Study 2. Pre-
vious research in HRI and anthropomorphism suggested humans have the ten-
dency to view other subjects as humans when they perceive humanoid cues (i.e.,
a human conversational style as applied in Study 2) [365, 118]. This effect may
be more prominent among highly anxious participants since they were already

quite occupied with engaging in a team setting. With less cognitive control,
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highly anxious participants may treat their human-acting fake bot partner more
like a human partner. Therefore, the positive effect of perceived bot identity did

not affect these anxious participants in Study 2.

Findings of the present research, specifically those relevant to the convers-
ing style of non-human confederates, offer rich insights for the design of future
teamwork agents. To begin with, an autonomous agent can facilitate individu-
als’ work without anthropomorphizing. In fact, signaling social-behavioral cues
that are more robotic can be beneficial to solving a creative teamworking task.
Additionally, the notion of working with an artificial entity could also bring
more novel, interesting experiences as well as benign competition, which, all
together, could contribute to greater engagement and innovative outcomes of

human-AI collaboration.

I suggest the future design of artificial agents can adopt a greater degree of
user control over bots” conversational styles to facilitate teamworking and idea
generation. Specifically, when I take into account individual differences in the
level of anxiety in group communication, a robotic-sounding or a human-like
conversational style may benefit different groups of participants, respectively.
Anthropomorphic features (e.g., physical appearance, facial expressions, emo-
tional responses), as well as conversational cues (e.g., pace, formal or informal
language, use of emojis, paraphrasing, and pausing to wait for users), can be

promising areas for user-enabled customization.

Similar design implications may also be insightful for designing au-
tonomous agents for educational purposes, though further research is required.
In fact, the brainstorming task used in the current study simulates in-class ac-

tivities that are commonly applied to learning. The task not only asked partici-

53



pants to generate creative ideas for a specified topic, but the brainstorming pro-
cess also required them to connect and apply existing domain knowledge in the
topic area [90]. To encourage students to speak up and express their ideas more
openly, designers and engineers of bots for classrooms may consider the posi-
tive effect of robotic-signaling features on participants who demonstrate anxiety

in groups.
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CHAPTER 5
CALIBRATING SOCIAL EXPERIENCE IN HUMAN-AI COLLABORATION
THROUGH PERCEIVED CAPABILITY OF AGENT

In the previous chapter (Chapter 4), I found that as long as participants be-
lieved they were working with an agent, reduced concerns for social evaluation
allowed them to focus more on the tasks at hand, which can effectively enhance
their performance at work. In this regard, to what extent should a teamwork
agent offer helpful, high-quality content in order to support human work? In
other words, how intelligent or capable should such teamwork agents be in or-
der to effectively support teamwork? In this section, I thus further explore the
effect of a teamwork agent’s capability — or more precisely, perceived capability

evaluated by its users.

To address this research inquiry, I began with reviewing the literature on
human-agent team relationships, where I noticed a recurrent theme in schol-
arly discussions: despite acknowledging the constantly advancing capabilities
of autonomous agents, users may still resist working with such machines - or,
more precisely, refuse to receive the help from then artificial entities. To dive
deeper into the causes of this phenomenon, I reviewed and drew insights from
the Theory of Social Comparison, which is oft-cited to explain why humans do
not necessarily accept help from and collaborate with the most competent. Ac-
cordingly, I designed two teamwork agents: a Smart Bot which provides high-
quality, innovative ideas for a team brainstorming task, and a Dumb Bot, which
offers low-quality, mundane ideas for the same task. I again observed how users

interacted with these agents and recorded their self-report and behavioral data.
I found that the Smart Bot, though perceived as more capable of delivering
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high-quality teamwork, was perceived as less humanoid and discouraged par-
ticipants’ contributions to the team. This led to participants’ negative percep-
tions of their own performance in the teamwork and decreased their willingness
to cooperate with their bot partner in a subsequent task. By contrast, partici-
pants generated more ideas when they worked with the Dumb Bot, leading to
more positive views of their own performance and an increased likelihood of
taking suggestions from their bot partner. In the following sections, I elaborate

on related work, methods, findings, and implications of the present study.

5.1 Background and Related Work

5.1.1 Beyond trust: When do humans rely on agent teammates?

Trust and reliance attract key research interests in human-agent teamwork.
Based on Lee and See’s oft-cited theoretical framework [197], scholars com-
monly conceptualize users’ trust in an autonomous agent based on its pur-
pose, process, and performance. However, as [216] proposed recently in
their theoretical framework, users’ trust toward intelligent agents is a multi-
dimensional construct — beyond agents” performance, users are commonly af-
fected by other motivational, interpersonal, and social aspects in human-agent
interaction [179, 203, 154]. In this study, I focus on the perceived capability of
an autonomous agent. In theory, a more competent agent should produce more
trust and lead to greater compliance from users. Still, social comparison might
reduce users” willingness to rely on the agent. In this regard, I propose two

competing hypotheses for the present research:

H1a: Users are more likely to rely on and comply with the Smart Bot in teamwork,
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due to its heightened competence and trustworthiness.

H1b: Users are more likely to rely on and comply with the Dumb Bot in teamwork,

due to positive experiences during interaction.

Existing work has studied various moderating factors in the trust-reliance
relationship of human-agent interaction, providing insights into where things
may “go wrong” even when agents are equipped with sufficient capacity to
carry out teamwork tasks. While abundant work has investigated the influence
of agent’s performance (e.g., reliability, error rate), teamwork task (e.g., the level
of risks and uncertainty in task scenarios), and personal characteristics of users
(e.g., personality, prior experience with a bot), few studies have examined the
effect of users” psychological experiences during and after working with intel-
ligent agents. In other words, existing literature has informed how the quality
of an agent can influence users’ trust and reliance, while I intend to further
explore how experiences of social comparison during human-agent interaction
may influence users’ perception of themselves and their reliance on the machine
teammates. To address this topic, I built on prior work in social psychology and
organizational behaviors, which has long studied how individuals” reflection
of their own performance in group settings may affect their subsequent behav-
ior through the concept of social comparison, which I elaborate further in the

following section.

5.1.2 Psychological experience of social comparison

Comparing ourselves to others is one of the most innate human tendencies, and

it drives a wide range of complex emotions in social settings [91, 264]. The
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Comparison Target

| No / Low Relevance | | High Relevance |

Experience of social comparison
may not be triggered

Downward Comparison Upward Comparison

Compare to a less Compare to someone
competent target "better off”

I Others << Self | | Others < Self | | Others > Self | | Others >> Self |
Amotivation, withdrawal Tendency to help out Driven to participate and Harm self-worth, efficacy,

from participation less capable teammates improve and motivation in teams

Figure 5.1: Three essential components of social comparison: Relevance, Direc-
tion, and Salience

emotional experiences of social comparison require assessment and reflection
on one’s own performance, resources, or trajectory compared to others. This
emotional tendency often provides an instant reaction upon sensing the dif-
ference between others and ourselves. As a result, perceptions of differences
between ourselves and others can, directly and indirectly, influence subsequent
sentiments and behaviors [258, 264]. Festinger was one of the first to formally
construct humans’ tendency of social comparison in his Theory of Social Com-
parison [116]. Along with subsequent theoretical frameworks [346, 73, 232, 314],
the line of research proposes three cornerstones of social comparison: relevance,

direction, and salience.

Relevance concerns whether a compared target is close to one’s own situa-
tion. If one perceives low or no relevance to a comparer, social comparison may
not occur at all. For instance, one may feel jealous if a colleague on the same
team receives a higher salary but are indifferent to Elon Musk’s annual earn-
ings. Then, do humans relate and compare themselves to computer agents?
Prior work commonly established on the “Computer as Social Actors (CASA)”
paradigm [237] and have shown humans did demonstrate social comparison —
like how they would compare themselves to other human entities — when inter-

acting with agents. As human users treat and interact with computer-mediated
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agents as social actors, I also hypothesize they would socially compare them-

selves to a teamwork agent.

Direction indicates whether a person compares oneself to someone better
(upward comparison) or someone less competitive (downward comparison). In
teamwork, individuals are more sensitive to the difference in their own perfor-
mance compared to others, setting the ground for upward or downward com-
parison [233, 232]. Furthermore, they demonstrate distinct traits when experi-
encing these two opposite types of comparison, which is further moderated by

the salience of perceived difference between a person and their target.

H2: Human users are likely to demonstrate upward comparison when they work
with a more competent agent (i.e., the Smart Bot, which provides high-quality ideas)
and downward comparison when working with a less competent agent (i.e., the Dumb

Bot which provides low-quality ideas).

Salience describes the extent of the perceived difference between oneself
and their compared target. Often, individuals exhibit downward comparison
to secure a certain victory, especially when they perceive threats to self-esteem
or in a competitive environment [314]. In teams, prior research has also found
individuals are more likely to provide help to less competent colleagues. How-
ever, working with substantially less capable teammates can cause demotiva-
tion [67, 346]. On the contrary, while modest upward comparison can encour-
age one’s improvement and contribution at work, working with a considerably
more capable teammate can harm one’s perceived efficacy, motivation, and self-

worth in teams [316, 344, 345].

H3a: In downward comparison with the Dumb Bot, human users may become dis-
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interested in working with an agent if the perceived performance difference is excessive.

H3b: In upward comparison with the Smart Bot, human users may become disin-

terested in working with an agent if the perceived performance difference is excessive.

5.1.3 Social comparison with intelligent agent

To date, the theories and concepts of social comparison have most often been
applied to study human-to-human comparisons. In contrast, work studying
human-to-agent comparison still needs to be explored. Moreover, among the
limited work investigating direct comparison between humans and agents, such
as [190, 231], the two parties have often been treated as competitors (i.e., a par-
ticipant and a bot would work on an identical task independently then compare
the outcomes of their performance) instead of collaborators. However, scenar-
ios in which humans and autonomous agents work toward the same goal better

match the usability of today’s Al-empowered applications.

More recent work in human-robot or human-chatbot interaction has adopted
autonomous agents as collaborators in teams [151, 169, 354, 298]. In these stud-
ies, bots may serve as conversational moderators, passive presenters, or active
team contributors. Though these studies consistently demonstrated users could
become more driven during teamwork when interacting and comparing them-
selves to bots, the complex experiences of social comparison have not been fully
captured. As I elaborated in the previous section, social comparison can fre-
quently elicit negative team experiences, mainly due to perceived inferiority in
one’s ability compared to teammates’. Additionally, based on work reviewed

in Section 5.1.1, negative team sentiments during teamwork can serve as influ-
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ential moderators, such that an agent’s technical capabilities do not guarantee
successful human-agent collaboration. Together, this highlights that our under-
standing remains scarce regarding whether and when social comparison can
cause detrimental outcomes in human-agent teamwork. Therefore, I post this

overarching research question for the present study:

RQ1: When and how experiences of social comparison may potentially harm human-

agent teamwork?

Synthesizing the literature review, I first identified several research gaps in
existing HCI research on social comparison and highlighted the need to exam-
ine the impact of social comparison on human-agent teamwork, as users’ ex-
periences of interacting and comparing themselves to a machine teammate can
potentially moderate their behaviors during teamwork, leading to the making
or breaking of collaboration. As in prior work, I build on the CASA paradigm,
assuming users would treat computer agents as social actors. Based on this
theoretical foundation, I propose teamwork agents can be targets of social com-
parison. I manipulate the degree of agents’ competence by building the Smart
Bot and the Dumb Bot. This allows me to examine users’ responses to agents
during upward and downward comparisons. Furthermore, I examine the ef-
fect of salience in users’ perceived differences with their teamwork partners. In
particular, I investigate whether greater perceived differences in performance
could harm human-machine partnership [116]. I operationalize this conceptual
framework (Figure 5.2 to two teamwork tasks: a co-brainstorming exercise ses-
sion where participants would come up with new ideas collaboratively with
their bot teammates and a color block task where participants need to make

collective decisions with the bot. I capture participants” behavioral changes,
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if any, through three dimensions, including (1) their actual team contribution
measured by the number of ideas they generated during team brainstorming,
(2) subjective team contribution measured by self-report questions, and (3) re-
liance and compliance with teammates measured by whether they adopt the

agents’ suggestions during the co-decision-making process.

Salience of Social
Comparison

Perceived Difference
in Performance

[ Actual Contribution Number of ideas
Direction of to Teamwork generated
Social Comparison

Competence of H Sl AER Ol I Ml Self-report work
Agent to Teamwork contribution

Tendency to adopt
agent’s suggestion

Reliance & Compliance

Figure 5.2: Conceptual framework for the present research

5.2 Method

The present study consists of four components: (1) A pre-survey to perform
ground-truth labeling for the pool of ideas I later used to build the Smart Bot
and the Dumb Bot. (2) A Wizard-of-Oz experiment to examine participants’
responses to the Smart Bot and the Dumb Bot. (3) An experiment replicating
findings from the Wizard-of-Oz study while using chatbots to autonomously
carry out teamwork with participants. (4) A post-survey to evaluate team per-
formance through crowdsourcing ratings. All parts of the present study were
reviewed and approved by the Institutional Review Board, and all participants
signed informed consent. All parts of the study protocol were reviewed and

approved by the Institutional Review Board (IRB).
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5.2.1 Rating idea quality

Adopting a total of 401 ideas generated by participants in the previous study
(Chapter 4), Ilaunched a survey asking 89 MTurk participants to rate these ideas
(61.90% identified as male, 34.52% as female, 3.57% as other). Each participant
rated 50 randomly assigned ideas by how practical, creative, and informative
each idea was using 7-point Likert scales [274]. I then averaged values from the
three scales for each idea (M = 4.50,S.D. = 0.61) and labeled those with top 25%
ratings as high-quality ideas (i.e., smartideas: M = 5.25,5.D. = 0.26) and bottom
25% ratings as low-quality ones (i.e., dumb ideas: M = 3.70,5.D. = 0.34). Results
of the independent sample t-test further confirm significant mean differences

between the high-quality and the low-quality ideas (r = —34.98, p < .001).

5.2.2 Human-agent teamwork experiments

Based on the set of high- and low-quality ideas, I conducted two between-
subject, single-factor experiments with two conditions, such that participants
were randomly assigned to either work with the Smart Bot or the Dumb Bot
on a team brainstorming task. The first experiment was conducted through a
Wizard-of-Oz protocol, where a research assistant played the teamwork agent
using a pre-written script. The second experiment followed the same procedure
to replicate the findings of the first experiment, while it was entirely carried
out by autonomous chatbots. In the Smart Bot condition, the research assis-
tant would randomly draw from the pool of high-quality ideas; in the Dumb
Bot condition, low-quality ideas were randomly presented to participants. All

study sessions were conducted online, collecting data through a Qualtrics ques-
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tionnaire.

Participants.

For both experiments, I recruited participants (N = 121 for Experiment 1, N
= 216 for Experiment 2)! on Amazon Mechanical Turk (MTurk), applying the
following criteria: (1) participants had completed at least 500 MTurk HITs with
an approval rate greater than 96%, (2) participants were located in the United
States, and (3) participants had not previously participated in the pre-survey
to provide ratings for ideas. Participants received US$7 as compensation. Due
to similar reasons as described in Section 4.2.1, I was motivated to recruit and
conduct the study online. All parts of the present study were conducted during
the worldwide pandemic, while I still aimed to recruit participants with diverse

backgrounds and work experiences.

Procedures.

The full study flow is illustrated in Figure 5.3. After consenting, participants re-
sponded to a pre-task questionnaire, which surveyed their self-efficacy in tack-
ling the brainstorming challenge. Participants then moved to a brainstorming
task (the same one used in Chapter 4), which asked them to come up with new
ideas for water and/or energy conservation [301]. Participants first spent 3 min-
utes generating as many ideas as possible on their own. Next, participants were
informed that they would be working with an Al chatbot on the same brain-

storming task. In Experiment 1, they would instead be working with a research

'The sample size was again determined by performing a power analysis based on data col-
lected from a pilot study with 21 participants.
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assistant, while participants in Experiment 2 worked with a fully autonomous
chatbot.? Each brainstorming session took 8 minutes. After the brainstorming
session, participants completed a post-task survey about their teamwork expe-

riences.

Participants then worked on a second task, the Color Block task (adopted
and revised from [312]; also see Figure 5.4). During this task, participants saw
seven color blocks and would get a unique value when clicking on each block.
Their job was to pick which block yielded the highest value. All participants
would get the highest value (70 points) if they clicked on the black block and
the lowest scores when they clicked on the white block. They first had five trials
to explore the values of different blocks on their own. Then, they joined a team
discussion with a team partner (a research assistant in Experiment 1 or a chat-
bot in Experiment 2). They were told to jointly select one block that yields the
highest scores for each team. During the conversation, the team agent would
offer conflicting information, suggesting the white block would give the high-
est points. When participants recognized the conflict, the bot would suggest
choosing the gray block in the middle as a compromise. After leaving the con-
versation, participants were asked which block they would choose as a final
decision for their team. I examined how far participants shifted away from the
black block to measure the extent to which they were affected and agreed with
their teammate. Finally, participants reported their demographic data in an exit

survey.

2Team interaction with the research assistant was again carried out through text-based com-
munication on Chatplat, and the autonomous chatbot in Experiment 2 was again deployed
through Juji.io.
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Figure 5.3: The study flow of the present experiment.

Participants saw 7 blocks
and would be shown the

Remember, your task is to pick the block that yields the highest value. value once they selected
a block.

l:‘ |:| I:‘ . . . Participants had 5 trials
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different blocks.
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The values assigned to each block are as follows:
O E B RN
10 20 30 40
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Figure 5.4: An illustration of the Color Block task. Participant had 5 trials to
explore the values of different blocks. Their goal was to choose which block
yields the highest value with their team partner.

Measurement

All quantitative variables in the study were measured on 7-point Likert scales
unless specified otherwise. I report their descriptive statistics in Table 5.1.
All multi-scale measures showed satisfactory inter-scale reliability (Cronbach’s
« > .70). The variables measured in the study were selected to capture (1)
perceived difference in performance: participants rated the performance of their
teammate and themselves. I calculate the difference between the two ratings to
measure the salience of performance difference in social comparison. Positive
scores indicate downward comparison (i.e., participants viewed themselves as
better off than their teammates), while negative scores represent upward com-

parison (i.e., participants considered themselves as less competent than their
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teammates). (2)Subjective team contribution. Participants rated their perceived
contribution of themselves and their teammate (1= "My teammate contributed
more”; 7= "1 contributed more”) [66]. (3) Actual team contribution. 1 coded the
number of ideas generated during each team conversation based on the chat
transcript of each brainstorming session. (4) Reliance and compliance with the
teammate. 1 used participants’ selection of color blocks as a scale to measure how
willing they were to comply with the teammate’s suggestions when conflicting
opinions arose in teams. I also asked participants to describe their teammate
using open-ended text and to report their demographic data.

Experiment 1 Experiment 2
Dumb Bot Smart Bot | Dumb Bot Dumb Bot
Perceived Difference in Performance

Partner performance 5.A1+£1.27 578+1.16 | 537+1.05 54+1.04
Self-performance 533+1.15 531+135|557+0.84 5.56+0097
Subjective Team Contribution

Work contribution [474+143 390+1.75]445+136 4.65+1.02
Actual Team Contribution

Ideas generated [3.19+237 2.13+1.61 [629+3.58 8.18+3.67

Reliance and Compliance with Teammate
Color block decision (Proba- | 0.47 +0.50 0.59+0.50 [ 0.54+0.50 0.49 +0.51
bility to select the Black block)

Table 5.1: Descriptive statistics of variables in Experiment 1 & 2

5.3 Results

I conducted all the analyses using the Imer package in R [261] to construct linear
mixed-effects models, as they are more robust in addressing individual vari-
ability [133]. For all linear models, I controlled for the random noise of indi-
vidual subjects [27]. I first tested the main effect of the partner’s competence
(manipulated through the Smart Bot vs. Dumb Bot conditions) on perceived
performance difference, subjective, and actual team contribution. I then exam-

ined participants’ reliance on the teamwork agent through their responses in the
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subsequent Color Block task (1 = reject the agent’s suggestion and stick with the
Black block; 0 = comply with the agent and switch to the White block). Finally, I
examined how the salience of social comparison may moderate the effect of the
partner’s competence by testing their interaction effect in linear mixed models.

Table 5.2 summarized the statistical tests I performed for data analysis.

Experiment 1 Experiment 2
B S.E. p B S.E. p

Main effect of agent’s competence (statistics reported for the effect of experimental condition)
dependent variable ~ condition + (1l]|subject ID)
Performance difference -0.69 0.21 0.001** -0.59 0.12 <0.001*
Work distribution -0.84 0.30 0.005** -0.33 0.19 0.035%
Ideas generated -1.05 0.40 0.010* -3.41 0.50 <0.001***
Color block decision 0.47 0.37 0.206 0.69 0.29 0.017*
Moderating effect of perceived difference (statistics reported for the interaction term)
dependent variable ~ condition x perceived difference + (1]|subject ID)
Work distribution 0.39 0.23 0.098+ 0.58 0.20 0.005**
Ideas generated 0.09 0.41 0.817 -0.75 0.55 0.175
Color block decision -0.60 0.37 0.091% -0.18 0.08 0.020*

Table 5.2: Summary of statistical tests in Experiment 1 & 2.

5.3.1 Manipulation check and perceived performance differ-

ence

I first confirmed the success of experimental manipulation, as participants’ rat-
ings for the Smart Bot’s performance were significantly higher than those for
the Dumb Bot in both experiments (Experiment 1: F = 8.75, p = .004; Experi-
ment 2: F' = 14.15, p < .001). In terms of relative performance (i.e., the difference
between the agent and each participant’s own performance), participants con-
sistently rated their own performance as significantly better than the Dumb Bot
and significantly worse than the Smart Bot (Experiment 1: F = 10.49, p = .002;
Experiment 2: F = 24.38, p < .001).
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5.3.2 Subjective team contribution

Though participants reported a better team experience working with the Smart
Bot than with the Dumb Bot (Experiment 1: F = 7.94, p < .001; Experiment 2:
F = 450, p = .035), they reported that they made fewer contributions when
teaming up with the Smart Bot than with the Dumb Bot (Experiment 1: F =
6.35, p = .013; Experiment 2: F = 3.73, p = .055).

5.3.3 Actual team contribution

Participants” actual team behavior during the team brainstorming task aligned
with their self-report work distribution — they came up with more ideas when
they spoke with the Dumb Bot than with the Smart Bot (Experiment 1: F =

6.85, p = .010; Experiment 2: F = 48.00, p < .001).2

5.3.4 Reliance and compliance with teamwork agent

In the subsequent Color Block task, most decided either to persist with the black
block (59.80%) or to follow the bot’s suggestion (i.e., switching to the white
block; 27.94% of total participants). Whether they chose the White Block or not,
40.20% of participants shifted some degree away from their original choice (the
black block). In particular, participants were significantly more likely to stick

with their original choice of the black block after interacting with the Smart Bot,

3Though ideas presented by the Smart Bot was more elaborate, participants did not spend
more time reading the smart ideas nor had less time to generate ideas, as I checked the chat log
and there was no significant difference in the number of iterations between the two conditions.

69



o 1:00
[&) 10 condition
(_U dumb
[a1] smart
+ 0.75
® T 3
C ©
o 0.50 2
= (0]
> o 6
= 2
o)
S 0.25 g
8 o
[e) dumb 4
| =
o smart

0.00

-2 0 2
Performance Difference 2 4 6

partner identify (bot - human)

Figure 55: The relationship be-
tween perceived performance differ-
ence and likelihood to choose the
black block.

Figure 5.6: The relationship between
perceived identity of partner and
ideas generated by participants.

while they were more likely to accept the Dumb Bot’s suggestion (Experiment 1:

F =17.19, p = .008; Experiment 2: F = 7.19, p = .008).

5.3.5 Moderating effect of social comparison

Participants” perceived performance difference between themselves and the
team partner could moderate their decision to comply with the teamwork agent
in the subsequent Color Block task (Experiment 1: 8 = —.60, S.E. = .37, p = .090;
Experiment 2: g = —-.86, S.E. = .38, p = .023). Among those interacting with
the Dumb Bot, participants who perceived themselves as performing better than
the bot (i.e., the performance difference is positive) were more likely to persist
with choosing the black block. Conversely, among those interacting with the
Smart Bot, those who perceived themselves as performing worse than the Smart
Bot (i.e., the performance difference is negative) were more likely to ignore its

suggestions.
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5.3.6 Effect of perceived human-ness vs. bot-ness

Participants tended to perceive the Dumb Bot as providing more of a “human
touch” (M =3.26, S.D. = 2.09) than the Smart Bot (M = 2.86, S.D. = 2.03), though
the difference was not statistically significant (F = 1.77, p = 0.18). Nonetheless, I
found that the perceived identity of the agent (bot: lower value; human: higher
value) also significantly predicted the number of ideas contributed by partici-
pants in the brainstorming session (Experiment 2: g = —.42, S.E. = .18, p = .018).
Specifically, those who firmly perceived the Dumb Bot as a bot were more likely
to carry on with the teamwork rather than free-riding their teammate. On the
other hand, for those who worked with the Smart Bot, the number of ideas gen-
erated by participants did not shift much, regardless of the perceived bot-ness
or human-ness of their agent teammate. As a result, across the two conditions,
those who believed their partner was a bot generated more ideas (M = 5.79,

S.D. = .77) than those who believed their partner was a human (M 1.63,

S.D. = 72).

5.3.7 Evaluating human-agent teamwork outcomes

Collecting all the chat transcripts from Experiment 2, I recruited N = 135 par-
ticipants on MTurk (who have not participated in any of the previous parts of
the study) to rate the brainstorming outcomes of each human-agent team. Each
participant was randomly presented with the full dialogues from eight differ-
ent teams. In each transcript, I clearly marked the contributors as a chatbot
or an anonymous human for each part of the conversation. Participants were

asked to read through each dialogue and rate the performance of the human.
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Again, they used the same three scales (creativity, practicality, and informative-
ness) to evaluate the quality of brainstorming outcomes. In the results, I did not
see a significant difference in performance ratings across conditions. Namely,
participants were not rated as generating ideas with better quality when they

interacted with either the Smart Bot or the Dumb Bot.

5.4 Discussion

Through a four-part study, consisting of a pre-survey, a Wizard-of-Oz proto-
type, an experiment implemented fully through chatbots, and a post-survey, I
examined the effect of social comparison in human-agent teamwork when users
were working with intelligent machines that are “better off” (the Smart Bot) or
worse than (the Dumb Bot) their own performance. I saw that users reflected
more positive self-performance and generated more ideas when working with
the Dumb Bot; in a subsequent co-decision-making task, they were also more
likely to adopt suggestions from their bot partner. I discuss the theoretical and

design implications below.

5.4.1 Designing teamwork agents with comparable perfor-
mance

The present study suggests that an agent does not need to be highly intelligent

or technologically advanced to benefit a human-agent team. Not only did par-

ticipants generate more ideas when they worked with the Dumb Bot, but the

quality of their ideas was no worse than those generated by participants work-
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ing with the Smart Bot. Similarly, in previous human-Al co-decision-making
studies, researchers have investigated how users work with agents when the
humans and agents are equally competent at solving a given task [20, 18, 19].
These studies found that agents providing additional information did not en-
hance accuracy in decision-making. In this scenario (as in the current research)
— team dynamics can differ when human-agent teamwork is not situated in
high-risk, high-stake, and highly knowledgeable domains (e.g., healthcare, mili-
tary). Rather than simply offering intellectual and informative resources, agents
can enhance team performance by carrying on the flow of team interaction and
even boosting the self-efficacy of human participants. In the creative sector,
these aspects (e.g., social exchange, flow experience, and self-perception) are
particularly critical to innovation [274]. Informed by the present research, I lay
out three design principles to consider when designing future teamwork agents

with comparable competence:

1. Build team players, not individual contributors. When humans and
agents possess similar competence, I suggest the design goal of teamwork
agents should shift from offering a rich knowledge base to facilitating team syn-
ergy. As I see in the case of working with the Smart Bot, offering more informa-
tive, high-quality ideas did not improve human productivity or innovation but
instead encouraged social loafing. To avoid such outcomes, I encourage design-
ers and developers to consider how human-agent teamwork can accomplish

more than either human-only or agent-only teams.

2. Leverage the “non-human” quality of autonomous agents. Introduc-
ing an agent to a team provides different opportunities from introducing yet

another human team member. In the present study, the perceived bot-ness of
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the agent predicts positive teamwork outcomes. In fact, the less personified
design led to more fruitful ideation outcomes. I encourage future research to
explore other forms of non-humanoid design and their usefulness in human-

agent teamwork.

3. Keep user engagement in the loop. In the case of working with the Smart
Bot, I saw undesirable teamwork outcomes when participants felt detached
from the teamwork, raising the importance of keeping users engaged in team
interaction. However, the present experiment also showed this could hardly be
achieved through dialogues alone. During the team conversation, though the
bot would keep asking whether participants had more ideas to share, such re-
quests for contribution did not effectively prevent social loafing. Regarding this
outstanding challenge, I encourage future work to experiment with different
forms of content design, such as testing whether participants would be more
engaged if the bot offers ideas that associate with participants” previous ones

instead of proposing new, random ideas.

4. Assess user experience beyond one-shot interaction. While testing the
robustness of empirical findings through various tasks has become a popular
practice in HCI research, multi-sectional or even longitudinal studies using hu-
man subjects remain scarce, particularly in the research area of human-bot team-
work [279]. Nonetheless, when it comes to applying computer-mediated agents
in real-world teamwork settings, interactions between users and agents would
certainly go beyond a single occurrence. In the present research, I identify in-
stances where perceived bot competence can backfire in a subsequent task, il-

lustrating the critical need to consider team relationships in the long term.

Abundant recent work in human-AlI interaction has examined how to build
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trust in an Al entity [20, 252, 341, 283]. Common approaches include framing
and offering explanations for an Al’'s behaviors [153, 210, 207]. In scenarios
where humans rely on information offered by agents, highlighting these heuris-
tics is critical for users to evaluate an agent’s reliability in co-decision-making.
However, in the generative task used in the present study, even though the
Smart Bot, which presented more informative content in their responses, was
indeed perceived as more trustworthy, this did not improve team brainstorm-
ing outcomes. Furthermore, the Smart Bot’s competence in the first task did
not translate to participants’ greater reliance on them in the subsequent task.
In light of this result, I again advocate the need to examine the effectiveness of
trust-building through more than a single task or session since users’ reliance on

agents’ competence can be constantly changing and highly context-dependent.

Beyond the challenges of designing agents, the present research leads me to
consider yet another level of complexity —the perception of an agent (bot-like
or human-like) —in human-agent interaction. On top of the variance in agents’
responses and users’ individual differences, I saw that the perceived bot-ness
and human-ness of agents also played a key role in their team performance. In
the present research, I did not identify any single variable that can solely pre-
dict how participants will perceive the identity of an agent. Even within each
condition, I saw a wide variance of ratings for the perceived bot-ness/human-
ness. Therefore, future research can continue to explore contributing factors
to explain an agent’s perceived identity. Besides, while the teamwork liter-
ature traditionally presents in-group identities as serving critical functions in
team success, here, I saw more positive outcomes when users viewed the bot as
more distinct (i.e., less human-like). This echoes recent calls to re-think human-

machine partnership [87, 68] —human-agent collaboration does not necessarily
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need to simulate human-human teamwork. Emphasizing the non-human as-

pects of agents can also benefit teams.

5.4.2 Limitations and future work

Below, I list some limitations to this series of studies. To begin with, I used the
Color Block task as a simple, quantifiable measure to examine participants’ be-
haviors after an initial teamwork interaction. However, how humans interact
with Al in co-decision-making tasks can be highly context-dependent [335]. For
instance, in tasks involving complex computation and a large amount of infor-
mation, humans may benefit more from cooperating with agents. Thus, future
research should not only apply different collaborative topics but also investi-
gate the effect of explainability [283]. For example, in the present study, I saw
participants were less willing to compromise with the Smart Bot, leading me to
wonder whether the agent further explaining their suggestions could mitigate

users’ unwillingness to cooperate.

To begin with, I acknowledge that the present recruitment platform, MTurk,
is not representative of all potential users of Al, nor does it equally represent
populations of diverse ethnicity, cultural background, sexuality, and more [63].
Moreover, in the context of the present study, MTurk limits the chance to inves-
tigate the effect of expertise [288]. Previous research has found amateurs were
more likely to be affected by the framing and content design of information pro-
vided by AI [153, 210], while experts seek more information and explanations
from Al-mediated content [20, 52]. In this regard, will domain experts be more

likely to accept and cooperate with the Smart Bot? Or will they be more likely
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to completely dismiss suggestions from the agent? Future research that recruits
experts to generate new pools of ideas and ground truth labels will also allow

us to learn more about the role of data as a design material for future Al

Due to the worldwide pandemic, I was not able to conduct any in-person
lab experiments. This means that besides having limited control over partic-
ipants” attention spans during online experiments, I was not able to compare
how participants interacted with a smarter chatbot to a physical robot. In par-
ticular, while I see participants’ perceived "bot-ness” of their team partners had
an impact on their experiences and behaviors, I do not yet know how a more
embodied, anthropomorphic form would manipulate participants” perceptions

of agents” human-nesss.

Furthermore, while the present study is built heavily on the Theory of So-
cial Comparison [116], more granular psychological experiences of social com-
parison are difficult to capture in the present empirical settings. For instance,
participants typically wouldn’t report themselves as envious of the Smart Bot,
though they were placed in a condition that triggered upward comparisons. In
the present study, I used participants’ ratings of their own performance in rela-
tion to those of the agents as a proxy to assess how they compared themselves to
their teammates. However, without other forms of measurement for validation,
it remains an open question whether there could be other confounding factors
— besides the psychology of social comparison — that drove participants” behav-
iors and decisions during the study. Therefore, I encourage future research to
explore other behavioral and/or physiological measures to validate these hy-
potheses and findings. Beyond the present study, this also calls for the need to

explore new measures besides self-report scales and participants’ task perfor-
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mance for future human-agent teamwork research.

Finally, previous research investigating autonomous agents in human-
human teams has found humans were less likely to blame each other for team
tailures when they could “blame” the bot [169, 298]. Similarly, future studies
could examine how Smart and Dumb Bots affect human-human interaction.
Will multiple human teammates free-ride together when they realize the Smart
Bot can produce high-quality work? Or, will humans ally to “defeat” the agent,
bringing up the whole team’s productivity? Though I have not accounted for
the effect of “other humans” in the present study, I look forward to answers to

these intriguing questions in future research.
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CHAPTER 6
SUPPORTING MARGINALIZED INDIVIDUALS IN HUMAN-AI
COLLABORATION THROUGH SOCIAL PRESENCE

In the previous chapter (Chapter 4), I explored and found evidence for the
potential of adopting autonomous agents to support individuals” work, form-
ing human-agent teams that could productively yield fruitful and creative out-
comes. However, in our modern work environment, the majority of work re-
quires collaboration with others. Considering this reality, I thus further examine
whether human-AlI collaboration can also effectively support teams of multiple
individuals. In particular, I focus on whether the presence of teamwork agent
could benefit marginalized individuals who, according to abundant prior lit-
erature [262, 127, 17], tend to lack support and more often struggle in group

settings.

In this chapter, I conducted a study placing participants in either a majority
group (i.e., working on a team where there are teammates with shared iden-
tities) or a marginalized setting (i.e., working on a team where a participant
possesses a unique identity). In each scenario, I examined how the presence of
a teamwork agent — either with a shared or different identity — may affect indi-
viduals” experience and behaviors during teamwork as well as the overall per-
formance of the entire team. To operate these ideas in an experiment, I randomly
assigned female and male participants to either a female-dominant or male-
dominant group and randomized the presence of either a female-sounding or

male-sounding voice agent to teamwork sessions.

It is worth noting while marginalization in group settings can occur based

on various personal identities (e.g., gender, ethnicity, nationality, or age), I fo-
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cus on gender-based marginalization in the present study for two major rea-
sons. First, the issue remains common in modern workplaces and requires
timely remedies. Second, as an initial attempt to explore the use of autonomous
agents for supporting female and male marginalized members, I intend to re-
duce the complexity of the agent’s design to minimize confounds. As female-
and male-sounding voices of agents are one of the simplest ways to attach iden-
tities to autonomous agents without the need for further anthropomorphism
[239], this also serves as a prominent reason why I chose to focus on gender-

based marginalization.

Results of the study showed significant gender differences in participants’
self-report and behavioral responses. In particular, female participants showed
more positive perceptions toward a same-gender agent. They also performed
better (in terms of coming up with more ideas in a team brainstorming task)
with the presence of a female agent. However, while male participants did not
show a preference for a team agent’s gender, they performed worse when they
were the only male member on a team and when a male agent facilitated the

teamwork session.

In the following sections, I first review related work for this research topic.
I began with synthesizing existing literature on the causes and consequences of
marginalization and consolidating prior HCI work that attempted to support
marginalized members through technological interventions. Based on existing
work, I formulated hypotheses and research questions for the present study and
investigated them through an empirical study. Besides reporting and interpret-
ing findings from the present research, I also discussed relevant theoretical and

practical implications at the end of this chapter.
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6.1 Background and Related Work

6.1.1 Marginalization in group settings

Interacting with those alike is a universal propensity [147, 134, 61]. As dis-
cussed in Chapter 2, humans are inclined to categorize others into various social
groups, as this cognitive process could serve functional values in social settings
and effectively guide how one navigates in their social environment [310]. Fur-
thermore, social categorization also results in some being viewed as more simi-
lar to ourselves, while others were more distinct from ourselves [163, 172 , 299].
Accordingly, the notion of ingroup and outgroup arises wherein individuals
tend to favor ingroup members more than outgroup others. This also explains
why individuals are more likely to interact with and befriend those who share
common identities [191, 96]. Abundant research has observed such tendencies
in a wide variety of naturalistic settings, such as in classrooms [262], in dorms
[127], and in offices [17], individuals tend to interact more with those seen as
ingroup members. Similarly, based on the Theory of Homophily (i.e., birds of a
teather flock together [221]), plentiful studies applying social network analyses
have found employees are more likely to work, interact, and collaborate within

and across organizations with those deemed as ingroup members.

However, these phenomena also imply individuals identifying as minority
group members often face more significant challenges in forming and main-
taining bonds with others since they are often left out in interpersonal settings
[11, 108, 227]. For instance, research studying collaboration in academia has
revealed minority individuals often faced more obstacles to finding collabora-

tors and forming research teams [53, 192]. Along the same vein, longitudinal

81



research examining gender disparity in the STEM fields has found female stu-
dents not being able to obtain the same level of social resources has turned into
the primary obstacle, which eventually discourages a large portion of female

students from pursuing careers in STEM [141, 296, 336].

Likewise, research on organizational behavior has also revealed the threat
of marginalization commonly faced by minority group members [11, 108, 227].
Moreover, behavioral differences in how one interacts with ingroup versus out-
group members can be captured through various means of communication at
work [57,94, 332, 339]. For instance, in a study utilizing corporate email records,
Milkman and colleagues found that individuals were less likely to respond or
took longer to respond to emails from colleagues of gender or racial outgroups
[223]. Numerous studies about interpersonal communication have also sug-
gested that individuals can demonstrate distinct — and sometimes discrimina-
tive — behaviors toward outgroup, minority individuals through both verbal
and non-verbal cues [60, 137, 271]. Large-scale analyses of text-based communi-
cation on online forums have found that, just by viewing others” account names
on the platforms, one can make judgments of their identities [159]. As a re-
sult, users tend to entail greater positivity in their languages when interacting
with those perceived as the same social group. In contrast, interactions with
outgroup users adopt more neutral, distant, and even hostile tones. In offline
settings, scholars had found that individuals also showed subtle but discrimina-
tive behaviors when they sensed distinct identities from their interactants [102].
Specifically, through analyzing the speeches of political candidates, the authors
found that politicians were more likely to adopt less competent word choices
when delivering speeches to primarily minority audiences. This tendency was

also observed during interracial interactions in group settings.
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While such distinct and even discriminative behaviors are omnipresent in
a wide range of naturalistic settings, research in organizational behavior sug-
gests they may not necessarily be carried on to interactions with team members
at work — especially in teams of smaller scales. This is because team interac-
tion at workplaces embodies a unique social scenario such that individuals are
more motivated to suppress their personal opinions and behave professionally
as they are concerned about social evaluations from their colleagues [26, 363].
In this regard, one may intend to avoid any signs of discrimination and demon-
strate an interest in working with all individuals in the same team. However,
the extent to which a group tolerates discriminative behaviors also serves as a
critical guide for individuals” behaviors [270]. For instance, if the entire team is
ignorant of inclusiveness and disrespects minority team members, such signals

may further exacerbate discrimination and marginalization in small groups.

6.1.2 Technological support for marginalized individuals

Existing work in the HCI field has dedicated much effort to marginalized indi-
viduals; a large portion of the line of research focused on addressing diversity
challenges in educational programs — particularly computer science, engineer-
ing, and related subjects — as these fields have long faced the criticisms of gender
and racial imbalance. Several ground-up, long-term approaches aim to enhance
diverse individuals’ interests and motivations by exposing them to these tech-
nical fields from a young age (e.g., hosting high school engineering summer
camps or workshops) or introducing gamified learning methods [218, 75, 119].
Furthermore, [34] incorporated a perspective-taking strategy into course cur-

ricula, which was found to enhance students” empathy and intent to support
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marginalized individuals.

Besides, a number of studies proposed new techniques that introduce
changes in team formation and group dynamics in educational and profes-
sional settings, such as changing the gender ratio of small teams in a workplace
[131, 78]. Attempts have also been made to design networking tools to con-
nect individual workers or students, supporting marginalized individuals who
may otherwise feel isolated in a work or learning environment [337, 158]. For
instance, [158] developed a networking tool to help connect individuals with

disabilities with mentors who can provide personalized guidance [158].

As in many other fields, Al has been applied to design some of these sup-
portive tools, though non-Al tools still dominate most of the work in this area.
In more recent work, [337] has designed an Al assistant that helps recommend
users whom to reach out to, mitigating isolation in online learning programs.
Furthermore, the use of Al techniques has been adopted in a specific line of pro-
posed solutions that have less been of interest prior to the recent Al hype. These
studies (e.g., [201, 56, 139]) leveraged Al, specifically natural language process-
ing (NLP), to detect toxicity and discrimination in online environments, protect-
ing most users from being harassed by these problematic behaviors. However,
it is worth noting that despite the strong potential to utilize Al for personal-
ized/customized design, these existing solutions are not targeted to provide

particular help to specific individuals.

However, direct interventions in small-group interactions remain relatively
scarce. Moreover, interventions targeting to support marginalized individuals
in team conversations could risk putting them on the spot, causing them to be

more reluctant to adopt such remedies [99, 129, 130]. Alternatively, studies have
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attempted to make the majority group more aware of the issues of marginaliza-
tion, such as performing real-time linguistic analyses and visualizing the pro-
portion of each member’s speech in a team conversation to make the entire
team aware of whether certain teammates could be dominating the conversa-

tion while some could be encouraged to speak up [199, 200].

More recently, scholars have explored the potential of having intelligent
agents participate in team conversations to support marginalized members. For
instance, [205] adopted a conversational agent to open up the speaking floor
and interrupt certain teammates when they have taken their turn to speak a
couple of times in a row. [280] experimented with having agents in teams to
create “pseudo presence.” For example, if there is only one female on a team,
including a few female agents during teamwork could potentially deemphasize
the solo status of the female human teammate. Nonetheless, these more generic
approaches have limited considerations for the different experiences and need
that marginalized members may possess in group settings. As the present re-
search examines gender-based marginalization in teamwork, I further discuss
how female and male members respond differently to marginalization in teams

in the following section.

6.1.3 Gender difference in response to marginalization

Abundant work in psychology, communication, organizational behavior, man-
agement science, and more recently, HCI, has investigated gender differences
in teamwork [350, 222, 115, 29, 109, 103]. Much of the literature was moti-

vated to understand the importance and possible benefits of gender diversity
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in teams, as gender imbalance remains a common phenomenon in a large num-
ber of fields. It is worth noting that, though gender is a socially constructed
concept (namely, one often forms their gender identity through interacting with
others in their social world) and goes beyond the female-male dichotomy [14],
the majority of research in this topic area focuses on differences between self-
identified males and females. Therefore, the following literature review and
the study design follow the same convention. Specifically, existing literature
has studied gender differences in teamwork through two closely related lenses:
tirst, plentiful discussions emerge from gender differences at the individual
level [14, 9, 208, 159], which then drive female and male teammates” distinct be-
haviors in collaboration; second, researchers have further explored how group
composition (i.e., the portion of female vs. male teammates in a team) amplify
or suppress such individual differences. In the following, I further unpack these

two lines of work respectively.

Prior research draws heavily on the Theory of Social Identity [309] to under-
stand gender difference at the individual level, suggesting that gender-based
behavioral differences are developed through the expectations, role models,
and even stereotypes one gradually “learns” through interacting with others
in their society. Therefore, gender differences become particularly salient in an
environment where gender-based role assignments are clearly defined — as in-
dividuals tend to develop and acquire relevant skills and characteristics that
support them to fit well with these expected roles [9]. As a result, research has
consistently found women exhibiting a significantly higher level of social sen-
sitivity, based on their greater ability to read nonverbal cues and make accurate
inferences about what others are feeling or thinking [353]. This trait also trans-

forms their behaviors in teams, leading female teammates to be significantly
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more interpersonally oriented than men in group settings [103]. Accordingly,
women pay more attention to ensuring equality and inclusiveness in teams, re-

sulting in more even turn-taking when there are more female members on a

team [31, 217, 353].

By contrast, men are more likely to adopt an autocratic style, which can be
demonstrated through behaviors such as giving orders, interrupting others, and
applying more assertive languages [103, 249]. During teamwork, men also tend
to be more task-oriented, prioritizing whether a team has achieved its goal over
the experiences of individual teammates [217, 31]. Research in management sci-
ence has found men exhibited a stronger tendency to claim leadership in teams
— as males expect a clearer role specialization in a team structure when no one
plays the leadership role, they are more likely to jump in and provide directions
to the team [234]. Meanwhile, compared to females, male teammates applied a
considerably distinct set of verbal and non-verbal cues in team conversations;
for instance, men display more direct and dominant behaviors when speaking
in teams, such as chin thrusts, gesturing, and direct eye contact, whereas women

engage in more smiling whether they are speaking or listening [95].

These behavioral differences at the individual level also cause females and
males to react differently — and receive different reactions — when they encounter
gender-imbalanced teams, while such gender-based traits become particularly
salient when one experiences a solo status (i.e., a person is the only male or
the only female on a team) [172, 173]. Female solos tend to experience greater
visibility and scrutiny of their work, as well as confinement to tasks that are
stereotypically feminine [38, 172, 173, 356, 357, 358], whereas male solos tend to

be evaluated more positively than female solos for task performance [77, 113,
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246, 272]. Empirical research has built on this prior literature and found women
in male-dominant groups tend to speak less and be less assertive than men; on
the contrary, male teammates in female-dominant groups tend to speak more
and become even more dominant and task-oriented [234, 28]. Once again, these
differences between females” and males’ responses are magnified when they are

the sole group members [234, 28].

Synthesizing the above literature, I hypothesize that female and male partic-
ipants would respond differently when they are the sole marginalized members
of a team. However, it remains unknown whether having a same-gender or
different-gender agent on the team could provide support for marginalized in-

dividuals. Namely, I examine the following inquiries in the present research:

RQ1a: How will having a same-gender agent on the team influence female partic-

ipants’ team experiences and performance when they are marginalized in teamwork?

RQ1b: How will having a same-gender agent on the team influence male partici-

pants’ team experiences and performance when they are marginalized in teamwork?

RQ2a: How will having a different-gender agent on the team influence female
participants’ team experiences and performance when they are marginalized in team-

work?

RQ2b: How will having a different-gender agent on the team influence male par-

ticipants” team experiences and performance when they are marginalized in teamwork?
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6.2 Method

6.2.1 Participants

In the present study, I recruited participants through Prolific (N = 178) and ran-
domly assigned them to gender-imbalanced teams (either a female-dominant
or a male-dominant team) based on their self-reported gender identities. Each
teamwork session includes three participants; a female-dominant team consists
of two females and one male, while a male-dominant team has two males and
one female. I ran 20 groups of participants as a pilot to ensure the validity of
the study protocol. As the pilot already showed significant patterns with the
behavioral data, instead of performing a power analysis, I set the target sample
size as 180 such that each condition at least includes 30 participants (i.e., having
30 marginalized females, 30 marginalized males, 60 non-marginalized females,
and 60 non-marginalized males). According to the Central Limit Theorem in the
statistics literature, it requires at least n = 30 for a sample to reach normal dis-
tribution, which is the statistical assumption for various tests performed in the
current data analyses [308]. In the end, data from 2 participants were removed
since they did not complete the post-teamwork survey, resulting in N = 178 as
the final sample size. Participants” demographic data is recorded and further

elaborated in the Measurement section.

I again recruited and conducted the study entirely online in hope to get ac-
cess to participants with real-world work experiences. This consideration be-
came even more important in the present study as one of the teamwork tasks
requires participants to evaluate whether several employees should be offered

job promotions given their work profiles. In terms of recruitment platform, I
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shifted from MTurk to Prolific because recent studies have constantly found
participants on Prolific providing better and more consistent data quality than

those on MTurk (See a review at [248]).

6.2.2 Procedure

Upon signing up to take part in the study, participants first filled out a short
pre-survey to self-report their past experiences of teamwork and marginaliza-
tion, as well as their self-identified demographic profiles and familiarity with Al
technologies. Participants were then randomly assigned to one of the two types
of gender-imbalanced teams and attended a teamwork session based on their
availability. All teamwork sessions were held remotely on Zoom. In each of the
teamwork sessions, participants were asked to work on two teamworking tasks
in a randomized order (an idea generation task [274] and a decision-making
task; see more details about the tasks in the next section on “Teamwork Tasks”).
During each task, there was an Al agent that participated in teamwork. I also
applied random assignment for the gender identity of the agent, such that in
each session, participants worked with a female agent in one task and a male
agent in the other task. The order in which the female agent and the male agent
were presented randomly. This experimental design resulted in four possible

task procedures:

1. In the first task, participants worked with a female agent on an idea gen-
eration task. In the second task, participants worked with a male agent on

a decision-making task.

2. In the first task, participants worked with a male agent on an idea genera-
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tion task. In the second task, participants worked with a female agent on

a decision-making task.

3. In the first task, participants worked with a female agent on a decision-
making task. In the second task, participants worked with a male agent

on an idea generation task.

4. In the first task, participants worked with a male agent on a decision-
making task. In the second task, participants worked with a female agent

on an idea generation task.

Immediately after completing each task, participants were asked to fill out
a short survey to reflect on their teamwork experiences just then and their per-
ceptions toward their teammates. After they completed both tasks and filled out
both surveys, participants completed a short exit survey to share their overall
experiences and final thoughts. The entire study took around 45 ~ 60 minutes
to complete, and participants received $15 cash compensation for their time and
work. The study protocol was reviewed and approved by the the Institutional

Review Board (IRB).

6.2.3 Teamwork tasks

In the study, participants worked on two teamwork tasks in a randomized order.
One task was an idea generation task where participants were asked to come up
with ideas for water and/or energy conservation with their teammates [274].
Participants had 10 minutes to work on this task. The task has been used in

several prior teamwork studies (e.g., [301]), as the topic requires ideas to be not
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only new but also practical, sufficing the definition of creativity as “novel and

functional” [294].

The other task was a decision-making task where participants viewed the
profiles of five employees and determined who to offer a promotion to. The
task and these employee profiles were adopted from Binns et al.’s study [33],
which is oft-cited and used in prior research studying human-Al co-decision-
making as well [194]. To ensure participants indeed came to a decision for each
employee profile, the Al agent explicitly asked participants to vote on whether
they determined to promote each candidate or not before moving on to the next
one. Participants had 15 minutes to work on this task. The lengths of both team-
work tasks were determined by conducting pilot studies with other research

assistants.

During both tasks, participants saw a screen presenting the teamwork task
content (see Figure 6.1 for screen capture). They interacted with their human
teammates and the Al agent merely through voice interaction. The AI agent
was not embodied in a physical form or humanoid figure. The only visual cue
of the Al agent was an animated, abstract shape shown on the screen. I delib-
erately chose to minimize the tangible form and visual representation of the Al
in order to eliminate the confounding factor of embodiment and anthropomor-

phism [239].

6.2.4 Al agent in teamwork

The AI agent in the present study was implemented through a Wizard-of-Oz

protocol, such that the agent’s responses were pre-scripted and pre-recorded.
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In this task, your job is to review a few
employees' profiles and determine
whether each person should be promoted.
You will review 5 employees in total.

Figure 6.1: A screen capture of the interface used for the present study.

The researcher (myself) played the agent in each teamwork session by play-
ing the pre-scripted content, which was all generated by OpenAl’s ChatGPT
1. The decision to adopt a Wizard-of-Oz paradigm instead of using an existing
voice assistant product (e.g., Apple Siri, Amazon Alexa, or Google Assistant)
was made deliberately so that the agent’s speech content in each team conver-
sation was identical. When participants” responses could not be covered using
the pre-recorded content, the agent would respond with “I'm sorry, but I don’t

understand what you just said.”

The key manipulation in the present study is the gender identity of the Al
agent. I used the agent’s voice (i.e., either a female-sounding or male-sounding
voice) to implement such manipulation. After obtaining the speech content
from ChatGPT, I then created the female- and male-sounding responses through
Google Cloud’s text-to-speech function. It is worth noting that the sound qual-
ity of the voice agent is not the key focus of this study. Instead, what mat-

ters is the gender identity that participants associated the agent with. Existing

https:/ /chat.openai.com/

93



work has found that users would either categorize an agent’s voice as female-
sounding or male-sounding [253]. Therefore, I did not include a “gender neu-
tral” condition because adopting a gender-ambiguous voice for the agent may
simply demand additional cognitive loads of the participants. Still, they are

likely to identify the agent as female or male.

6.2.5 Measurement

All teamwork sessions were video recorded through Zoom and, later on, tran-
scribed through Otter.ai®>. These materials served as the main data source to
analyze participants” behaviors during the teamwork sessions. Additionally, I
captured a wide range of self-report responses from participants through the
pre- and post-task surveys. Specifically, measurement in the present study can

be categorized into the following four themes.

Behavioral responses.

Transcripts of participants’ conversations during teamwork were labeled with
their subject IDs and timecode. I first examined the behavioral data by looking
at the portion of speech of each participant in their team (M = 0.27, S.D. = 0.16).
Namely, this measure captures how much time each participant talked during a
team conversation divided by the total amount of time all members of the same
team spoke in the conversation. For the idea generation task, I further coded the
number of ideas generated by each participant (M = 3.10, S.D. = 2.28). The coding

result was verified by a second coder going through the transcripts to code the

Zhttps:/ /otter.ai/
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number of ideas generated as well. The inter-rater reliability reaches 89.99%.

For any discrepancy, I took the mean value between the two coding results.

Teamwork outcomes.

In the brainstorming task, participants” team performance was captured by the
number of ideas generated. In each brainstorming session, each team produced
10.11 ideas on average (S.D. = 4.86). In the decision-making task, participants
were asked to vote on whether they would promote an employee or not after
reviewing each profile. On average, participants were able to reach a consensus
among 84.84% of all decisions discussed during the teamwork conversations
(i.e., when all teammates agreed to promote or not to promote an employee).
As these behavioral data were not measured on fixed scales (e.g., unlike self-
report measures using 7-point Likert scales), I used their standardized values

for data analyses to prevent results from being biased by extreme values.

Self-report responses.

I capture a set of self-report measures from participants in both the pre- and
post-study questionnaires. All self-report items were measured on a 7-point
Likert scale unless specified otherwise (1 = strongly disagree; 7 = strongly

agree).

To understand how individuals” prior experience of marginalization may
influence their current team behaviors and the effect of having an agent team-
mate, I asked participants to report their existing experience of marginalization

in the pre-survey through three scales from existing literature [62] (M = 2.85,
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S.D. = 1.16). These scales capture key dimensions of marginalized experience,
including whether individuals have felt a sense of ignorance in group settings
(e.g., feeling ”invisible” or “unheard”) and whether their peers have demon-

strated micro-aggressive behaviors against their identities.

During the study, participants filled out two post-surveys, each taking place
immediately after finishing each teamwork task. The post-survey captured
whether participants experienced marginalization during teamwork using the
same items as in the pre-study questionnaire (M = 2.17, S.D. = 1.99). They
reflected on whether they found themselves being marginalized by their hu-
man teammates (M = 2.47, S.D. = 2.03) or by their Al teammates respectively
(M = 2.64, S.D. = 2.05). Furthermore, participants reported their overall team
experience (M = 6.07, S.D. = 0.79), with higher values indicating more positive
team experience [41]. Besides, participants reported their perception toward hu-
man teammates (M = 6.20, S.D. = 0.78) and perception toward Al teammates respec-
tively (M = 4.75, S.D. = 1.49) wherein higher values indicate a more positive
perception of their teammates [205]. Participants also specified their they per-
ceived team support either from their human teammates (M = 5.13, §.D. = 0.68)
or from their Al teammates (M = 4.40, S.D. = 0.95) [74]. Finally, I adopted six
items from the NASA task load scale [143] to measure participants” perceived

workload and difficulties of the teamwork tasks (M = 2.67, S.D. = 0.98).

Demographic data.

In the pre-survey, participants were asked to self-report their basic demographic
profiles, including age, gender, ethnicity, years of work experience, and fluency

in the English language (since the entire study, including the team interaction
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and the questionnaires, was conducted in English). Based on participants’ self-
report profiles, there are 90 females and 88 males in the current sample. Their
average age is 34.90 (S.D. = 11.39). The most identified ethnicity groups are
Caucasian (40.82%), Black American (17.75%), and Asian (16.57%). On average,
participants have 10.98 years of work experience (S.D. = 11.17). 70.69% of par-
ticipants mentioned English as their first language, while all of them were able
to communicate fluently in English during the team conversations. All except
for 6 participants have used a voice assistant before, and 23.60% of participants

reported themselves as regular users.

Validity check. At the end of the second post-survey (i.e., the final question-
naire participants filled out after completing both teamwork tasks), I included
an open-ended question for a validity check, asking participants to describe
what they thought the study was about in text. This question is used to ensure
participants were not fully aware of the experimental manipulation. In their re-
sponses, none of the participants mentioned team marginalization as the topic
of the study. Furthermore, to check the effectiveness of the Wizard-of-Oz study
protocol, I asked participants whether they believed the Al agent was indeed
an Al or was played by a human. Again, all participants believed the teamwork

agents were indeed Al instead of humans.
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6.3 Results

6.3.1 Overview of data analysis

I performed all data analyses in R [261]. I began the analyses by examining
whether participants’ self-report and behavioral responses differed by (1) their
gender, (2) whether they were marginalized or not, and (3) whether the team
agent adopted a female or male voice. For each independent variable, I first ran
a factorial ANOVA to check whether there is a significant mean difference be-
tween (1) female vs. male participants, (2) marginalized and non-marginalized
individuals, and (3) same- vs. different-gender agents. For independent vari-
ables that showed significant mean differences, I then used linear models to
examine the relationships between variables. Depending on whether a depen-
dent variable is a repeated measure or not, I used either the 1m or 1mer function
in R to perform linear modeling. To examine any effect on dependent variables
that are repeated measures (i.e., self-report scales in the two post-task question-
naires), I used linear mixed models from the 1mer package [27] to account for
within-subject variances by including the (1 |subjectID) term in the models.
To examine any effect on dependent variables that are not repeated measures
(i.e., teamwork outcomes in each of the two tasks), I used the 1m function to
run a linear regression. All linear models (including both 1m and 1mer models)
were controlled for the task order (i.e., whether the data was collected from the
first or second teamwork task in a study) to account for a potential order effect

resulting from the between-within-subject design.

Then, I examined whether female and male participants responded differ-

ently in marginalized situations by testing a two-way interaction term of partic-
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Purpose Model Independent Dependent Moderating
Variable (IV) Variable (DV) Variable (MV)

To examine the main | Imer(DV ~ IV + task order | 1. participant’s gender 1. team marginalization na.

effect of experimental | + (1lsubjectID)) 2. marginalized 2. team experience

conditions on  self- 3. agent’s gender 3. support from teammate

report scales (repeated 4. perception of teammate

measures) 5. task load

To examine the main | Im(DV ~ 1V + task order) | 1. participant’s gender 1. portion of speech na.

effect of experimental 2. marginalized 2. # of ideas generated

conditions on behav- 3. agent’s gender

ioral measures (non-

repeated measures)

To examine how female | Imer(DV ~ IV + task order | participant’s gender x marginal- | T. team marginalization na.

and male participants | + (1subjectID)) ized condition 2. team experience

responded when being 3. support from teammate

marginalized based on 4. perception of teammate

their self-report scales 5. task load

(repeated measures)

To examine how female | In(DV ~ IV + task order) [ participant’s gender x marginal- | 1. portion of speech na.

and male participants ized condition 2. # of ideas generated

responded when being

marginalized based on

their behavioral data

(non-repeated mea-

sures)

To examine whether [ Imer(DV ~ 1V + task order | participant’s gender x support | T. team marginalization n.a.

and how having same- | + (1|subjectID)) type (human, same-gender | 2. team experience

or different-gender agent, different-gender agent) 3. support from teammate

agents has an effect 4. perception of teammate

on marginalized team- 5. task load

mates based on their

self-report scales (re-

peated measures)

To examine whether | In(DV ~ 1V + task order) [ participant’s gender x support | 1. portion of speech n.a.

and how having same- type (human, same-gender | 2. # of ideas generated

or different-gender agent, different-gender agent)

agents has an effect

on marginalized team-

mates based on their

behavioral scales (non-

repeated measures)

To examine whether | Imer(DV ~ IV*MV + task | participant’s gender x support | 1. team marginalization existing  experience  of

and how  existing | order + (1lsubjectID)) type (human, same-gender | 2. team experience marginalization

team experience mod- agent, different-gender agent) 3. support from teammate

erates marginalized 4. perception of teammate

teammates’ self-report 5. task load

experiences  (repeated

measures)

To examine whether [ Im(DV ~TV*MV + task or- | participant’s gender x support | 1. portion of speech existing  experience  of

and how existing team | der) type (human, same-gender | 2. # of ideas generated marginalization

experience moderates agent, different-gender agent)

marginalized team-

mates” behavioral re-

sponses (non-repeated

measures)

Table 6.1: Summary of models tested in the present study

ipant’s gender (female/male) x marginalized teammate (yes/no) in linear models.
Likewise, I am interested in whether the presence of a same- or different-gender
agent affects female and male marginalized teammates’ experience and perfor-
mance in teamwork. I performed this part of the analysis by coding each par-
ticipant’s assigned team scenario into three types. Participants who were ran-
domly assigned as the majority group were labeled as receiving human support.

Participants who were randomly assigned as the marginalized members were
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coded as receiving either AI support or no support. To be specific, Al support
indicates when a marginalized participant worked with a same-gender agent;
no support indicates when a marginalized individual worked with a different-

gender agent.

After coding these three support types, I again tested whether the sup-
port types have any significant main effect on participants” self-report experi-
ence and behavioral responses. Furthermore, I examined whether there is a
significant two-way interaction between participants” gender and the support
types they received. I adopted this analytic approach instead of testing a three-
way interaction of participant’s gender (female/male) x marginalized teammate
(yes/no) x agent’s gender (female/male) as the former can help with interpret-
ing the data more handily. For instance, with a three-way interaction test, look-
ing at the effect of marginalized females or marginalized males working with
a female agent has different syntactic meanings, making interpretations of the

tfindings more challenging.

Finally, I examined whether participants’ prior team and marginalization
experiences would affect their current human-agent teamwork experiences and
behaviors. I did so by including their self-report responses in the pre-survey as
a moderating variable in the linear models and testing a three-way interaction
effect across participants” gender, their prior marginalization experience, and
the support types they received during teamwork. In Table 6.1, I summarize all

models tested for the present study.
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6.3.2 Main effect of marginalization

A significant main effect of marginalized conditions on participants’ self-report
marginalized experience verified successful experimental manipulation, such
that participants who were randomly assigned as the marginalized member in
a team indeed reported a significantly higher degree of marginalization post-
teamwork (8 = 0.72, S.E. = 0.15, t = 4.96, p < 0.001). Furthermore, participants
reported marginally worse perceptions of their human teammates when they
were the marginalized team members (8 = -0.22, S.E. = 0.13,t = -1.73, p =
0.085).

6.3.3 Main effect of participants’ gender

Regardless of their assigned conditions, participants’ self-report and behavioral
responses showed significant gender-based differences. To begin with, male
participants reported significantly more positive perceptions toward their hu-
man teammates (8 = 0.26, S.E. = 0.12, t = 2.19, p = 0.029) and also marginally
more favorable team experience (8 = 0.22, S.E. = 0.13, t = 1.67, p = 0.097).
Meanwhile, female participants reported a marginally higher level of perceived
task load during teamwork (8 = 0.28, S.E. = 0.16, t = 1.74, p = 0.083). Demon-
strated in their behavioral data, male participants talked significantly more in
team conversations (statistical test results based on transformed data: g = 0.07,
S.E. = 0.01, t = 10.54, p < 0.001; statistical test results based on raw data:
B =047, S.E. =004, = 10.54, p < 0.001). Regarding their performance in
the idea generation task, male participants also contributed significantly more

ideas than female teammates in the brainstorming task (statistical test results
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based on transformed data: 8 = 0.07, S.E. = 0.04, t = 1.71, p = 0.031; statistical

test results based on raw data: 8 =0.02, S.E. = 0.01, ¢t = 1.71, p = 0.003).

6.3.4 Main effect of voice agent’s gender

Test results of linear models did not show a significant main effect of the team-
work agent’s assigned identity (i.e., presented in either a male-sounding or

female-sounding voice) on any of the self-report or behavioral variables.

6.3.5 Gender difference in response to marginalization

Furthermore, I found female and male participants showed several different
patterns in marginalized situations; that is, results of linear models showed a
significant interaction effect between participants’” gender and their assigned
marginalized conditions (i.e., whether one was the marginalized member or
not) on their subjective experience and behavior during teamwork. I first
found a significant gender difference in participants’ self-report marginaliza-
tion (8 = -1.36, S.E. = 0.21, ¢t = -6.59, p < 0.001); as shown in Figure 6.2,
female participants reported a significantly higher degree of marginalized ex-
perience when they were indeed the marginalized member in a team, whereas
male participants were less likely to self-report being marginalized when they
were the only male member in a team. Meanwhile, when being marginalized,
male participants found the teamwork more burdening and reported a signif-
icantly higher degree of task load compared to scenarios when they were the

majority group in teams; however, female participants did not reveal a similar

102



pattern when they experienced marginalization (8 = 0.75, S.E. = 0.35, t = 2.17,
p = 0.032).
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Figure 6.2: Self-report marginalized experience by participants” assigned condi-
tion and their gender.

Marginalization can also have an effect on one’s perception of their team-
mates. When being marginalized, female and male participants as well showed
different perceptions toward their Al teammates (8 = -2.38, S.E. = 1.07,
t = =2.21, p = 0.036). To be specific, female participants expressed more positive
sentiment toward their Al teammates when they were the only female on the
team, whereas male participants reported worse perceptions of Al teammates

when they experienced marginalization in teamwork (see Figure 6.3).

Analyzing data from participants’ team conversations, I found female and
male participants also showed different behavioral patterns when they were
marginalized. In particular, there is a significant interaction effect between par-
ticipants” gender and their assigned condition (i.e., whether they were assigned
to the majority or the minority group) on the portion they spoke up during
team conversations (statistical test results based on transformed data: 8 = 0.08,
S.E.=0.01,7=5.76, p < 0.001; statistical test results based on raw data: 8 = 0.54,

S.E.=0.09,t =5.76, p < 0.001). When being marginalized, female participants
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Figure 6.3: Self-report perception of Al teammates by participants” assigned
condition and their gender.

tended to become less active during team discussions, but male participants
instead talked more when they were the only male member of a team. How-
ever, talking more did not indicate greater team contribution or productivity. In
fact, though male participants talked more when they were marginalized, they
generated fewer ideas compared to their male counterparts who were assigned
to the non-marginalized condition. Conversely, though marginalized female
participants were relatively quiet, they were able to focus on the task at hand
and generated more ideas than females who were not marginalized. As a re-
sult, I also saw a significant interaction effect between participants” gender and
marginalized conditions on the count of ideas they produced (statistical test re-
sults based on transformed data: 8 = —0.22, S.E. = 0.09, t = -2.29, p = 0.022;
statistical test results based on raw data: 8 = -0.07, S.E. = 0.03, t = -2.29,
p = 0.022). Together, gender-based behavioral differences in marginalized ver-

sus non-marginalized conditions were illustrated in Figure 6.4.
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Figure 6.4: Behavioral difference in team conversations by participants” as-
signed condition and their gender.

6.3.6 Agent’s support for marginalized teammates

Participants’ responses to working with a same- or different-gender agent in
marginalized conditions again showed significant gender differences. To be-
gin with, there was a significant interaction effect between participants” gender
and the types of team support they received on their perception toward the
teamwork agent (8 = 3.06, S.E. = 1.44, t = 2.13, p = 0.044). In particular,
female participants reported significantly more positive perceptions of the Al
teammate when they were marginalized — with the highest average ratings for
same-gender agents. Conversely, male participants showed a worse perception
of the Al teammate when they were marginalized, and they also did not have a
preference between the female agent and the male agent. Compared to partici-
pants” perception of their human teammates, I did not observe significant gen-
der difference when working with a same- or different-gender agent (8 = 0.09,
S.E. = 041, = 0.23, p = 0.818). Gender difference in subjective experience
during teamwork was also reflected in participants’ perceived task load during

teamwork (8 = —-1.11, S.E. = 044, t = -2.49, p = 0.014). As per the analysis
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from the previous section, while male teammates perceived a greater task load
when they were marginalized, they felt more burdened when working with
a different-gender agent than working with a same-gender agent. Resonating
with results from the previous section, females were, by contrast, able to focus
better on the task at hand when they were marginalized, resulting in a lower

perceived task load.
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Figure 6.5: Effect of agent’s support on participants” subjective experiences in
teamwork.

Similarly, females and males demonstrated distinct behavioral responses to
same- and different-gender agents when they were marginalized. First, there is
a significant interaction effect between participants” gender and received sup-
port types on the portion of speech they participated in during team conversa-
tions (statistical test results based on transformed data: 8 = —-0.09, S.E. = 0.02,
t = =532, p < 0.001; statistical test results based on raw data: g = —-0.47,
S.E. =0.12, ¢t = =3.90, p < 0.001). Once again, male participants talked more
when they were marginalized, and they were particularly talkative when work-
ing with a different-gender agent in a marginalized condition. Conversely,
while female participants talked less in a team where they were the only female

member, the difference between working with a same- or different-gender agent

106



was less prominent. Again, how much a participant talked in team conversa-
tions did not necessarily transfer to their contributions. Upon observing a sig-
nificant interaction effect between participants’ gender and their support types
on the number of ideas they generated during teamwork (statistical test results
based on transformed data: g8 = —0.55, S.E. = 0.16, t = =3.51, p < 0.001; statisti-
cal test results based on raw data: g8 = -0.18, S.E. = 0.05, t = -3.51, p < 0.001),
I saw marginalized females thrived with the support of a same-gender agent,
producing even more ideas than those females working in a female-dominant
group. While marginalized males did not show a preference for either a same-
or different-gender agent (see results reported in the above paragraph), they
were able to generate the most ideas without the presence of any same-gender

entity.
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Figure 6.6: Effect of agent’s support on participants’ behaviors in teamwork.

6.3.7 Moderating effect of prior marginalization experience

In the following sections, I examined whether participants’ prior experience in
teamwork had any effect on how they performed in the present teamwork.

I began with examining the effect of whether participants have experienced
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marginalization in the past by testing three-way interaction terms: (1) gender
x prior marginalized experience: a two-way interaction between participants” gen-
der and their self-report prior marginalized experience, (2) gender x marginal-
ized condition x prior marginalized experience: a three-way interaction across par-
ticipants’” gender, whether they were assigned as the marginalized member
in teamwork during the present study, and whether they have experienced
marginalization in the past, and (3) gender x support type x prior marginalized ex-
perience: a three-way interaction across participants’ gender, the type of support
they received during the present study (from a human, same-gender agent, or
different-gender agent), and whether they have experienced marginalization in

the past.

Before examining the above test results, it is worth noting that participants’
self-report prior experience of marginalization is not normally distributed
(based on a Shapiro-Wilk normality test: W = 0.96, p < 0.001), and the majority
of participants did not report experiencing intense marginalization in the past
(see Figure 6.7). Accordingly, I used the log-transformed values of this variable
for analyses. However, findings concerning those who have experienced more

marginalization in the past may still be subject to greater variances.
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Figure 6.7: Density plot of participants’ prior experience of marginalization
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Results of the above-mentioned analysis first showed gender differences in
the moderating effect of one’s prior marginalization on team behavior. First, I
observed a significant interaction effect between participants” gender and their
ratings of prior marginalized experience on the portion of the speech in team
conversations during the current study (statistical test results based on trans-
formed data: B8 = 0.05, S.E. = 0.02, t = 2.25, p = 0.026; statistical test results
based on raw data: g = 0.05, S.E. = 0.17, t = 0.27, p = 0.024). As shown in
Figure 6.8, female participants who experienced more severe marginalization in
the past tended to talk less during teamwork sessions in the present study, while
male participants who experienced more marginalization in the past were more
talkative in the study sessions. Looking at the number of ideas generated during
the present teamwork experiment, participants” prior experience of marginal-
ization also moderated their performance in teams (statistical test results based
on transformed data: 8 = 0.64, S.E. = 0.31, t = 2.03, p = 0.042; statistical test re-
sults based on raw data: g = 0.21, S.E. = 0.10, t = 2.03, p = 0.042). As shown in
the downward-trending line on the right of Figure 6.8, while, in general, partic-
ipants who have experienced more severe marginalization in the past tended to
contribute fewer ideas during the brainstorming sessions, this trend was more

salient among female participants.

Next, I examined whether and how past marginalization experience may in-
fluence female and male participants who worked either as the majority or mi-
nority during the current teamwork study. Results showed a marginally signif-
icant three interaction across participants” gender, their marginalization condi-
tion, and their prior experience of marginalization on the portion of which they
talked during team conversations (statistical test results based on transformed

data: g = -0.09, S.E. = 0.05, t = —1.87, p = 0.063; statistical test results based
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Figure 6.8: Moderating effect of participants” prior marginalization experience
on team behaviors.

on raw data: g = -0.15, S.E. = 0.12, t = —1.16, p = 0.024) as well as the number
of ideas generated during the team brainstorming session (statistical test results
based on transformed data: 8 = 1.88, S.E. = 0.81, t = 2.32, p = 0.022; statisti-
cal test results based on raw data: g = 0.58, S.E. = 0.08, t = 0.71, p = 0.048).
Specifically, female and male participants who experienced more marginaliza-
tion in the past contributed fewer ideas when assigned to the majority groups.
However, when they were indeed placed in a marginalized situation, male par-
ticipants who experienced more intense marginalization in the past contributed
more ideas during the teamwork sessions. In contrast, females who have been
marginalized in the past tended to contribute less to the marginalized condition

during the present study as well.

Finally, there was a marginally significant three-way interaction effect across
participants” prior marginalization experience, their gender, and the types of
support they received on the number of ideas generated during teamwork (sta-
tistical test results based on transformed data: 8 = —1.88, S.E. = 1.09, t = —1.73,
p = 0.086; statistical test results based on raw data: 8 = -0.60, S.E. = 0.13,

t = —=0.46, p = 0.045). Specifically, when considering participants” prior experi-
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Figure 6.9: Moderating effect of participants” prior marginalization experience
on their responses to marginalized conditions.

ences, male participants who have gone through more intense marginalization
benefited more from having an autonomous agent on the team, regardless of
the agent’s gender. As shown in Figure 6.10, male participants generated more
ideas with the presence of a teamwork agent when they were indeed marginal-
ized in the present experiment. Conversely, female participants who have been
marginalized in the past did not show a significant difference in their work per-
formance (evaluated by the number of ideas generated) regardless of their as-

signed conditions.

6.4 Discussion

In the present study, I assigned participants to gender-imbalance teams to simu-
late experiences of marginalization. Under such context, I observed how female

and male teammates might respond and whether the presence of a same- or
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different-gender agent on the team may introduce new dynamics to the teams
that can potentially benefit these marginalized members. Results of the present
work first support existing literature and show significant gender differences in
how females and males behave when placed in a marginalized scenario, such
that marginalized males tend to be more active and talkative, whereas females

become more reserved when they are the minority.

According to the empirical results of the present study, this phenomenon
persists even when an agent participates in teamwork. However, whether par-
ticipants found shared identities with the agent led to different perceptual and
behavioral outcomes. In particular, marginalized females showed more positive
perceptions toward a female agent, while marginalized males had no preference
for the agent’s gender. Meanwhile, marginalized females became more produc-
tive in terms of generating ideas to contribute to teamwork with the presence

of a female agent. Moreover, participants’ prior experiences in teamwork an
faf 1 t. M t ts’ t k and
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marginalization at work could potentially moderate their behaviors. To be spe-
cific, I found the presence of a same-gender agent was particularly effective in
supporting marginalized males who also had the experience of being severely

marginalized in their past experiences.

The findings of the present study have several important implications for
understanding and designing applications for teamwork interactions. To be-
gin with, I found participants’ subjective experience of marginalization remains
similar when working with autonomous agents in teams. For instance, females
became more reserved while males talked more when they were marginalized.
This suggests rich insights from existing literature on behaviors of minority ver-
sus majority groups are likely applicable to understanding their behaviors in
human-agent teamwork as well. Furthermore, though these prior studies of-
ten emphasize the importance of gender diversity and the benefits of having
gender-equal teams, in reality, it is not always possible to alter the group com-
position at work — and mostly not feasible to achieve such ideals within a short

period of time.

Interestingly, participants” open-text responses at the end of the post-task
survey, as well as follow-up interviews with some marginalized participants,
did not show a preference for having a male or female-sounding agent. Per
their qualitative feedback, participants often cared little about the identity, pres-
ence, and even performance of the agent, and they often described their rea-
sons as "after all, it is just an AL.” Such responses may suggest the potential of
leveraging the agent’s presence to support marginalized individuals in teams
without putting them on the spot, as users, in general, had little concerns about

the agent. In other words, while the presence of an agent can lead to behavioral
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changes in a subliminal fashion, the use of an agent is also not perceived as an

intervention targeting to support marginalized members.

From an empirical viewpoint, the present study also shows the importance
of triangulating multiple measures — including behavioral and self-report data.
To begin with, I saw a significant gender difference in the extent to which fe-
males and males experienced marginalization. On one hand, this could be
explained as females being more sensitive to a marginalized situation; on the
other hand, this could also indicate males are less likely to report their being
marginalized. However, when ratings of participants’ self-report marginaliza-
tion are jointly examined with their behavioral data, I still observed quite salient
behavioral differences in both males and females’ reactions to being marginal-
ized and working with a same- or different-gender agent, despite the former re-
ported rather mild responses to their solo status. Besides, investigating multiple
types of behavioral data is also helpful in extracting more comprehensive views
of marginalized individuals’ experiences. Specifically, for both marginalized
males and females, the amount of speech they participated in did not directly
translate to their actual productivity and contribution to teams, but it instead in-
dicates whether or not a person was able to stay focused on resolving the tasks

at hand.

Despite its various findings, the study is not free from limitations. As it is
challenging to target recruiting those who indeed had severely marginalized ex-
periences, as mentioned in the results above, the majority of the sample did not
consider themselves as struggling seriously with marginalization. Therefore,
future work should at least consider recruiting an even larger sample size or

conducting field studies to capture more experiences in real life. Besides, while
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the current study only entails two teamwork sessions lasting 10 ~ 15 minutes,
team dynamics can often continue to change over time. For instance, one may
develop more trust and reliance on their human teammates [197]. In this re-
gard, whether a marginalized teammate could persistently gain support from
the teamwork agent after multiple rounds of team interaction remains an open-

ended question.

Results of the present work show the potential to leverage the presence of
intelligent agents in teams as a temporal remedy, which could be particularly
encouraging for female teammates in general or male teammates who had in-
tense marginalization experience in the past. Nonetheless, it is worth noting
that, overall, the effect of the support from a same-gender agent remains rela-
tively limited when it comes to those who have experienced intense marginal-
ization and is particularly ineffective among females who have been marginal-
ized intensely. Therefore, adopting supportive agents in teams should not be
the permanent solution to marginalization, and seeking foundational improve-
ment in team diversity and workplace inclusiveness remains critical in the long

run.
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CHAPTER 7
CONCLUSION

The present dissertation explores the role of social experiences during
human-AI collaboration and examines whether and how intelligent agents
prompting different levels of social experiences during interaction with users
may influence their perceptions and behaviors during teamwork. According
to existing literature across various fields of social and behavioral sciences,
humans’ social experiences are shaped through two possible pathways: (1) a
bottom-up approach where individuals adopt external cues to navigate through
their social environments and learn about how to interact with social others in
such environments, or (2) a top-down approach where individuals hold pre-
assumptions or existing beliefs about certain groups or individuals, guiding
their behaviors during interactions with these entities. Likewise, humans pick
up cues from or hold pre-dominating notions about autonomous agents. These
two pathways again shape their behaviors, responses, and the level of social

experiences they endorse during human-agent interaction.

While social experiences in human-Al collaboration could be formed
through these different means, the question is whether eliciting such experi-
ences in human-agent teamwork could benefit its outcomes. I began addressing
this inquiry by examining the role of social experiences in human-AI collabora-
tion, where an intelligent agent supports individual work. In a series of three
studies, I manipulated social experiences in human-agent teamwork through
either a top-down approach by informing users of the identities of their team-
work partners or through a bottom-up approach where users could sense dif-

ferent levels of agent’s capabilities and personification. Across these studies, I
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found the participation of an agent can facilitate work processes, such as push-
ing through an idea-generation session. However, triggering social experiences
in human-agent teamwork does not necessarily benefit users” experiences and
performance. Instead, concerns for social evaluation arise with emerging social
experiences in human-agent teamwork, distracting individuals from focusing
on their tasks at hand and particularly hindering the performance of those who

were already anxious in group settings.

Meanwhile, having intelligent agents participate in teams of multiple play-
ers also introduces new dynamics. In the study where I recruited and assigned
participants to gender-imbalance teams (Chapter 6), the presence of a team-
work agent — particularly an agent perceived with a shared identity of its users
— has the potential to support marginalized individuals” work, while such ef-
fects show gender difference. When placed in a marginalized scenario, females
showed more positive perceptions toward a teamwork agent and were able to
be more task-focused, yielding more productive performance with the presence
of a same-gender agent. A similar behavioral pattern was observed among
males who have experienced intense marginalization in the past. However,
overall, the effect remains limited when it comes to supporting those who have
been seriously marginalized in the past, leaving an unsolved challenge for fu-

ture research.

Based on insights from its empirical findings, I further summarize the the-
oretical and practical implications of the present dissertation in the following

sections.
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7.1 Theoretical Implications

As reviewed in Section 3.1, the existing literature has proposed various perspec-
tives (i.e., computers as autonomous agents, computers as social actors, and
computers as cooperative tools) addressing why machines hold the potential
to serve as teammates in collaboration settings. More specifically, these pre-
vious studies suggest computer agents could be teammates as they are often
designed to be cooperative tools since their origin [71, 72, 69]. If these machines
could autonomously and independently carry out the type of work humans do,
they are deemed even more qualified teammates [1, 186, 132, 219, 220, 219, 89].
Meanwhile, users already hold the tendency to treat computers as social entities
during human-computer interaction [237, 265, 58, 50, 303, 235]. The outstand-
ing question is whether these prior work and theoretical frameworks can still be
extended to explain the feasibility of having Al teammates and how users may

respond.

Recent research has posited that human-Al interaction may be unique from
other forms of human-computer interaction due to advanced technical capabil-
ities and the probabilistic nature (i.e., the same input does not yield identical
output in responses) of Al [355, 8, 7, 302]. Insights from the present dissertation
resonate with these propositions, such that existing HCI theories need to be
updated and extended in order to more accurately capture users’ experiences
and explain their behaviors in human-Al collaboration. In particular, while the
Computers as Social Actors (CASA) paradigm has long served as the key pillar
for scholars to apply social science theories to explain individuals’ responses
to computer agents, findings across the three studies in the present disserta-

tion suggest users have now shifted their views toward intelligent agents and
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did not treat them like how they would with human teammates. This phe-
nomenon is most directly reflected in findings from the three experiments in
Chapter 4 where I consistently found participants showed different responses
when they believed they were working with humans versus with chatbots. Sim-
ilar perspectives have been posited in recent work (e.g., [128, 120, 152]), suggest-
ing people may view intelligent agents with more unique angles — distinctively
from treating agents as human-like social actors — as technologies and their own

user experiences continue to expand.

Nonetheless, the extent to which users showed differing responses when
working with agent teammates depends on the design of the agent and the in-
teraction paradigm as well. In particular, introducing more anthropomorphic
and more social experiences to human-Al collaboration could prompt users to
treat agent teammates more like social entities. As shown in Chapter 5, when
agents become more capable and more intelligent, catching up and even sur-
passing what human teammates could contribute to teamwork, users showed
a greater tendency to socially compare themselves with the teamwork agents.
Similarly, in Chapter 6, when agents were attached to gendered identities, their
social presence was effective in supporting marginalized individuals in teams.
In other words, though, by default, users no longer treat agents and humans
alike, making these agents more anthropomorphic does encourage users to re-

spond socially.

On one hand, this may indicate scholars could once again adopt social sci-
ence theories to explain users’ behaviors in human-AlI interaction when highly
anthropomorphic agents could perfectly simulate humans’ behavioral, cogni-

tive, and affective responses. But before such visions become widely feasible
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and accessible, it remains necessary to extend existing theories by investigating
users’ unique responses to intelligent agents. In the meantime, it is important
to take into account how constant improvements in the technical affordance
of Al may moderate users’ expectations and experience accordingly. Finally,
it is worth acknowledging that empirical studies in the present work did not
directly manipulate the degree of agents” autonomy. Neither did I investigate
other forms of interaction paradigm — for instance, beyond collaboration, users
may as well experience competition with agents. Therefore, this again suggests
avenues for future research to determine whether and how relevant theories
from the other propositions (i.e., computers as cooperative tools and computers
as autonomous agents) require updates, revision, or extension to capture the

dynamics of human-AI collaboration.

7.2 Practical Implications

Findings from the present work also offered various practical implications for
the design of teamwork agents and human-AlI collaboration paradigms. To be-
gin with, across the three studies, I found it is, in fact, beneficial to highlight the
"bot-ness” of teamwork agents. While I have reviewed and assembled a number
of design approaches to anthropomorphize agents in order to elicit social expe-
riences in human-agent teamwork (see Section 3.2), applying these humanoid
cues to agent design may not be necessarily helpful for users’ performance. In
particular, I observed this phenomenon across the empirical studies of this dis-
sertation, during which participants were asked to prioritize their productivity
and creativity in teamwork. However, this does not imply teamwork agents

need to be presented as mechanical, invariable, and robotic. In fact, the agents
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used in the present work all adopted natural language for verbal and text com-
munication, so that interactions with users during teamwork remained fluent;
neither did participants need to apply specific commands or on-screen actions
to interact with the agents. To emphasize the bot-ness of teamwork agents, I
avoided establishing human identities and characteristics for these agents in
the empirical studies, such that they would always refer to themselves as ”Al
agent” in all team conversations. I also did not add humanoid figures and as-
sign names to these agents, and in fact, I intentionally minimized visual cues
as much as possible when presenting the bot in all studies. Building on top of
these attempts, I encourage future research to further examine whether there
are specific sets of design approaches that could de-anthropomorphize teamwork

agents to benefit human-Al teamwork.

As T advocate the criticality of addressing individual differences throughout
the dissertation, I also saw findings from the series of works suggesting concep-
tualizing individual differences in human-Al teams may be more complex and
rely more than on their demographic data. Instead, segmenting participants
through their subjective experiences and self-report scales may be effective in
the context of teamwork research. In particular, prioritizing the evaluation of
participants’” subjective experiences could already provide abundant insights
into differences in team behaviors. For example, simply taking into account
participants’ self-reported anxiousness in group settings could consistently ex-
plain their behavioral differences in human-agent teamwork. Even more ide-
ally, coupling subjective experiences and demographic profiles of participants
could further reflect their uniqueness. Like what was conducted and reported
in Chapter 6, grouping participants through their demographic data (i.e., gen-

der) can be the first step. But when I further took into account participants’
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self-report marginalization experiences in the past, the interventions (i.e., the
support from a same- or different-gender agent) then showed very different ef-

fects on each gender.

The present dissertation also shows the need to consider more sustainable
team relationships between users and agents, as what benefits a single team-
work session (e.g., the Smart Bot that brought high-quality ideas to a brain-
storming session) does not guarantee continuous cooperation and collabora-
tion between humans and machine teammates. In this regard, I first propose
examining team effectiveness beyond a single iteration as a crucial method-
ological practice for human-AlI collaboration research. As executed in the cur-
rent studies, triangulating across multiple measurements could enable a more
comprehensive view of teamwork effectiveness, and it is particularly helpful
for projecting and understanding users’ behaviors beyond a single occurrence.
While abundant teamwork research measures team performance, team expe-
rience, and perceptions toward teammates simultaneously (e.g., [67, 66, 220]),
the present series of work further supports the benefit of this methodological
approach and finds it particularly applicable to understanding the complex dy-

namics in human-AI collaboration.

7.3 Closing Thoughts

Synthesizing the literature review and empirical findings from multiple stud-
ies, I conclude that while the presence and participation of autonomous agents
show the potential to bring out individuals” productivity and creativity, addi-

tional interventions to elicit social experiences in human-AlI collaboration are
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not necessarily beneficial and may inhibit individuals” performance in specific
circumstances. In other words, the mere social presence of autonomous agents
could be sufficiently advantageous to collaboration settings, and such team-
work agents need not demonstrate personified behaviors nor simulate human-

human interaction paradigms.

Findings from the present dissertation could provide important theoretical
and practical implications for the future of work where the use of Al applica-
tions and the participation of intelligent agents at work serves as new normes.
While much discussion centers around whether Al should serve as either a tool
or as a human-like teammate as it becomes more pervasive in work practices of
all fields, I posit to situate the use of Al in its unique position and move beyond
this dichotomous view when addressing challenges around human-AlI collabo-
ration. Since its origin, Al has served unique functions unlike other tools and
let alone humans. While its technical capabilities continue to grow, use cases of
Al may expand accordingly, but the purpose of advancing human work does
not necessarily shift. Indeed, these intelligent artifacts were not designed to re-
place humans or any specific tools in the first place, and up to the present, this

original intention still persists.
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