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Chapter 7 ®)
The Enterprising and Elusive Prospects Qe
of Human-AI Collaboration

Ujwal Gadiraju and Agathe Balayn

Abstract The exponential advances in generative Al and agentic technologies
have presented organizations with an unprecedented opportunity to seek and attain
competitive advantages. Some aim to do so through product and service innovation,
while others have begun to pursue operational efficiency and productivity. There is
a pivotal role that human-Al collaboration can play in enterprise artificial intelli-
gence design, development, and deployment today. In this chapter, we synthesize
developments in human-Al collaboration over the last decade and explore how
organizations can design Al systems that augment rather than replace human
capabilities to achieve optimal experiential and performance-related outcomes for
different stakeholders. Drawing from empirical work across different domains, we
analyze the key factors that shape trust and reliance and determine successful
human-AI collaboration. This includes various human factors, task factors, and Al
system factors and the complex interplay between them in different configurations.
This synthesis reflects the importance of broadening the spectrum of metrics for
evaluating human-Al collaboration (e.g., by considering stakeholder values). We
discuss promising ideas to address common challenges such as under-reliance or
over-reliance on Al systems. We argue for broadening the lens of human-AlI collab-
oration to consider the Al supply chain and the underlying value chains to ensure the
responsible design of enterprise Al. Our insights collectively suggest that enterprise
Al will benefit from the human-centered approach while creating collaborative
workflows and human-AlI configurations that can augment and complement humans
with the computational power and scalability of Al
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7.1 Introduction

The fundamental essence of human-Al collaboration is not novel. Similar ideas
were proposed and discussed as early as in 1960 by Licklider [1]. Over the last
few years, we have witnessed increasing adoption of Al systems across different
domains and around the world. Opportunities created by the potential of Al
technologies have been met with euphoric enthusiasm and scathing skepticism
in equal parts—and for good reason. On the one hand, advances in machine
learning and Al have led to remarkable breakthroughs. In healthcare, systems like
AlphaFold have revolutionized protein structure prediction, leading to an unprece-
dented acceleration in drug discovery and development [2, 3]. There is growing
evidence suggesting the potential of Al systems for question-answering related to
medicine, medical diagnosis, and precision medicine [4—7]. Al systems have also
been built to good effect in pursuit of climate modeling [8] and conservation of
biodiversity [9]. Al-powered chatbots have transformed customer service [10] and
are being adopted in healthcare and education to solve a variety of challenges [11—
14]. From transportation to finance and entertainment, the list of positive footprints
of Al technologies goes on. On the other hand, the frantic adoption of Al systems
across the world has also led to unforeseen and unfortunate consequences. These
have been well-documented by media, journalists, and other efforts that have led to
systematically capturing such “Al incidents” in a database to prevent repeated Al
harms or failures [15]. In this context, researchers and practitioners across different
communities have proposed frameworks, tools, and methods to build responsible,
ethical, trustworthy, safe, robust, meaningful, transparent, and human-centered Al
systems—with often overlapping goals and objectives [16-21].

Many Flavors of Human-AI Collaboration and Teaming

The potential of Al systems to support, complement, and augment the skills and
capabilities of humans across different tasks has led to widespread applications
in human-AlI collaborative configurations with varying effectiveness [22-27]. For
instance, Sowa et al. explored synergies between human workers and Al in man-
agerial tasks, identifying an increased productivity due to human—AlI collaboration
[28]. There is a growing footprint of AutoAl or AutoML in data science, wherein
data scientists are aided by automated workflows that simplify their practices [29].
Jiang et al. explored task delegability in human-AlI collaboration in the context of
qualitative analysis and found that the design of Al assistance that honor serendipity
and human agency are necessary for meaningful collaboration [30]. More recently,
Rastogi et al. highlighted the complementary strengths of humans and generative
models in collaborative auditing of large language models (LLMs) [31].

Prior work has explored the prospect of integrating Al systems into human
teams to achieve shared goals [32-35]. In contrast to human-AlI collaboration where
humans and Al work together on a given task but maintain relatively distinct roles
and responsibilities, human-Al teaming entails a dynamic relationship, resembling
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the interaction between human team members with Al as an active participant.!
While human-Al collaboration has largely been associated with the notion of
using Al as a functional assistant, human-Al teaming predominantly corresponds
to integrating Al as an adaptive and autonomous partner in a shared process. These
distinctions, however, have not always been made consistently in existing literature
spanning both conceptualizations. Thus, there is some overlap across these realms
of work. In the context of multiplayer online games, Zhang et al. found that people
reported mixed feelings toward Al teammates but exhibited a generally positive
attitude toward future collaboration with Al teammates [38]. In other empirical
work, Zhang et al. assessed the effects of teammate identity (comparing human
versus Al) and teammate performance (comparing low-performing versus high-
performing AI) on human-Al cooperation [39].

He et al. explored the potential of using LLM agents with humans-in-the-loop
for planning tasks and found that LLM agents can work effectively when a high-
quality plan and necessary user involvement in execution are available and that
users can easily mistrust LLM agents with plans that seem plausible [40]. In the
evolving area of explainable Al, recent evidence has shown that the use of LLM
agents can result in amplifying over-reliance on Al systems by creating an illusory
depth in explanations [41]. Over the last decade, a number of empirical qualitative
and quantitative studies have contributed to a wealth of knowledge around how we
can design for better human-Al collaboration and build effective human-Al teams
[42, 43].

Considering that organizations and companies are invested in optimizing their
business and operations with Al [44], it is important to address and understand
the potential of human-Al collaboration for enterprise Al. Recent work at the
intersection of HCI and Al has identified calibrated trust as an important need for
appropriate interaction with assistive Al [45]. Some pivotal questions that arise in
this context are:

e How can Al systems assist and support human decision-making while
optimizing for trade-offs that affect enterprises?

* How can we foster appropriate trust and reliance on collaborative decision-
support systems in enterprises?

This chapter unpacks recent findings in human-Al collaboration and reflects
on future directions for enterprise Al. To this end, we first present an overview
of the notions of trust and reliance on Al systems that have been proposed in
existing literature and then synthesize findings around factors that shape human-Al

1 Note that there are further conceptualizations of combining human and machine intelligence, such
as hybrid intelligence [36, 37]. Though relevant, this remains beyond the scope of our chapter.
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collaboration. Note that our view on frust considers it as a mechanism that can foster
effective collaboration between humans and Al systems, as opposed to considering
trust as an end goal that we should strive to optimize for [46].

7.2 Trust and Reliance on AI Systems

In their impactful work on tfrust in automation, Lee and See defined trust as
the attitude that an agent will help achieve an individual’s goals in a situation
characterized by uncertainty and vulnerability [47]. They argued that subjective
trust can guide and influence objective behavior and interactions (i.e., reliance) with
an automated system. Hoff and Bashir reviewed empirical research on factors that
influence trust in automation, published between 2002 and 2013, and proposed a
three-layered interdependent trust model [48]. This consists of (i) dispositional trust
that represents an individual’s overall tendency to trust automation, independent
of context or a specific system; (ii) situational trust that represents the variability
in trust depending on different contexts; and (iii) learned trust that represents
an individual’s assessment of a system based on past experience or the current
interaction.

More recently, the notion of regulating one’s trust in an Al system and thereby
informing their reliance on said system, preventing disuse and over-use (i.e., under-
reliance and over-reliance), and relying on Al advice only when it is credible
and warranted has been referred to as the pursuit of facilitating appropriate trust.
Evidence from different empirical studies suggests that all three layers of the inter-
dependent trust model [48] have been shown to influence appropriate trust. Over the
last decade, researchers in HCI and Al have explored a number of methods to foster
appropriate trust and reliance in human-Al interactions to pave the way for optimal
human-Al collaboration.

Mebhrotra et al. carried out a comprehensive and systematic review of the growing
literature on fostering appropriate trust in Al [49]. In their work, the authors also
shed light on different concepts related to appropriate trust, including warranted
trust [50], justified trust [51], contractual trust [52, 53], and calibrated trust [54, 55].
Jacovi et al. proposed a formalization of trust and how to design trustworthy AI [52].
The authors discuss the possible causes of warranted trust as intrinsic reasoning and
extrinsic behavior. More recently, Schlicker et al. proposed a two-level trustwor-
thiness assessment model (TrAM) that applies psychological models to evaluate
system trustworthiness [56] and distinguishes system characteristics, actual and
perceived trustworthiness, individual standards, and cues. Miller proposed methods
to measure perceived and demonstrated trust [57]. Several empirical works studying
human-AlI interaction and collaboration have operationalized and leveraged these
underpinnings of trust in Al to assess novel methods and their effectiveness in
fostering appropriate trust and reliance on Al systems [25, 58]. In particular, there
is a growing body of work exploring the potential of Al to aid human decision-
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Fig. 7.1 Relation between trust, reliance, and the appropriateness of their reliance in human-Al
collaboration contexts (e.g., decision-making). Users may trust or distrust an Al system, and this
may either be warranted or unwarranted. Their understanding of the process through which the Al
system reaches its output, or the Al system’s rationale behind its advice, can play an important role
in shaping their reliance on the Al output (e.g., using Al assistance in a decision-making task)

making [59-63]. In fact, optimizing decision workflows has been identified as an
avenue that bears immense potential for enterprise Al [44].

In summary (see Fig.7.1), while trust plays a central role in shaping the
effectiveness of decision workflows, it is ill advised to pursue trust as a goal in
and of itself. It is far more beneficial to view fostering appropriate trust as a means
to facilitate effective human-AlI collaboration and team performance [41, 46, 64]. In
that vein, it is worth asking whether appropriate trust is sufficient to achieve effective
human-AlI collaboration. It is now understood that although (appropriate) trust plays
a foundational role in human-Al collaboration, it does not solely lead to effective
human-Al collaboration (i.e., it is necessary but not sufficient). Several critical
factors influence the effectiveness of human-Al collaboration—complementary
capabilities, feedback mechanisms, and technical qualities of the Al system, among
others. For example, consider the prospect of complementary capabilities [65]. In
industrial or manufacturing settings [66], predictive maintenance systems profi-
ciently identify patterns in different types of data that predict equipment failure,
while human operators contribute contextual knowledge about specific machines
and their operating conditions. In such a collaborative context where appropriate
trust on an Al system exists but there is a lack of complementary capability, benefits
of the collaboration cannot be reaped.
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7.3 Key Factors That Shape Outcomes in Human-Al
Collaboration

In this section, we present an overview of the multitude of factors that have
been shown to influence user trust, as well as experiential outcomes and team
performance in human-Al collaboration. These factors (presented in Table 7.1),
together with human-Al configurations (see Table 7.2), blend together in a complex
interplay that shapes team performance and the perceived experiences.

7.3.1 Human Factors

A number of human factors and individual traits have been shown to influence
and shape both experiential outcomes and performance outcomes in human-Al
interaction and collaboration. These factors need to be considered while designing
decision workflows or interactions with Al systems in the context of enterprise Al

Al literacy, i.e., the proficiency of humans in different domains of AI that
can enable the efficient, meaningful, and ethical use of Al technologies, has
been widely identified as being a crucial factor in regulating AI adoption and

Table 7.1 An overview of the factors that have been shown to shape trust and affect human-
Al collaboration in prior work. References serve as examples of works that have studied
corresponding factors. Note that this is not an exhaustive summary of all relevant factors surfaced
in existing literature but a representation of some key factors that have been methodically studied
and are well understood to play an important role

Human factors Task factors Al system factors

Al literacy [67-69] Complexity [70] Interpretability and

Domain knowledge [71] Uncertainty [63] explainability [72]

Domain expertise [73] Stakes [61, 74] Accuracy [75, 76]

Mental models [77] Task context (e.g., time Reliability [78, 79]

Prior experience [80, 81] constraints, pressure [82, 83]) | Trustworthiness [57]

Cognitive biases [80, 84] Interface (e.g., modality,

User expectations [85, 86] feedback, accessibility) [87, 88]

Culture and values [89, 90]

Table 7.2 Different aspects of human-Al configurations that have been shown to shape experien-
tial and performance-related outcomes in human-AlI collaboration

Human-AlI configurations

Distribution of control [18]

Individual versus collaborative use [116, 129, 130]

Organizational dynamics, policies [131]

Interdependency [132]
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fostering appropriate trust and reliance on Al systems, consequently paving a
way for effective human-Al collaboration. Cetindamar et al. identified four sets of
capabilities associated with Al literacy—(i) technology-related, (ii) work-related,
(iii) human-machine-related, and (iv) learning-related capabilities—and pointed
out the importance of operationalizing Al literacy for non-Al professionals [91].
Over the last few years, there have been several efforts to develop Al literacy
scales [68, 69, 92, 93] to understand the role and assess the impact of Al literacy on
human-AlI collaboration on one hand and efforts to increase Al literacy in society to
help people effectively interact with and critically evaluate Al systems on the other
[67, 94-96].

Hoffman et al. presented a broad overview of mental model elicitation methods
and their application in the context of explainable Al [97]. The authors highlighted
that user mental models represent their understanding of an AI system and its
context, including the task, goals, and current situation. Bansal et al. found that
human mental models of Al capabilities and their awareness of when to accept
or override an Al system’s recommendation (based on their mental models) affect
the resulting team performance [77]. Andrews et al. proposed a conceptual model
for the application of literature on “shared mental models” in human teams to the
context of human-Al collaboration [98]. Gero et al. studied people’s mental models
of AI agents in a cooperative word-guessing game [99]. The authors found that
people have existing intuitions about how Al systems work and that such intuitions
can be disrupted when they encounter specific Al systems. They also characterized
the capability of people to revise their mental models of the Al system in the face of
encountering anomalies.

Researchers have also studied how user expectations and various Al metaphors
influence and shape experiential and performance outcomes in human-AlI collabora-
tion. Khadpe et al. found that conceptual metaphors used to describe Al systems can
shape user expectations and behavior in human-AlI collaboration [85]. Similarly, in
the context of conversational crowdsourcing, Jung et al. found that different human
and non-human metaphors can affect worker engagement, their perceived cognitive
load in various tasks, their intrinsic motivation, and their trust in the agents [86].
Cabrera et al. found that showing users behavior descriptions of Al systems, i.e.,
details of how Al systems perform on subgroups of instances, can improve the
performance of human-Al teams across different tasks [100]. Furthermore, Nourani
et al. uncovered and synthesized the role of various experiential biases in shaping
user mental models and outcomes in their interactions or collaboration with Al
systems [101]. For instance, first impressions of Al systems have been shown
to weigh heavily on influencing user expectations and reliance behavior on Al
systems [102]. However, some prospects for the evolution of perceptions beyond
first impressions have also been found [81] in different contexts.

Domain knowledge, experience, and expertise have all been identified as factors
that affect human-Al collaboration. Zhang et al. explored how users trust and
rely on an Al assistant that performs with different levels of expertise relative to
themselves, ranging from completely overlapping expertise to perfectly comple-
mentary expertise. The authors found that participants were able to perceive when
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the assistant was an expert or non-expert within the same task and calibrate their
reliance on the Al to improve team performance [73]. To optimize human-Al team
performance, Wilder et al. carried out a systematic exploration of how machine
learning systems can be trained to complement human reasoning [103]. Through
a controlled study in a human-AlI collaboration task, Nourani et al. explored the
role of domain knowledge in establishing trust and susceptibility to the influence
of first impressions on user trust [71]. The authors found a differing impact on
domain experts versus novice users. Encountering errors early on caused negative
first impressions for some domain experts, negatively impacting their trust over
the course of interactions. In contrast, novice users were found to suffer from
over-reliance due to their lack of proper knowledge to detect errors. Inkpen et al.
explored the interplay between user expertise and complementarity of Al systems
on human-AlI collaboration [60]. The authors found that novice users demonstrated
improvements in performance by relying on Al advice, highly proficient users were
able to discern when to follow Al advice and typically maintained or improved
their performance as a result of the collaboration, and that mid-performers (with
a similar level of accuracy to the AI) were most variable in terms of whether the
Al advice helped or hurt their performance. However, there is growing evidence
suggesting that achieving optimal human-Al team performance can be challenging.
Agarwal et al. found that providing expert radiologists with Al predictions does not
always improve performance, whereas contextual information does. Radiologists
do not realize the gains from Al assistance because of errors in belief updating—
they underweight Al predictions and treat their own information and Al predictions
as statistically independent. Unless these mistakes can be corrected, the optimal
human-Al collaboration design delegates cases either to humans or to Al, but rarely
to Al-assisted humans.

That humans are susceptible to a plethora of cognitive and behavioral biases that
influence how different tasks are carried out is a well-established fact [104, 105].
Prior work has unveiled how biases can surface in different contexts of human-
Al collaboration. Echterhoff et al. explored a specific type of anchoring bias in
which decision-makers are anchored by their own recent decisions and found
that it is possible to combine the strengths of Al systems and humans to enable
fairer decisions in sequential decision-making tasks [106]. Through a controlled
study, Nourani et al. found that users who observed strengths of an Al system
early on in their interactions were more prone to automation bias and made
significantly more errors due to positive first impressions of the system and that
users who encountered weaknesses of an Al system earlier made significantly
fewer errors since they tended to rely more on themselves [80]. Building on work
from the field of cognitive science, Rastogi et al. proposed a general framework
to account for cognitive biases in the human-Al collaborative decision-making
setting and mitigate their negative effects on team performance [107]. Based on
their empirical exploration of human-Al collaboration, Jacobsen et al. discussed
the gap between perceived and measured task effectiveness [108]. He et al. showed
that the meta-cognitive bias of the Dunning-Kruger Effect can have a detrimental
effect on team performance in human-AlI collaboration [84]. The authors found that



7 The Enterprising and Elusive Prospects of Human-Al Collaboration 219

participants who overestimated their performance tended to exhibit under-reliance
on Al systems, which in turn hindered optimal team performance.

Erlei et al. found that humans tend to overwrite their economic self-interest to
avoid bargaining with Al systems [64], and also that humans consistently violate the
choice independence assumption when delegating predictions to a superior Al sys-
tem [213]. Vodrahalli et al. highlight the importance of modeling human interaction
when designing Al systems for human use [24]. Drawing from empirical findings
across different tasks, they reflected on the importance of jointly optimizing the
human-AlI collaborative system instead of the predominant paradigm of optimizing
the AI model alone. Biswas et al. found that bilingual writers demonstrated biased
behavior when interacting with an Al co-writing agent, wherein prior exposure to a
Spanish LLM reduced subsequent utilization of a better-performing English LLM
in a persuasive charitable giving task [109].

There is an increasing understanding and recognition of the role of culture
and human values in shaping human interactions with Al systems [89, 110-113].
Considering the progress in Al regulation around the world and an echoing rally
to ensure Al systems adhere to certain values, van de Poel identified the complex
challenges and opportunities of embedding values in Al systems [89]. In line with
the grand objective of aligning AI with human values [114], Hendrycks et al.
proposed a method to assess a language model’s knowledge of basic concepts of
morality [112]. Seth et al. found a significant variation across different language
models in their ability to infer artifacts across regional sub-cultures in India [113].

7.3.2 Task Factors

Different task characteristics have been shown to influence both experiential and
performance-related outcomes in human-Al collaboration [115, 116]. This section
presents an overview of such task factors.

Lai et al. surveyed prior work in human-Al collaboration and identified four
dimensions of task characteristics that varied in the tasks: (1) fask risk or stakes
(e.g., high, low, or artificial stakes), (2) required expertise in the task, (3) decision
subjectivity, and (4) Al for emulation versus discovery [61]. A recent empirical
study by Baron et al. explored the impact of stakes of the decision (high versus low)
and the decision source (human versus Al) on user perceptions of explanations for
Al systems in medical contexts [74]. The authors found that the effectiveness of
explanations may not depend on the type of explanation but instead on the stakes
and decision source.

Salimzadeh et al. argued that the variety in decision-making tasks empirically
studied in the context of human-Al collaboration and their operationalization has
led to an opacity around how findings from one task or domain carry forward
to another [70]. The authors proposed measuring task complexity to tackle the
problem of under-specification and facilitate comparison across empirical research
in human-Al collaboration. Tomsett et al. proposed that the objectives of imbuing
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Al systems with interpretability and uncertainty-awareness can allow for rapid
trust calibration among decision-makers, by facilitating the understanding of an
Al system’s limitations and likely failures [117]. Prabhudesai et al. explored
how and why lay decision-makers utilize ML uncertainty information in their
decision process [118]. Through a qualitative study, they found that communicating
uncertainty about a machine learning model’s predictions forced participants to
slow down and think analytically about their decisions. Other empirical work by
Salimzadeh et al. found that when users are presented with complex and uncertain
tasks, they tended to rely more on Al systems while demonstrating lower levels of
appropriate reliance compared to tasks that were less complex and uncertain [63].

Cao et al. empirically studied human decision-making behavior and task per-
formance under time pressure that is either induced from limited initial observation
time or final decision time (i.e., the time to weigh an AI’s suggestion before reaching
a collective human-Al team answer) [83]. The authors found that users tended to
follow Al suggestions when they were provided with a longer final decision time. In
a similar context of studying human-AI collaboration under time pressure, Swaroop
et al. found that different types of Al assistance have different accuracy-time trade-
offs when people are under time pressure compared to no time pressure [82].

7.3.3 AI System Factors

This section presents an overview of how different attributes of an Al system,’
ranging from its interpretability to accuracy and reliability, play a role in shaping
performance and experiences in human-Al collaboration.

Several efforts have been made to communicate Al system predictions, advice,
or output to human stakeholders—from stating system accuracy to generating
explanations—with varying outcomes [75, 76, 119]. Yin et al. found that users’
trust in a model is affected by both its stated accuracy and its observed accuracy
and that the effect of stated accuracy can change depending on the observed
accuracy [75]. However, He et al. explored the impact of communicating system
accuracy on human-Al collaboration outcomes and found that explaining the stated
accuracy of a system using analogies failed to help users rely on the Al system
appropriately [76]. Rechkemmer et al. investigated user trust in AI when multiple
performance indicators are presented at the same time [120]. The authors found that
while the level of model confidence significantly affects people’s belief in model
accuracy, both the model’s stated and observed accuracy generally have a larger
impact on people’s willingness to follow the model’s predictions.

2 In this chapter, we use the phrase “an Al system” interchangeably with an Al-based system, a
machine learning model, a decision-support system, an Al assistant, or an algorithmic decision
aid.
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Senoner et al. carried out experiments with real-world visual inspection tasks in
the domain of manufacturing and medicine to understand the impact of explain-
able Al aids on human-Al collaboration [72]. They found that domain experts
performing the tasks demonstrated a significant improvement in their performance
when they were supported by explainable Al aids in the form of visual heatmaps.
Ahn et al. investigated how interpretability and outcome feedback influence users’
task performance and trust in Al [121]. In contrast to other findings suggesting
that interpretability can drive trust, the authors found that interpretability led to
no robust improvements in trust and that outcome feedback had a significantly
greater and more reliable effect. Similarly, in a controlled experiment with Al
practitioners, Kaur et al. found that participants spent significantly less time on tasks
and were far less accurate about the data and model when they were given access to
interpretability tools [122]. This complements earlier results showcasing how data
scientists tend to over-trust and misuse interpretability tools [123].

Through mixed-method user studies, Bansal et al. found complementary
improvements resulting from human-Al collaboration and also that such benefits
were not increased by using explanations. They found that explanations instead
increased the likelihood of humans accepting the Al system’s recommendation,
regardless of its correctness [59]. In other work, Bansal et al. explored the influence
of technical updates to an Al system in a human-Al collaboration context. They
found that although updates can be made to increase the system’s performance, they
can also lead to behavioral changes that deviate from users’ prior experiences and
confidence in the Al system’s inferences, thereby having a negative impact on team
performance [124].

Early work by Fan et al. showed that the knowledge of Al reliability among
users has a significant impact on shaping user trust [78]. Appelganc et al. explored
the reliability that participants required to perceive support agents (either human
or Al systems) as being “highly reliable” and how this differed across contexts of
working together or being evaluated by the agent [79]. Through an empirical study,
the authors found that the required reliability in the context of working together did
not differ across the humans or AI. However, participants required that AI be more
reliable than a human when used to evaluate themselves.

The modality of interaction with Al systems have also been shown to influ-
ence performance outcomes and interaction experiences in human-Al collabora-
tion [88, 125-127]. Le et al. compared spoken and written interactions with a
natural language dialogue system using two real information-retrieval systems. The
authors found that the spoken interaction mode was less efficient but promoted
collaboration [127]. Zhang et al. highlighted the trade-offs between AI’s verbal
communication and visual communication based on their findings from an empirical
study exploring human-Al team compositions [125]. Through an empirical study,
Liu et al. found that the visual-auditory bimodality was superior to single visual
modality and single auditory modality for older adults based on the perceptions of
social presence, attitudinal outcomes, and acceptance [126]. The authors observed
that older adults perceived greater social presence, perceived enjoyment, satisfac-
tion, and acceptance with text feedback than without in their interactions with
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Al assistants. He et al. explored the impact of a conversational XAl interface on
users’ understanding of the Al system, their trust, and reliance on the Al system in
comparison to an XAl dashboard [128]. The authors found that the conversational
XAI interface could bring about a better understanding of the Al system among
users and lead to higher user trust. However, users of both the XAI dashboard and
conversational XAl interfaces demonstrated over-reliance on the Al system, and
enhancing the conversations by using agents amplified this over-reliance.

7.3.4 Human-AI Configurations

This section synthesizes findings from different human-Al configurations and
workflows for human-AlI collaboration, including those within organizations, given
the widespread adoption of enterprise Al (as shown in Table 7.2).

Wang et al. synthesized six different configurations in human-AlI collaboration
based on varying levels of human agency: (i) Al suggests and humans decide
(verification); (ii) humans provide feedback and Al optimizes (supervision); (iii)
humans and Al systems work independently for certain tasks, sharing a portion
of the decision-making process (cooperation); (iv) Al decides and humans control
(intervention); (v) Al decides and humans can exit (rejection); and (vii) Al adapts
and human input is eliminated (regulation) [132].

In a user study with veterinary radiologists, Fogliato et al. explored the effects
of providing Al assistance at the start of a diagnostic session in radiology versus
after the radiologists made provisional decisions [133]. The authors found that
participants who were asked to register provisional responses in advance of
reviewing Al inferences were less likely to agree with Al, regardless of whether
the advice was accurate. The authors also found that in instances of disagreement
with Al, they were less likely to seek the second opinion of a colleague. In
the context of generating personas, Shin et al. explored human-Al workflows
that differently delegate subtasks in user research between human experts and
LLMs [134]. The authors found that better results (i.e., more representative and
empathy evoking) are achieved when leveraging human skill in grouping user data
by their key characteristics and exploiting LLMs for summarizing pre-grouped
data into personas. Wu et al. proposed the notion of LLM chaining, where the
output of one step becomes the input for the next, aggregating potential gains
along different steps [135]. In a user study exploring LLM chaining, the authors
found that users leveraged sub-tasks to calibrate model expectations, compared
and contrasted alternative strategies by observing parallel downstream effects,
and debugged unexpected model outputs by testing sub-components of a chain.
Allen et al. identified junctures in typical crowdsourcing workflows at which the
introduction of LLMs could lead to benefits [136]. The authors proposed means to
augment existing design patterns for crowd work. In other work, Wu et al. showed
that replicating crowdsourcing pipelines can help us understand the relative LLM
strengths on different tasks (via performance comparison on sub-tasks) and the
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potential of LLMs in complex tasks, where they can complete part of the tasks
alongside humans [137].

Cai et al. explored the context of human-Al collaborative decision-making and
carried out a qualitative study with pathologists. The authors interviewed them
before, during, and after being presented deep neural network (DNN) predictions for
prostate cancer diagnosis to learn the types of information that they desired about
the Al assistant [129]. The authors found that clinicians desired upfront information
about the known strengths and limitations of Al, its subjective point of view, and its
overall design objective. Similarly, Salimzadeh et al. highlighted the importance
of considering task characteristics when designing human-Al collaborative systems
where peers leverage Al assistance [116].

Through a two-year-long case study of an organization in the international
maritime trade that introduced automated algorithmic support for data analysis and
prediction work, Gronsund et al. explored how configurations of humans and Al
systems evolved as the firm adopted Al [131]. The authors found that the notions
of automation and augmentation are intertwined in the evolution of organizations
as they adopt Al They highlighted the strategic importance of a human-in-the-loop
pattern for organizational reflexivity to ensure that the performance of Al meets the
requirements of the organization.

7.4 Toward Effective Human-AI Collaboration for
Enterprise Al

Different research communities at the intersection of Al and HCI have tirelessly
pursued the conceptualization, operationalization, and development of methods to
foster appropriate reliance in human-Al interaction and collaboration [62, 138—142].
Researchers and practitioners have proposed a variety of approaches and empirically
evaluated them in different domains [143—-145]. For the most part, it can be argued
that the pursuit of appropriate reliance is an unsolved challenge and has proved to
be an elusive goal. Among other reasons, this is primarily due to conflicting findings
across different studies (e.g., the early potential and promise of Al explanations as a
general vehicle to foster appropriate reliance and shape positive outcomes has been
refuted due to mounting evidence that suggests more nuance [146—154]), the unclear
transferability of findings across empirical work in this area, and questionable
ecological validity.> While there is a lot of ground that remains to be covered in our
pursuit of facilitating appropriate reliance on Al, there have been some noteworthy
efforts that have sown some seeds of promise. We discuss these ideas below.

3 Ecological validity refers to the extent to which experimental findings can generalize to the real
world beyond the experimental frame [155, 156].
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Plausibility, Verifiability, Bounded Rationality, and the Compelling Argument
of ‘Evaluative AI’ In their recent work, Fok et al. argued that explanations are
only useful to the extent that they allow human decision-makers to verify the
correctness of the AI’s prediction [157]. The authors highlight that prior works
have found that in many decision-making contexts, Al explanations do not facilitate
such verification. Kaur et al. investigated the extent to which Al practitioners apply
bounded rationality when using interpretability tools and whether the application of
bounded rationality helps or hurts.* The authors argue that whether the outcomes
of bounded rationality are good or bad is dependent on the heuristics that people
apply to select a “good enough” option. When such heuristics are inaccurate, then
bounded rationality can lead to inaccurate decisions and propagate harm [122].
Miller proposed a conceptual framework called evaluative Al to support explainable
decision support while tackling the challenges of over- and under-reliance on
Al [158]. The author proposed this as a machine-in-the-loop paradigm in which
decision support tools provide evidence for and against decisions made by the
users, rather than providing recommendations for users to accept or reject. This
is aligned with findings that suggest encouraging critical thinking and consideration
among users is fundamentally important to help calibrate trust and foster appropriate
reliance on Al [159, 160].

Considering Trust Development Over Time and in Context There has been
limited consideration of trust development through interactions with Al that are
spread over a period of time [81, 161]. In their recent qualitative work, Kahr et
al. addressed the often neglected perspective of trust development over time [162].
The authors investigated a real-world case in which logistics experts had worked
with an Al system for many years. They found that despite clearly identifying
Al system imperfections, experts developed trust over time. Inconsistencies and
frequent efforts to improve the Al system disrupted trust development, hindering
control, transparency, and understanding of the system. The authors also found that
despite the overall trustworthiness, experts overrode correct Al decisions to protect
their colleagues’ well-being.

Fine-Grained Notions of Appropriate Reliance In the context of Al-assisted
decision-making in composite fact-checking tasks, He et al. investigated the impact
of a novel multi-step decision workflow on user reliance behaviors [163]. Their
findings demonstrate that human-Al collaboration with the proposed decision
workflow can outperform one-step collaboration in specific contexts (e.g., when
advice from an Al system is misleading). Analyzing appropriate reliance at fine-
grained levels (i.e., at the sub-step level in decomposed tasks) revealed that such
workflows can be effective when users demonstrate a relatively high consideration

4 As described in [122], bounded rationality is an inherent feature of human decision-making;
people can seldom consider the utility of all possible choices before reaching a decision, since that
would lead to information overload, decision fatigue, and decision paralysis.
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of the intermediate steps. The authors discuss and highlight that there is no one-size-
fits-all decision workflow that can help obtain optimal human-AlI collaboration.

7.4.1 Downstream Al Users: Broadening the Lens of
“Human-Al Collaboration” to Consider
Decision-Subjects

Other stakeholders can be directly affected as a result of end-users collaborating
with a given AI system. Such stakeholders are referred to as decision-subjects.
For an overview of this, consider the inferences of classic Al systems that are
based on data samples fed as input to these systems. The outputs of such systems
shape the final decisions made by end-users and can (positively or negatively)
affect decision-subjects represented by the input samples. Whether the decision-
subject accepts a resulting decision or decides to contest it [164] might not only
depend on their satisfaction with the decision but also on their appreciation of the
user-Al collaboration, their judgment of the Al system itself, and their trust. In
turn, whether a decision-subject appropriately accepts or contests a decision has
repercussions not only for themselves but also for the Al deployer who might have to
conduct additional work (e.g., to verify the decision, to rebut the decision-subject’s
contestation, or pursue some action). Particularly, if a subject serially contests
decisions, the deployer might get overloaded with verification tasks, while if a
subject serially accepts decisions without contestation, it might lead to an increasing
prevalence of inappropriate decisions and eventually shape long-term consequences
[165].

Researchers have already started investigating the relation between the decision-
subject and the Al system or the combination of the Al system and its user.
They have explored the factors that shape such a relation, whether the system is
trusted, whether it is deemed fair, and under which conditions [166—168]. Others
have explored how to facilitate access to relevant information about the Al system
and its decisions for the decision-subject, for them to better determine when
to accept a decision [169, 170]. This might go through appropriate information
disclosures by the Al deployers or users (e.g., as suggested by certain Al regulations
and policies) [171-173], by the development of explanations appropriate for the
comprehension of the decision-subjects [174], and by the definition of Al literacy
and its development among all kinds of decision-subjects [67, 68]. Finally, prior
work has also investigated when and how the subjects might want to contest a
decision and what might be technical and procedural structures to facilitate their
efforts [175-179].

These insights are particularly relevant to Al deployers who should not only
focus on serving a high-performance Al system but also on designing interactions
with users and decision-subjects that enable scrutiny, the establishment of appro-
priate trust, and contestation when relevant. Note that prior work has shown that
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without such careful designs, the decision-subjects (or even the Al users) might not
consider it fair and might want to contest an Al system and/or the resulting decision
[168].

7.4.2 Upstream Al Users: Broadening the Lens of Human-Al
Collaboration to Realities of the AI Supply Chain

Recent scholarship proposes to expand the scope through which Al is scrutinized.
Instead of focusing on the algorithm underlying the AI system, the outputs it
produces, and how intended users interact with those outputs, HCI, STS, and legal
scholars increasingly draw attention to the Al supply chain [180-183] (also referred
to as Al value chain [184]). The Al supply chain should also be considered as a
consequential site of human-Al collaboration, which impacts what the AI system
can do and the potential harm it might cause.

7.4.2.1 What Does the AI Supply Chain Constitute?

With the Al supply chain, scholars refer to the various stakeholders who are involved
in building, deploying, governing, and maintaining an Al system as well as its
various sub-components. For example, consider a large language model that is often
used in combination with one or multiple output filters and input prompt restrictions
and that requires datasets and algorithms to function. See Fig.7.2 for a simple
illustration of the AI supply chain. Regulatory documents like the Al Act [172]
have also started to adopt this supply chain framing. They particularly emphasize the
distinction between various organizations: the Al provider is the organization that
develops an Al system or possesses an Al system and places it on the market, and
the Al deployer instead is the organization that adopts an Al system (organizations
can hold both roles simultaneously). Note that the users traditionally studied in
the context of human-AlI collaborations might be employed by the AI deployer or
make use of the deployer’s system via another contractual relation. For instance,
a company might serve an Al system for its employees to draft emails faster or
might let its clients contact an Al-based chatbot for customer-service questions.
Some organizations might be both providers and deployers (e.g., OpenAl) while
providing access to the general public to their Al systems.

Researchers have identified the individual stakeholders involved with these
provider and deployer organizations. Naturally, various engineers, data scientists,
and Al researchers contribute to building components of the Al system [185, 186].
UX researchers and practitioners investigate which capabilities to enable with such
a system and how to design it in order to enable these capabilities [187-189].
Additionally, product managers, responsible Al-specific roles, internal lawyers,
and policymakers, all bear various roles within these organizations, be it in terms
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Fig. 7.2 A simplified representation of the sites of human-Al collaboration throughout the
lifecycle of an Al-based system. Left of the Al-based system (purple), we show the Al supply
chain. Right of the Al-based system (white), we show the decision-subjects. In the speech bubbles
(blue), we show examples of questions relevant to the collaboration between each stakeholder and
the system or one of its components

of managing teams that produce and release the components or ensuring the
compliance with existing regulations (e.g., by identifying potential issues with the
systems and setting governance workflows to mitigate these) [183, 190, 191].

Going beyond these central organizations, it is worth noting the materiality of
Al supply chains and their resource hunger, particularly in terms of data, labels
associated with the data, data storage, computational power, and the required
hardware to enable such power [180, 184]. Other stakeholders are typically involved
with gathering and developing these resources, such as the crowd workers who
annotate datasets or the workers in mines who collect the minerals used to fabricate
Al hardware [192-196].

7.4.2.2 Key Notions in the AI Supply Chain

Prior research has addressed two primary knowledge gaps in relation to the Al
supply chain—factors that shape the Al supply chain and harms that stem from
it. We discuss this next.

Factors That Shape the AI Supply Chain Many studies have surfaced the
practices of individual stakeholders in the supply chain and identified the various
factors that affect these practices. They have pointed out the individual factors that
affect the perceptions and efforts of these stakeholders, such as their knowledge
of Al techniques and of AI harms, their reflexivity over their own thoughts and
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practices, their socio-demographic and educational background, and their prior
experiences with Al and potential harms [185, 186, 197].

Researchers have also identified many organizational challenges that stakehold-
ers face in the supply chain and that typically prevent them from ensuring the
development of responsible Al systems, largely due to misaligned interests. They
have pointed out the lack of incentives, time, and budget provided to Al developers
to test the systems for potential harms, the lack of prioritization of responsible
Al efforts in comparison to Al development and release efforts, and the lack of
support for educating Al practitioners about the harms of AI [186, 198, 199]. As a
result, they have started to propose new governance processes at the organizational
level in order to ensure appropriate support for Al practitioners and foster effective
collaborations within Al providers or in between Al providers and deployers, to
ultimately make sure responsible systems are deployed [200].

Although still rare, some scholarship has also started to focus specifically on the
interactions between the stakeholders of the supply chain and how they affect the
resulting Al systems. Researchers have also studied the diversity of trust relations
that make up the supply chain. In that regard, they have highlighted that many
stakeholders form a relation of trust with the Al system or one of its components but
that the factors affecting such trust relations might differ from the factors affecting
a user’s trust in the AI system [183]. They have also shown how trust relations
in between organizations or within the stakeholders of a same organization might
further affect the development of the final Al system. Others have investigated how
responsibility is perceived among these stakeholders and how Al practitioners often
perceive it as a concern and obligation for the stakeholders upstream or downstream
the supply chain but not for themselves [181, 201]. Note that neither the notion of
the Al supply chain nor the association of these various factors to the supply chain
is new. Earlier literature in organizational management and other disciplines have
conceptualized the notion of supply chains and demonstrated the formative power of
these factors [184]. Nevertheless, recent adaptations serve to transfer these notions
to the Al context and surface its nuances. For instance, the kind of information that
an Al developer requires to develop trust in an AI component such as a dataset is
arguably different from the information that a car manufacturer would rely on to
establish trust in the car’s anti-lock braking system (ABS).

Thus, following these potential collaboration-related challenges that make up Al
supply chains, researchers have started to explore the Al-centered information and
knowledge that should be shared and communicated among the stakeholders of the
supply chain. Transparency and literacy could facilitate the appropriate development
and governance of the system [190, 202] if they are enacted appropriately. They
might particularly require adaptations depending on the stakeholders involved in the
information exchanges, their diverse backgrounds, and their economic relationships
(e.g., whether they belong to the same organization, in which case confidentiality
and sensitivity of the information might be less of a hindrance for the exchange)
[190, 203]. Such communications are also supported by the AI Act [172] that
enforces various types of disclosures in between different stakeholders.
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Harms That Stem from the AI Supply Chain The second angle that researchers
have adopted to investigate Al supply chains is their relation to the notion of
Al harms. On the one hand, they have shown that the supply chain might be a
source of harm. All the actions taken (or not) by the stakeholders of the supply
chain, and all the factors and challenges above, will ultimately affect how biased
or fair an Al system is and how transparent it is. They have highlighted that
because of supply chain complexities, it is challenging to ensure fairness ultimately
[181, 182, 184, 204]. On the other hand, they have discussed how the supply
chain itself might be a harmful space. Certain scholars have discussed the poor
labor conditions in which certain practitioners work within the supply chain [192].
Other scholars have revealed the power relations among the organizations of the
supply chain, the dependencies that are created among these organizations, and the
economic and political risk for the organizations with less leverage [182, 204-206].

7.4.2.3 Opportunities to Foster Responsible AI Supply Chains

Despite the little attention that Al supply chains have received, early insights about
the stakeholders and dynamics that make up Al supply chains (described above)
motivate the importance of their study. These insights particularly demonstrate
many challenges in ensuring the supply chain’s compliance with regulations,
decreasing its potential for harm, and mitigating the issues with the final Al systems
it produces. In this context, Al supply chains are very relevant to this chapter.
They constitute a new space of human-Al collaborations upstream the usage of
the system’s outputs by its intended individual users. Indeed, all the stakeholders
we mentioned above have to make decisions related to the Al system or its sub-
components. A product manager in a deployer organization might, for instance,
have to decide whether to adopt the Al system of an Al provider, accounting for
various factors such as the reliability of the provider, the trustworthiness of its Al
system, and the utility of employing such a system in relation to its cost. Instead, a
product manager at a provider organization might have to decide whether to release
an Al system and through which modalities (e.g., open-source, via an API access),
considering the performance of the system as well as how risky it might be (e.g.,
what its propensity for outputting offensive text might be and how this might affect
the reputation of the provider). Furthermore, all these junctions where a decision
is made about the Al system or one of its components end up affecting the final
Al system. Such resulting Al systems have been the object of much of human-
Al collaboration research. We can appreciate that the properties and attributes of
Al systems are shaped all along the supply chain. Hence, better understanding the
supply chain also enables better understanding of the collaboration between the Al
system and its end-users.

This consideration opens up many research opportunities. It brings to question
whether existing approaches developed to support end-user collaborations with
Al systems and to study the factors that shape outcomes in such contexts can
be transferred to other stakeholders in the supply chain. For instance, it would
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be interesting to ask whether the information that users need to learn about to
appropriately rely on an Al system are the same as those that Al practitioners (e.g.,
Al developers, product managers) in the chain would need to make appropriate
decisions. It is easy to envision that some of the work will require strong adaptations.
In that case, it will be especially important for enterprises to actively consider their
role in the supply chain and how to leverage existing research insights to facilitate
the appropriate decision-making of each stakeholder vis-a-vis the Al system and its
components.

7.4.3 The Generative AI Opportunity Cost for Enterprises
Under the Lens of Trust and Reliance

The opportunity costs of investing in generative Al technologies represents a
critical consideration for enterprises, with important second-order effects at stake
(e.g., on energy consumption and sustainability) [207, 208]. While grappling with
the potential and the hype surrounding generative Al, carefully evaluating the
opportunity costs and considering the technological trade-offs is vital. We identify
some key challenges and trade-offs in this vein, particularly in view of trust and
reliance on generative Al in the enterprise context.

* Trust calibration can be a moving target with generative Al. Enterprises should
seek to develop meaningful governance structures that cater for the measurement,
fostering, and monitoring of appropriate trust along with feedback mechanisms
to help calibrate trust [48].

» It is important to create adequate guardrails to help navigate the risks of over-
reliance on generative Al. Failing to implement the necessary guardrails can lead
to unforeseen costs and harms. For instance, LLMs are prone to hallucinations
and inaccuracies that can lead to data pollution when incorporated into enterprise
knowledge bases without appropriate verification or validation [209].

* Opver-reliance on generative Al can also lead to the dilution of knowledge within
enterprises that is typically present in the unstructured mental models of actors
and stakeholders in the enterprise, in their routines, and in particular the tacit
knowledge of experts [210].

* Opver-reliance on generative Al can lead to a decrease in critical thinking [211,
212]. The enterprise opportunity cost manifests here in the form of diminished
problem-solving capacity, especially for novel challenges that require creative
thinking that is still beyond current Al capabilities.
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7.5 Conclusions

There is a growing wealth of knowledge around how we can design and support
effective human-AlI collaboration. In this chapter, we unpacked the fundamental
factors that shape experiential and performance-related outcomes in human-Al
collaboration. We discussed the challenges pertaining to fostering appropriate
reliance on Al assistance and promising directions stemming from recent literature
in this field. We argued that the AI supply chain can be both a valuable lens and a
differentiator in informing the effective design and deployment of enterprise Al
An important aspect to consider in the drive toward adoption of generative Al
technologies into enterprise practices is that competitive advantages and operational
efficiency gains can only emerge from their meaningful and strategic application
rather than mere adoption alone. Aligning Al capabilities with the core business
objectives; simultaneously considering different stakeholders and customer needs
and their values; and explicitly considering second-order effects and societal impact
can be a rewarding approach.
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