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Abstract

Despite the performance superiority of artificial intelligence (Al) in a wide range of
application areas, many users do not accept Al-based solutions. The phenomenon of “Al
aversion” has been widely addressed across more than a decade of research, yet it
remains unclear why consumers react aversely to Al solutions. Due to the identified
tension, this dissertation addresses current and future human-machine interaction at the

intersection of Al and cognitive psychology in three independent research projects:

The first project compares consumer perceptions of Al-created art with human
crafted art. The results demonstrate that consumers assign a lower monetary and
aesthetic value to technology-based artworks once the contribution of Al becomes

apparent.

The second project applies the theory of emotion-based decision-making as a starting
point to investigate the decision mechanism for or against Al-based task completion.
The willingness of humans to delegate a task to Al decreases with rising level of a

positive and arousing emotional state, which is evoked by the task.

The third project illustrates the fundamentally different perception and
understanding of consumers concerning Al itself, as well as Al-related terminologies.
The way subjects evaluate Al is classified into tangible and intangible representations

of Al (e.g., consumers assess “robot” as a tangible and “algorithm” as an abstract entity).

Overall, the three projects depict fundamentals for acceptance when introducing Al-
based solutions. In addition, the findings support practitioners in the acceptance
assessment of Al-based solutions in a business context. From a methodological
standpoint, the application of interdisciplinary research techniques, such as image style
networks, contributes to the usage of deep learning models as an unexplored method for

developing stimuli in consumer research.

VIII



Zusammenfassung

Trotz der Leistungsiiberlegenheit der Kiinstlichen Intelligenz (KI) in den
unterschiedlichsten Anwendungsgebieten werden die Kl-basierten Losungen von
zahlreichen Nutzenden nicht akzeptiert. Seit liber einem Jahrzehnt setzt sich die
Forschung deshalb mit dem Phidnomen der (KI-Aversion» auseinander. Dabei ist nicht
klar, auf welche Ursachen der Widerstand gegen KlI-gestiitzte Losungen zuriickzufiihren
ist. Aufgrund des identifizierten Spannungsfelds befasst sich diese Dissertation in drei
unabhéngigen Forschungsprojekten mit der gegenwartigen und zukiinftigen Interaktion
zwischen Mensch und Maschine an der Schnittstelle von KI und

Kognitionspsychologie:

Im ersten Projekt wird die Wahrnehmung der Verbrauchenden von Kl-kreierter im
Vergleich zu der von Menschen erschaffenen Kunst untersucht. Dabei wird deutlich,
dass die Probanden technologiebasierten Kunstwerken einen geringeren monetdren und

asthetischen Wert beimessen, sobald der Beitrag der KI ersichtlich wird.

Das zweite Projekt nutzt die Theorie der emotionsbasierten Entscheidungsfindung
als Ausgangspunkt, um den Entscheidungsmechanismus fiir bzw. gegen Kl-basierte
Aufgabenbewiltigung zu untersuchen. Die Akzeptanz zur Delegation an die KI nimmt
ab, je stirker eine Aufgabe vom Nutzenden als emotional positiv und erregenden

wahrgenommen wird.

Das dritte Projekt veranschaulicht die grundlegend verschiedene Auffassung und das
Verstdandnis der Konsumierenden fiir KI und deren Synonyme. Die Art, wie Probanden
KI beurteilen, wird in greifbare und nicht greifbare Reprisentationen dieser klassifiziert
(z. B. bewerten Verbrauchende <Roboter als greifbare und <Algorithmus) als abstrakte

Entitiit).

Insgesamt zeigen die drei Projekte Grundlagen fiir die Akzeptanz bei der Einfithrung
KlI-basierter Losungen auf. Zudem bieten die Erkenntnisse praktische Unterstiitzung bei
der Akzeptanzbewertung Kl-basierter Losungen im Unternehmenskontext. Aus
methodischer Perspektive triagt die Anwendung interdisziplindrer Forschungstechniken
wie Image-Style-Networks zur Verwendung von Deep-Learning-Modellen als

unerforschte Methode zur Entwicklung von Stimuli in der Verbraucherforschung bei.
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DISSERTATION OVERVIEW

1. DISSERTATION OVERVIEW

1.1 Motivation and State of Research

1.1.1 The Rise of Artificial Intelligence

The extensive public discourse surrounding the impact of artificial intelligence (Al)
on society is not new. The origins of Al as a research topic are rooted in the past century,
with the first demonstrations of technology-based intelligence presented during the
Dartmouth Summer Research Project on Artificial Intelligence of 1956 (Moor, 2006).
The optimistic attitude on the forthcoming accomplishments of Al was summarized in

the future outlook provided by Nobel prize winner in computing Herbert A. Simon:

But the simplest way I can summarize the situation is to say that there are now in
the world machines that think, that learn, and that create. Moreover, their ability
to do these things is going to increase rapidly until—in a visible future—the range
of problems they can handle will be coextensive with the range to which the

human mind has been applied. (Simon & Newell, 1958, p.8)

Despite the initial optimism as reflected by Simon, the decades after the first “Al
hype” were marked by disappointment and failure. The missing progress in machine
translation due to insufficient computer processing power (Bar-Hillel, 1964) and general
deterioration in the efforts to activate cognitive proceedings in computers (Dreyfus,
1965) resulted in the “Al winters” of the 20th century (Schuchmann, 2019a). Even the
commercialization of Al in the 1980s, which leveraged the foundation for the research
field on consumers’ attitude towards Al, led to continuously decreasing funding and
interest in Al research at the end of the 20th century (Schuchmann, 2019b). The present
century has marked the beginning of the “Al spring” (Manyika & Bughin, 2019),
whereby Al has had enduring impact on humanity. Two significant reasons have been
found to be responsible for the ongoing Al progress in the 21st century: growing amount
of data and increasing computational power (Surya, 2019). The latter has been
demonstrated in the case of Al-based game-playing systems, such as the computer
program AlphaGo, which defeated the human world-class champions of the game Go
(Chen, 2016).
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In the area of consumer applications, the advantages of Al-based technology have
been shown in the sphere of image recognition (Catania, 2020; Jarek & Mazurek, 2019;
Kietzmann et al., 2018; Li et al., 2019; Liu, 2020; Sangaiah et al., 2018), which has
been, for instance, promoted by the ImageNet training database housing more than 14
million hand-annotated images (Markoff, 2012). Furthermore, natural language
processing (Dellaert et al., 2020; Moriuchi, 2019; Pitardi & Marriott, 2021; Poushneh,
2021; Puntoni et al., 2021), for instance, Google Translate (Castelvecchi, 2016) and
Watson Natural Language Understanding (Vergara et al., 2017), has defined the ongoing
progress in quantity and quality of tasks performed by Al. Moreover, intelligent virtual
personal assistants (Balakrishnan & Dwivedi, 2021; Pantano & Pizzi, 2020; Pizzi et al.,
2021; Reis et al., 2018; Youn & Jin, 2021), such as the cloud-based voice service
Amazon Alexa (McLean et al., 2021), have dispersed Al into millions of households
worldwide (Bohn, 2019).

Overall, researchers have acknowledged the growing importance of human-Al
interaction (Amershi et al., 2019; Ashktorab et al., 2021; Hois et al., 2019; Jarrahi, 2018;
Sundar, 2020; Wang et al.. 2020; Yang et al., 2020), comparing the future impact of Al
with the influence of electricity on the development of humankind (Lynch, 2017).
However, academic research concerning how the rise of Al may impact consumer
behavior and the underlying psychological mechanisms determining consumers’
awareness of and association with Al has been meager. This dissertation intends to
contribute to and extend this developing research field on consumers’ attitude towards
Al by understanding the lay beliefs on Al before examining the underlying mechanisms

and key boundary conditions of how humans relate to and interact with Al

1.1.2 Definition of Artificial Intelligence

No single broadly accepted definition of Al exists. Precisely, the foremost difficulty
among researchers has been the hesitancy regarding how to define intelligence. In his
seminar paper on Al, researcher Alan Turing established the imitation test as a method
to determine whether human intelligence can stream from machines (Turing, 1950).
Despite the long-established nature of the test (i.e., attempts of machines to mimic
human thinking), no existing Al solution has been confirmed as indisputable passing the

Turing test (Lee, 2014). However, Google’s Assistant Google Duplex, which is capable



DISSERTATION OVERVIEW

of making human-like phone reservations (e.g. hairdresser appointment), received
promising public feedback on its test performance (Knightly, 2018). Despite this, extant
research findings have questioned the impact of the Turing test given the absence of
opportunity to indicate the perceived level of intelligence behind the Al solution under

consideration (French, 1990).

Three stages of Al have be defined: artificial narrow intelligence, artificial general
intelligence, and artificial super intelligence (Kaplan & Haenlein, 2019). Artificial
narrow intelligence (i.e., weak Al) has been characterized by a below human-like level
of intelligence, but possessing of strong capabilities to perform specific tasks very well,
such as face recognition on the Facebook platform (Knight, 2021). Narrow Al can be
divided into two categories: symbolic Al and machine learning (Dickson, 2019). The
latter describes the most recent progress of Al, since the existing rule-based systems
(i.e., symbolic Al) have been steadily outperformed by machine learning, which applies
deep learning and reinforcement learning to derive intelligent systems with capabilities
to perform in an unpredictable environment (Mahmud et al., 2018). Artificial general
intelligence (i.e., strong Al) is expected to act autonomously to understand and
accomplish entirely novel tasks, and has broad capabilities to replicate existing human
cognitive abilities (Berruti et al., 2020). However, researchers have been skeptical
regarding the realization of general Al (Fjelland, 2020), which would hold a
consciousness level comparable to humankind (Hildebrand, 2019). Finally, artificial
super intelligence (i.e., conscious Al) marks the utopian limit of Al accomplishments,
where Al is capable of outperforming human peers in every task, in every circumstance,
irrespective of the conditions in place (Kaplan & Haenlein, 2019). This is considered as
very futuristic (Yampolskiy, 2015) and current business rather emphasizes the progress
of general Al (Cheishvili, 2021).

Overall, definitions of Al can be categorized into a human-centered (i.e.,
psychology) or rationalist point of view (i.e., computer science) (Russell & Norvig,
2016). Representatives of the former perspective have explained Al based on its
capabilities to think like (Bellman, 1978; Haugeland, 1985; Longoni et al., 2019) or to
act as a human (Brooks, 2019; Kurzweil, 1990; Rich & Knight, 1991), whereas
researchers from the rationalist perspective have defined Al by its means to think

(Charniak & McDermott, 1985; Nakashima, 1999; Winston, 1992) or to act (Albus,
3
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1991; Nilsson, 1998; Poole et al., 1998) in a rational manner. This dissertation
concentrates on the interdisciplinary research field of cognitive science, which aligns
the statistical models from the computer science perspective on Al with the experimental
methods from cognitive psychology (Russell & Norvig, 2016). Given this intersection
between psychology and computer science, this dissertation defines Al as the capability
of a computational model to perform certain tasks, based on statistical methods,

originally only attributed to the cognitive abilities of the human mind.

1.1.3 Why Artificial Intelligence Matters

The foremost reason Al is a crucial topic to examine is the fact that Al impacts
humanity broadly, irrespective of geography, demographics, business areas, or research
fields. Al is omnipresent across science, as illustrated by the exponentially increasing
number of papers published in the field over the past decades (see Figure 1-1) (data
retrieved from Web of Science on 29.07.2021). However, less than a percent of all
publications on Al belong to the research category of “business publications” (data
retrieved from Web of Science on 29.07.2021). Simultaneously, researchers have
emphasized the importance of investigating the business impact of Al further (Akerkar,
2019; Huang & Rust, 2021; Loureiro et al., 2021; Di Vaio et al., 2020). Therefore, there
is a significant need for future research on Al In this dissertation, the focus lies on
human-Al interaction and thereby a contribution is made towards the rising
understanding on the driving forces for value-enhancing human technology
collaboration (Amershi et al., 2019; Dellermann et al., 2019; Yang et al., 2020).
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Figure 1-1: Number of Yearly Publications on AI From 1960 to 2020
(Based on a Web of Science keyword search for “Artificial Intelligence”)
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Marketing researchers have forecast a worldwide Al revenue increase from USD9.5
billion in 2018 to USD118.6 billion by 2025 (Heinonen, 2019). Al continues to redefine
the business landscape (Hildebrand, 2019), for instance, the traditional retail industry.
In the era of digitalization, in which consumers demand customized products and
services, Al has assisted retailers in the alignment process of their offerings to meet the
expectations of the target audience. The extraordinary power of Al throughout the value
chain has been shown to be an impactful instrument for brands to attain and sustain a
competitive advantage (Schmutz et al., 2020), and to enhance the in-store and online
experience (Mani, 2020). For instance, the German start-up presize.ai revolutionized the
online shopping customer experience by offering Al-based body measurements in order
to reduce the quantity of refunds based on wrong clothing size (Presize.ai, 2021).
Overall, the financial funding raised by Al start-ups in 2020 was more than 25 times
higher compared to the USD2.8 billion raised in 2015 (Private Equity Wire, 2020).
Simultaneously, established governmental institutions, such as the European Union,

have attempted to launch a European approach to Al (Tiple, 2020), thereby exemplifying
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the political significance of Al. Meanwhile, the electric-mobility pioneer Tesla, Inc.
reported USDI billion net income for the second quartal of 2021 (Tesla, 2021) following
a widespread push for subscription for the full self-driving car mode in Tesla vehicles
(Siddiqui, 2021).

Despite the advancements on a global scale streaming from Al-based solutions,
research and business insights have reported a restrained attitude among humans
towards Al (Schepman & Rodway, 2020; Sindermann et al., 2021). Bill Gates, co-
founder of the world’s largest personal-computer software company Microsoft, has
advised on the possibly negative impact of Al on society (Snyder, 2019). Jeff Bezos,
founder of the international technology company Amazon, has given a concrete example
by labelling autonomous weapons as a significant threat (The Bush Center, 2018).
Researchers have supported those critical voices from industry by raising concerns
regarding the negative impact Al adoption has on human autonomy (Davenport et al.,
2020; Schmitt, 2019; Wertenbroch et al., 2020). Precisely, researchers have warned
about algorithmic microtargeting (Grafanaki, 2017; Mik, 2016), the manipulative power
of Al (Susser et al., 2019), and privacy issues (Richards & King, 2013). Simultaneously,
a lost sense of autonomy has demonstrated a negative impact on consumer well-being
(André et al., 2018). Therefore, further insights are needed regarding the sustainable

future impact of Al on humanity.
1.2 Research Strategy

1.2.1 Key Research Objectives

This dissertation aims to contribute to the research area on human-Al interaction by
assessing the underlying psychological mechanisms that drive consumer decision-
making in favor of or against Al-based solutions (Article 2). In order to gain an overview
of the subject foundation, the dissertation aims to establish the actual consumer
understanding on Al (i.e., how do consumers define AlI?), the inherent lay beliefs on Al
(i.e., how do consumers perceive Al?), and the value of the expression “Al” (i.e., can
consumers differentiate between Al and Al-related terms?) (Article 3). Ultimately, this
dissertation intends to define the underlying mechanisms behind situational denial of
consumers to apply Al-based solutions (Article 2), thereby establishing the boundary

conditions for the motivation to rely on Al services. Eventually, the dissertation focuses
6
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on enhancing understanding of the current boundaries of Al applications (i.e., the type
of output Al is able to create). The combination of novel methodologies (e.g., image
style networks) with experimental research design allows for the provision of insights
on the future role of Al in consumption contexts (Article 1). The findings from the three
research projects forming this dissertation equally contribute towards the theoretical
development of the research field on human-Al interaction and simultaneously enhance
practitioners’ understanding on how to successfully leverage the advantages of Al in the
daily business setting. Overall, this dissertation aspires to contribute to a steadily
growing interdisciplinary research field on human-Al interaction, hence portraying the
boundary conditions for future value-enhancing human-Al collaboration, with a clear

focus on the driving forces behind the currently dominating aversion towards Al.

1.2.2 Overview of Projects

The dissertation consists of the research output across two empirical paper projects
and one conceptual paper. Table 1-1 offers an overview of the main research question,
methodology, and present publication status for each article. The succeeding paragraphs
in this section provide an overview of the key findings and implications for the three

research projects in this dissertation.
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Table 1-1: Overview of Dissertation Output by Research Project

TITLE

CO-AUTHORS

RESEARCH
QUESTION

METHODOLOGY

DATA

ARTICLE I

Consumer Resistance to Creative
Artificial Intelligence

Christian Hildebrand

Can consumers distinguish
creative human from creative Al-
generated output? How does the
creator type impact the aesthetic
and monetary evaluation of the
artwork?

Experimental research design
based on pre-trained image style
deep-learning network

Three online experiments with
1,179 active participants in total

ARTICLE 11

Under which Conditions are Humans
Motivated to Delegate Tasks to AI? A
Taxonomy on the Human Emotional
State Driving the Motivation for Al
Delegation

Under which conditions and to which
extent are humans motivated to
delegate a task to AI?

Exploratory research design based on
synthesis of existing interdisciplinary
literature

Data from existing interdisciplinary
literature

ARTICLE III

Lay Beliefs on Artificial
Intelligence — How Terminology
Shapes Consumers’ Attitudes
towards Al

Christian Hildebrand

How does terminology shape
consumers’ understanding of and
attitudes towards AI?

Systematic literature review;
experimental research design

Data from existing literature and
one online experiment including
709 participants
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ARTICLE I: Consumer Resistance to Creative Artificial Intelligence

Research Objective: To provide an understanding on how consumers evaluate the
aesthetic quality of Al-generated objects, in this case automatically generated images,

as well as consumers’ lay beliefs concerning the creation of artistic output from Al.

Key Results: Article I demonstrates that consumers cannot effectively distinguish
between human versus Al-generated output but evaluate the same object more
negatively when it is labelled as Al rather than human generated. Further, the findings
provide evidence that this effect can be explained by consumers’ beliefs about
relationship between time and value, i.e., that Al-generated output is valued less due to
the belief that Al-generated output requires less time to create an object than human-
generated output. Providing direct evidence for this theorizing, the research findings
show that this effect can be reversed if consumers believe that the same object required
substantially more time to create the object relative to a human creator as an unexplored

method to maximize the value of Al-generated objects.

Implications: Article I makes novel contributions to the literature on consumers’
resistance to Al, machine-based creative output, and the role of deep learning-based
methods in consumer psychology. Specifically, the article provides a methodological
contribution by utilizing the technique of image style networks to create an autonomous
Al-generated painting. The inherent finding that humans cannot effectively differentiate
between the creator of the output challenges the common belief and public opinion that
machines are not capable of matching the creative capability of the human mind.
Moreover, the findings have important practical implications for the utilization of Al for
branding reasons, given the respective labelling of the output has a direct effect on the

value perception as well as aesthetic quality of the artwork.

ARTICLE II: Under which Conditions are Humans Motivated to Delegate Tasks
to AI? A Taxonomy on the Human Emotional State Driving the Motivation for Al

Delegation

Research Objective: To present a taxonomy that depicts under which conditions and

to what extent humans are motivated to delegate a task to Al.
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Key Results: Article 11 introduces the concept of the human emotional state driving
the motivation for Al-based task delegation. Precisely, the affective state, as a function
of the two independent neurophysiological systems of valence and arousal, determines
the motivation for Al delegation in the individual decision situation. The interplay
between these two determinants of a human’s affective state results in a four-quadrant
taxonomy on Al delegation. For instance, a combination of low arousal and negative
valence results in an affective state that motivates the human to decide in favor of Al
delegation. An opposite emotional state of high arousal and positive valence yields a

low incentive to apply Al services.

Implications: Article 11 provides a taxonomy on human-Al interaction based on the
theory of emotion-driven decision-making. The findings show that understanding the
relative emotionality triggered by a task can predict human motivation for Al-based task
completion. Based on the insights from the taxonomy on emotion-based Al delegation,
the article proposes four distinct positioning options in order to strengthen the human
motivation to apply Al services. This discrete categorization regarding the degree of Al
adoption opposes the high-level distinction between mere Al appreciation and Al
aversion. Specifically, the future outlook on Al delegation provides a direction as well
as the boundary conditions for human readiness to allow for Al delegation in the

upcoming decades.

ARTICLE III: Lay Beliefs on Artificial Intelligence — How Terminology Shapes

Consumers’ Attitudes towards Al

Research Objective: To examine the consequences of absence of consensus for the
term Al in an experimental research set-up (i.e., alternative expressions to label Al) and

to investigate the differences in consumers’ attitudes based on the terminology applied.

Key Results: Article III demonstrates that applying diverse terminologies for the
term Al in an experiment set-up results in significant differences in effect sizes.
Precisely, the human perception of Al differs based on the respective Al-substituting
term applied in an experimental condition. Particularly, the article identifies two major
categories of Al-substituting terminologies, which differ based on their tangibility and
perceived similarity. Despite the difference in consumer lay beliefs based on Al-

substituting terminology, the terminology does not have a significant role in task-based
10
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choice scenarios. In all four choice scenarios the human professional is favored over the

Al counterpart.

Implications: Article 111 offers insights on consumers’ understanding of Al and all
Al-substituting terminologies by providing detailed consumer definitions for the
respective terms. In an exploratory manner, the article provides an overview regarding
lay beliefs concerning Al, thereby examining the direct consumer understanding of and
opinion on Al. Simultaneously, the study insights confirm the validity of previous
research in the field of Al aversion, as preference for human-based task execution is
evident irrespective of the Al terminology applied in an experimental set-up. Finally,
the article provokes a shift in viewing Al as a sovereign brand itself rather than a novel

tool for branding.

1.3 Contributions and Future Outlook

The nature of discussions on Al has meaningfully changed since the establishment
of the terminology in the 1950s. Specifically, the insights on Al have been steadily
expanding from mere interest in technical understanding, for instance, how to optimize
computational power (Hao, 2019), and data management (Manjrekar, 2020) towards
behavioral (Amit, 2018; Fellous et al., 2019), sociological (Mlynaf et al., 2018;
Schwartz, 1989; Woolgar, 1985), and psychological (Luxton, 2014; Schmidt et al.,
1978) perspectives on Al. The past decade of significant advances in the capabilities and
qualities of Al have led to a steadily growing commercialization of this “human-like
intelligence” (Pandya, 2021), attracting general public interest on the topic. Today, Al
is omnipresent in the daily life of almost every human being (Singh, 2021; Smith, 2021),
with steadily growing personalization (Hermann, 2021; Wang et al., 2017) and presence
of Al in private environments such as the consumers’ home (Augusto & Nugent, 2006;
De Silva et al., 2012), automobile (Manoharan, 2019; Zhao et al., 2018), or smartphone
(Hasan et al., 2021; Lemley et al., 2017). This dissertation contributes towards this
steadily growing research body on the human-Al relationship and emphasizes the

psychological impact of Al on human society.

One of the most critical yet ambitious contributions of this dissertation is the
collection of hundreds of participants across a variety of empirical studies to grasp the

consumer understanding of and reactions towards Al. The provision of an overview of
11
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the lay beliefs on Al and exploration of the general thoughts on Al-related terminologies
in the third project offers novel insights concerning the reasons for the current status of
the human-AlI relationship. In the second project, assuming a novel perspective by
exploring the relationship between the human emotional state and the motivation for Al
delegation elucidates on the future difficulties and promising opportunities for human-
Al collaboration. Further, the second project provides the foundation for successful
hybrid human-Al task-accomplishments, which are distinct from the mere acceptance

or denial of Al-based solutions.

Likewise, the dissertation applies novel research methodologies, for instance the pre-
trained image style deep-learning network in the first research project, thereby
confronting consumers with the upcoming accomplishments of Al beyond the
fulfillment of service-based requests. With the first project on Al-based artistic output,
the dissertation revises the insights of established consumer-research concepts such as
value-perception and the role of human-craftmanship by introducing a novel art creator,
namely, Al. Overall, the dissertation contributes to the research on human-Al interaction
by examining the foundation for this relationship (i.e., under which conditions humans
appreciate, deny, or tolerate Al-based solutions) and the underlying consequences (i.e.,

value perception and appreciation of Al-based output).

In the future, AI will continue to define humanity in the way each person functions
in their respective roles within a social construct (Schmelzer, 2019). Societal roles —
whether a patient, service provider, friend, customer, parent, researcher, or politician —
will be impacted by the steadily improving capabilities of Al towards the service of
humankind. The goal for future research should be to understand which of the upcoming
Al advancements humanity will embrace, accept, and detest in the prospering “era of

artificial intelligence.”

12
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2. ARTICLE I: Consumer Resistance to Creative Artificial

Intelligence

Bouwer, A., and Hildebrand, C. (ready for submission). Consumer Resistance to

Creative Artificial Intelligence. Journal of Consumer Psychology.
Abstract

Artificial intelligence (AI) and recent advances in computer vision have been
revolutionizing key areas of human decision-making, from increased accuracy of cancer
screenings to improved traffic navigation. A recent development in Al and deep-
learning algorithms in computer vision has seen the employment of image style
networks to create artificial objects such as automatically generated images. Little is
known regarding how consumers evaluate the aesthetic quality of such Al-generated
objects or consumers’ lay beliefs about artistic output from Al more broadly. Our
findings demonstrate that even though consumers are ineffective at distinguishing
creative human from Al-generated output, they evaluate identical output more
negatively when it is labelled as generated by Al versus a human. We show that these
effects are explained by consumers’ lay beliefs about the relationship between the
expected time to create an object and the artistic quality of that object. These findings
provide novel and nuanced insight on consumers’ resistance to creative Al, the use of
deep-learning models as an unexplored method for stimuli development in consumer
research, and the interplay of time and effort to evaluate the aesthetic quality of an

object.
Keywords

Artificial Intelligence, Image Style Transfer Networks, Deep Learning, Art, Creativity.
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Introduction

Creativity is a fundamental characteristic of human intelligence and aesthetic human
expression. Recent advances in artificial intelligence (Al) and deep learning have given
rise to unseen forms of artificially generated output, from the “creative and beautiful
game strategy” of Google DeepMind’s AlphaGo (Gibney, 2016) to the recent use of
transfer learning algorithms to generate ‘“‘creative paintings with unique visual
characteristics” (Jordanous, 2012; Ritchie, 2007). Yet, marketing and consumer
research on Al has been predominantly concerned with the mere acceptance of Al
(Dietvorst et al., 2015), consumers’ reliance on and trust in Al (Castelo et al., 2019), and
consumer reactions to recommendations received by Al (Leung et al., 2018; Mende et
al., 2019). Furthermore, the majority of prior marketing and consumer research
concerning Al has explored consumer reactions to Al in contexts of predominantly
objective outcomes (from the accuracy of medical treatments to reliability of
recommender systems) (Dietvorst et al., 2015; Huang & Rust, 2018; Longoni et al.,
2019; Puntoni et al., 2020).

The current work examines consumer reactions to Al in a predominantly subjective
context (creation of artistic objects) and where consumers rate identical objects as a
function of the source of creation (rather than choosing between humans versus Al as a
focal outcome). Further, a focus on the output of Al-based creations rather than choosing
between Al versus human input addresses recent scholarly debates that have suggested
prior research is affected by demand effects, as humans have been found to generally
prefer human input compared to artificial input where all else is equal (Pezzo &
Beckstead, 2020). Additionally, the current work employs a novel computer vision
method rooted in recent developments in deep learning to generate purely artificial
output (i.e., image style transfer networks; see Method section for details). Our findings
demonstrate that consumers are ineffective at distinguishing creative human from
artificial output. However, consumers evaluate the aesthetic quality of the same object
more negatively when they think that it has been created by Al versus a human. We
show that these effects are explained by consumers’ implicit beliefs about the
relationship between time, effort, and the artistic value of an object. Specifically, we
show that consumers evaluate the same object more negatively if produced by Al versus

a human because the time dedicated to the production of the object is perceived as
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substantially lower compared to the time expended by a human creator. We further show
that consumer aversion to creative Al can be reversed if consumers believe the time
invested in creating an object surpasses the time invested by a human creator. These
findings elucidate the topic of consumer reactions to objects created by Al in contexts
that are purely subjective (instead of objective), as well as the underlying psychological

mechanism to explain value perceptions of Al-generated objects.

In what follows, we summarize recent work on Al in marketing and consumer
psychology, followed by three empirical studies providing evidence for our theorizing.
Finally, we discuss the implications of this research for future work on Al in consumer
research and the role of deep learning as a novel toolbox for consumer psychologists for

both stimuli development and the focal method of analysis.
Theoretical Background

An emerging stream of research has started to explore what we refer to as “Al

b

aversion,” i.e., the resistance to rely on Al-generated input across a broad range of
decision contexts and settings. This emerging literature has demonstrated that humans
prefer human input over Al-generated input, from resistance to medical Al (Longoni et
al., 2019) to the aversion to rely on and trust in performance forecasts made by
algorithms as opposed to humans (Dietvorst et al., 2014). Even professionals in the
medical domain have been found to persist in using forecasts made by an
underperforming human rather than relying on forecasts made by a superior algorithm
(Diab et al., 2011; Dietvorst et al., 2014; Eastwood et al., 2012). Similarly, recent work
by Longoni et al. (2019) revealed that patients are less inclined to rely on algorithmic
input across a variety of medical decisions, from basic screening tasks to the selection
of a treatment. These negative perceptions have been demonstrated to persist even under
conditions of greater accuracy compared to human medical providers (Longoni et al.,
2019; Promberger & Baron, 2006). Similarly, research on human augmentation through
Al has suggested that even pairing Al with human input leads to negative spillover
effects such that the same medical provider is judged more negatively compared to
providers not relying on Al (Palmeira & Spassova, 2015; Shaffer et al., 2013). Castelo
et al. (2019) suggested that humans distrust, rely less on, and reject Al input the more

subjective, as opposed to objective, a task. Likewise, recent work has outlined that
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machines are not capable of matching the creative capability of the human mind
(Mazzone & Elgammal, 2019). In summary, Al-generated input is generally judged
more negatively the less predetermined the output (Dietvorst et al., 2015), the more non-
standard the environment (Castelo et al., 2019), and the more unique humans believe

the decision context and person relying on Al to be (Longoni et al., 2019).

One such context that is unique, less determined, and which has not been explored
in recent work is the creation of artificial output rather than choosing between Al and
human input as the focal outcome of interest. Specifically, with the proliferation of
recent developments in computer vision and deep learning, a new class of image style
networks is emerging, where there is an ability to automatically produce artificially
generated output without human supervision — output in which the object of interest is
solely created through Al instead of a human. This development has raised fundamental
questions about how human observers evaluate such Al-generated forms of output,
moving from purely performance-based forms of output as in prior research (see Table

2-1 for a review) to more subjective forms of output (as in the current research).
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Table 2-1: Overview of Literature Stream on Al Aversion

. Type of . o
Creation Type of Operationalization of Process -
Research Type of Task Orientation Performance Method Focal Outcome DV (Mediator) Key Findings
Measure
. Consumers are reluctant to apply medical care, hold
. . Selection of the - . . :
Longoni et al. Diagnosis on skin cancer Low Obicctive Scenario-based Al Likelihood to pursue Human lower reservation prices for medical care, and have an
(2019) & ) experiment (vs human) medical care uniqueness adverse utility if a task is performed by a non-human
entity
Dietvorst et al. Forecast on student Low Obicctive Scenario-based Selectlgl; of the Belle;flzral;iu(r:;);ﬂ;r(llence Mistake Consumers are hesitant about algorithmic forecasters,
(2015) performance ) experiment . undertaken despite their superiority to human forecaster
(vs human) forecasting task
Predicting StOCI.( ‘T‘arket . Selection of the Consequentialness; . Lo . . .
Castelo et al. outcomes; Predicting the Low Obicctive Scenario-based Al familiarity: Task Trust in and Application of algorithms rises with
(2019) weather; Analyzing data; ) experiment (vs human) trust in al ori};ilms objectivity increasing (perceived) task objectivity
Giving directions g
. Educational . . . .
Logg etal. Estimate on the weight of a Lo Scenario-based Selection of the . . background Lay pe_ople _attrlbuFe a h1gher welght of advice to the
Low Objective - Al Weight of advice algorithmic provider in comparison to the human
(2019) person experiment (vs human) of recommender
participants
Ff)recastmg tasks for a . Selection of the . In case of an unfavourable recommendation, the
Prahl & Van  variety of issues related to Lo Scenario-based . e Reception of o1 .
Swol (2017) operating room Low Objective experiment Al Advice utilization a bad advice willingness to apply an automated provider drops
(vs human) significantly more in comparison to the human provider
management
Diab etal. Asseassnlli ;lzlfsq% il;trl]es of Low Obicctive Scenario-based Selectlzrll of the Perceived usefulness; / Study participants favor a holistic, rather than a machine-
(2011) pp . . ) experiment perceived legality based, assessment of interview scores
apprenticeship (vs human)
Recommendation whether Preference; accuracy;
Eastwood ct al to prescribe a lipid- Scenario-based Selection of the fairness; ethicalness; Fully rational recommendation strategy performed
(2012) ’ lowerirl: drug (i.e lr)ne dical Low Objective experiment Al perceived similarity to / highest across all evaluation categories, in comparison to
& sce r%ari'o). ’ P (vs human) the strategies of a the heuristic recommendation strategy
human professional
Prombereer & Recommendation on Scenario-based Selection of the | Subjects’ inclination to Feeling of Subjects prefer to pursue a recommendation from a
Baron (ZgOO 6) whether to have an Low Objective experiment Al follow the res onsi%)ili physician than one from a computer program in case of a
operation P (vs human) recommendation P t medical scenario
I.’artl.y . Selection of the Purchase rates: Disclosure of the non-hpman entity 'Io.wers the mqnetary
Luo etal. Make outbound sales calls Medium objective, Field Al hane-up rates: / value of the purchase, since the participants perceive the
(2019) partly experiment gup ’ disclosed bot to be less informed and less empathetic in
.l (vs human) call length . .
subjective comparison to a human provider
Consumers evaluate identical artistic output more
Image style Evaluation of . . negatively when labelled as Al generated versus human
This research Judgemen;icr)lttlhtlhe created High Subjective deep learning | output generated aes th\e/t?iuel’lali " Z;?;it’ generated, due to the consumers’ lay beliefs about the
p & network by the Al quattty existence of a positive relationship between the time of

[\
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production and artistic quality
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The key hypotheses in the current research are that (1) consumers judge the same
subjective form of output more negatively if it is labelled as Al generated as opposed to
human generated, and (2) this effect persists even though consumers are ineffective at
distinguishing between and correctly identifying human as opposed to Al-generated
output. Building on previous research showing that effort leads to greater valuation on
the part of humans (Heyman & Ariely, 2004; Norton et al., 2012), we further
hypothesize that (3) the underlying psychological process to explain these effects is due
to the belief that Al-generated output requires less time for production and as a

consequence diminishes value perceptions of the same output, where all else is constant.

In what follows, we first provide an overview of our experimental paradigm applied
across studies and the image style networks used to generate the Al output featured in

this research and then provide evidence across three studies testing our hypotheses.
Stimuli Development and Context

The stimuli used in this research were generated using a pre-trained image style
deep-learning network. Image style neural networks are a class of algorithms used to
manipulate and generate artificial output (Gatys et al., 2016), generally in the form of
visual output such as image or video data. The procedure is described in detail in the
Web Appendix. The input to the model are two digital images: one content and one style
image. As illustrated in Figure 2-1, both images enter a convolutional neural network in
which the style image features are learned at earlier convolutional layers of the model
while the content image features are learned at later layers of the convolutional network.
The final output is a synthesized image that resembles the style and content of the two
original input images (through an iterative process called backpropagation; see Web

Appendix for technical details).

We focused on digital images as stimuli for two core reasons; first, from a
phenomenon perspective. Recent evidence has suggested that such artificially generated
output can carry inherent, economically relevant value. The recent sale of an Al-
generated artwork for almost half a million USD at the British auction house Christie’s
(2018) indicated that human investors are willing to pay significant amounts for
artificially generated output. Second, the automated generation of image stimuli is the

predominant form of Al-generated output and processing of visual information is
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simultaneously the most dominant sensory modality in human perception (Shetht &
Young, 2016). Thus, we focus on visual output for the remainder of this paper and
provide directions for future research concentrating on other output modalities in the

General Discussion (such as automatically generated video, audio, and 3D objects).
Pilot Study

This pilot study was designed to test whether consumers are effective at

distinguishing between creative human and creative artificial output.

Participants and Design. A total of 253 participants (Mage = 28.15, SDage = 10.09,
45% females) were recruited via Prolific Academic to participate in a study about art in
exchange for monetary compensation. Participants were randomly assigned to a one
factorial between-subjects experiment with two factor levels (source of creation: human
versus Al). Participants were pre-screened for an interest in art and their task was to
evaluate a set of paintings with consideration for several dimensions (see stimuli
development section for details). Participants in the human [AI] condition had to
evaluate a randomly selected image (all landscape images; see Web Appendix) for a
fixed duration of 40 seconds. Next, participants were asked to evaluate the painting with
respect to the extent of perceived aesthetic quality, an estimation on the length of the
creation process, and perceived monetary value of the object. Participants used their
own device to complete the study. We used a server-based Javascript to reject
participants using a device that mismatched the assigned condition (based on operating

system identification).

Stimuli and Measurement. Prior to any manipulation, we assessed participants’
domain-specific interest using three items (example item: “On a scale from one to seven,
art is unimportant/important to me;” o = .81 (Mano & Oliver, 1993)), their self-reported
knowledge about art using three items (example item: “In general, I know a lot about
art;” a = .97 (Roehm et al., 2002)), and their general interest in technology using three
items (example item: “Being the first to buy new technological devices is very important

to me;” o = .88 (Bruner & Kumar, 2007)).

Next, we applied the aesthetic experience scales by Hager et al. (2012) to assess the

extent of perceived aesthetic quality in each experimental condition. The resulting
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aesthetic quality index was based on four dimensions: artistic quality (example item:
“The artists manner of painting is fascinating”), cognitive stimulation (example item:
“This painting is thought-provoking”), positive attraction (example item: “This
painting thrills me”’), and negative emotionality (example item: “This painting makes
me sad”). Moreover, we assessed the estimated time for the creation process (example
item: “How much time (in minutes) did it take to create this art?”’), as well as perception
of monetary value (example item: “How much would you be willing to pay for this art

(in GBP)?”) for the respective output.

Results. The aesthetic quality of the human and Al-generated painting was perceived
as identical (Muuman = 3.50, Ma1= 3.51, #243) = 0.008, p = .99); specifically, the single
dimensions of the aesthetic quality index, namely artistic quality (Muuman = 4.20, Ma1=
4.14, 1247)=-0.377, p = .70), cognitive stimulation (Muuman= 3.96, Ma1= 4.04, #(249)
= 0.390, p = .70), positive attraction (Muuman = 3.97, Ma1= 3.84, #(246) = -0.759, p =
45), and negative emotionality (Muuman = 1.74, Mar= 1.88, #241) = 1.056, p = .29).
These findings demonstrate that consumers were ineffective at distinguishing between

creative human and creative artificial output.

Discussion. The findings of this pilot study demonstrate that consumers fail to
distinguish between human and Al-generated output and that they perceive the artistic
quality of an Al-generated painting as equally attractive to paintings generated by a
human. However, this raises the question of if consumers might evaluate the same object
differently based on whether they believe it was created by a human or Al. This question

is addressed in the remaining studies in this paper.
Study 2

We designed Study 2 to build upon the findings of Study 1. Given that no significant
difference was found in the evaluation of the human and Al artistic output based on
multiple dimensions such as value and aesthetic quality, we decided to add a
manipulation. More precisely, we labeled the landscapes and proactively communicated
the creator of the respective piece of art to the participants. Given the recent literature
on algorithm aversion theory, we expected the label of the output to have a direct impact

on the participants’ evaluation of the respective piece of art.
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Participants and Design. 307 participants (Mage = 30.48, SDage = 11.05, 42%
females) were recruited via Prolific Surveys in exchange for monetary compensation of
GBP 6.00/hr. Participants were randomly assigned to a four (label of the output: human
creator versus Al creator versus human creator with Al assistance versus no information
on the creator; between-subject factor) by three (type of landscape: landscape 1 versus
landscape 2 versus landscape 3; within-subject factor) mixed factorial design.
Participants were pre-screened to ensure an interest in art and artistic work. Participants
were subsequently randomly assigned to one of the four label conditions and were then

randomly assigned to evaluate one of the three landscapes.

Stimuli and Procedure. As in the pilot study, the participants answered several
general questions on their affection for and interest in art in general, as well their
uniqueness perception and mood towards innovative technology before entering the
condition. Thereafter, participants answered the succeeding questions in their respective
condition. These questions were identical to the questions in Study 1, with the only
difference that in three of four conditions the participants were given information on the
creator of the landscape beforehand. Further, in Study 2 the participants were presented

with a detailed explanation of the creation process of the respective landscape.

Regarding the creative output, three pieces of art were used as stimuli. Each
participant was assigned to one of the three landscapes. Specifically, those pieces of art
were created by the deep neural network of Deepart.io. In Study 1, three real images of
the Swiss mountain view “Séntis” were converted by the algorithm. For Study 2, one of
those artificially generated landscapes was reused from Study 1 and two new landscapes
applying the same method were created. In order to ensure comparability of the three
outputs, the identical painting style was selected with comparable digital landscape
images at hand. Each piece of art was observed by the participants for 40 seconds before

they could continue the questionnaire.

Next, we assessed individual perception on multiple dimensions of aesthetic quality
and time input as well as multiple dimensions of value perception for the respective
output. In order to assess the latter, study participants had to answer questions on general
value perception (example item: “How much would you like to own this painting?”)
(Frazier et al., 2009; Mogilner & Aaker, 2009; Newman et al., 2011).
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Finally, we collected demographic information. At the end of the study, the
participants had to complete a manipulation check, where they were asked about the
suspected creator of the respective landscape. Those participants whose actual condition

was in mismatch with the perceived one were excluded from the study.

Results. In support of our theorizing, we found that there was a significant difference
in the evaluation of the human and Al creative output based on the overall aesthetic
quality (MHuman= 3.90, Ma1= 3.57, Muuman+a1 = 3.45, Muoinfo = 3.81, F(3, 250) =3.22, p
=.023) and value (Muuman=4.12, Ma1= 3.51, Muuman+a1= 3.42, Muoinfo = 4.18, F(3, 250)
=4.49, p=.004). The aesthetic quality in the human with Al assistance creator condition
was evaluated the lowest amongst the four conditions (see Figure 2-2). Moreover, we
generated additional findings on one of the value dimensions, namely time (i.e.,
participants had to estimate how many minutes were required to create the painting)
(MHuman= 14.08, Ma1=4.02, Mtuman+a1 = 4.57, Mnoinfo= 14.83, F(3,250)=9.66, p <.001)
(see Figure 2-2). In a second step, we investigated the relationship between the two value
dimensions of time and willingness to pay. Here, we found a linear relationship, which
only holds for the condition of a human artist (see Figure 2-3). Thus, participants
attributed a greater time investment to a higher value of the creative output in the human

condition only.

- Please insert Figure 2-2 and Figure 2-3 here -
Study 3

We designed Study 3 to build on the findings of Study 2. Given the fact that we
found a linear relationship between time and willingness to pay, which only holds in the
human condition, we decided to further investigate the impact of time investment on
willingness to pay. More precisely, we proactively labeled the creator of the respective
piece and communicated the time input to create the landscape to the participants. Given
the findings in Study 1 and 2, we expected the label of the output and time invested to

have a direct impact on the willingness to pay for the respective piece of art.

Participants and Design. 619 participants (Mage = 45.50, SDage = 16.30, 55%

females) were recruited via Prolific Surveys in exchange for monetary compensation of
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GBP 6.25/hr. Participants were randomly assigned to a two by three (label of the output:
human creator versus Al creator; time investment: l1h versus 10h versus 1000h;
between-subject factor) by three (type of landscape: landscape 1 versus landscape 2
versus landscape 3; within-subject factor) mixed factorial design. Participants were pre-
screened to ensure they were interested in art and artistic work. Participants were
randomly assigned to one of the six label conditions and were subsequently randomly

assigned to evaluate one of the three landscapes.

Stimuli and Procedure. In Study 3 we used the same stimuli, set-up, and questions
as in the previous studies; the only difference was that in each of the six conditions, the
participants were not only given information on the creator of the landscape but also the
time investment. At the conclusion of the study, the participants had to complete a
manipulation check, where they were asked about the creator of the respective landscape
and the time invested to create the respective landscape. Those participants whose actual

condition was in mismatch with the perceived one were excluded from the study.

Results. In support of our predictions, we identified a significant impact of time
investment on willingness to pay. All analyses were based on a full-factorial ANOVA
model. In line with the previous findings, there was a significant main effect for label of
the output (F(5, 613) = 12.84, p < .001), such that willingness to pay was evaluated
higher in the human condition (Muuman = 106.66, SDHuman = 209.12) than in the Al
condition (Ma1= 57.73, SDa1 = 126.88). Furthermore, there was a marginally significant
main effect for time investment (F(5, 613) = 2.43, p = .089), such that willingness to
pay was higher when time of investment was high (Miooon = 101.55, SD1goon = 12.05)
than when time investment was low (Min = 68.09, SD1y = 12.20). The interaction was
not significant, suggesting that communicating the time input to create the artwork next
to the information on the creator does not alter the willingness to pay for the creative
output. Additionally, we confirmed the findings of Study 2, that is, the label has a
significant impact on the perceived overall aesthetic quality (MHuman = 3.59, Ma1= 3.34,
#(617) =-3.157, p = .002) and the value (Muuman = 3.65, Mar= 3.24, #617) = -2.940, p
=.003) of the creative output.
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General Discussion

The current paper demonstrates that consumers cannot effectively distinguish
between human versus Al-generated output but evaluate the same object more
negatively when labelled as Al rather than human generated. We have provided
evidence that this effect can be explained by consumers’ beliefs concerning relationship
between time and value, i.e., that Al-generated output is valued less due to the belief
that Al-generated output requires less time to create an object than for a human.
Providing direct evidence for this theorizing, we have shown that this effect can be
reversed if consumers believe the same object required substantially more time to create
relative to a human creator, as an unexplored method to maximize the value of Al-

generated objects.

Theoretical Contribution. The current paper makes four novel contributions to the
literature on consumers’ resistance to Al, machine-based creative output, and the role of
deep learning-based methods in consumer psychology. First, we have expanded prior
work on Al aversion towards contexts where machine or Al-based input is increasingly
common but understudied. We showed that while consumers cannot effectively
distinguish between human- as opposed to Al-generated output, consumers apply the
same Al aversion heuristic to tasks where performance-based measures are absent. Thus,
despite consumers’ inability to differentiate between the source of creation (i.e.,
consumers evaluate an Al-generated image as equally creative, unique, and
sophisticated compared to a human generated image), consumers evaluate the same

object more negatively when they believe it was created by Al

Second, we have provided a novel lens to prior work on the role and perception of
creative output in consumer research. Building upon the work of Fuchs et al. (2015) that
the label of a handmade product affects its perceived attractiveness, we demonstrated
that the source of creation has a significant impact on the perceived quality and value of
the object. Specifically, we showed that Al-generated output is perceived as creative as

long as consumers believe it is not by Al.

Third, we contribute to prior work on the role of effort and value (Inzlicht et al.,
2018; Kruger et al., 2004; Norton et al., 2012) by showing that consumers apply the

same heuristic when evaluating Al-generated compared to human-generated output such
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that more effort invested (in terms of time taken to produce the outcome) leads to greater
attributions of perceived value. However, we have shown that the magnitude required
to positively drive the perception of value is a multiple of the effort invested compared

to human-generated output.

Fourth, our paper provides a methodological contribution by utilizing the technique
of image style networks to create an autonomous Al-generated painting. We have shown
that participants cannot differentiate between creators (Study 1), thereby confirming that
the generated stimuli is visually comparable to a human equivalent. Thus, we address
the claim of Jennings (2010) that creative Al has to convince that it is not a simple tool

that cannot function as an autonomous application.

Practical Implications. The implications for marketers are straightforward. First, the
finding that humans cannot effectively differentiate between the creator of the creative
output challenges the common belief and public opinion that machines are not capable
of matching the creative capability of the human mind (Mazzone & Elgammal, 2019).
Second, the finding that the respective labelling of the output has a direct effect on the
value perception as well as aesthetic quality of the artwork triggers a discussion on the
degree of replaceability of human craftmanship and how Al affects and to some extent
challenges the notion of human identity (Granulo et al., 2019). Third, the notion that the
condition where the piece of art was labelled as a co-creation of a human artist and Al
performed most poorly regarding aesthetic quality, even in comparison to the landscape
labelled as a pure Al creation, is counterintuitive to the current utilization of the Al label
to promote existing product or service offers that are solely performed by humans at
present (Ray, 2019). Additionally, the finding that human-generated artistic output
performed best on aesthetic quality underlines the implication to rethink the utilization
of Al for branding reasons. We hope that the current work inspires more work on
consumer psychology in the age of Al and how Al is changing the way consumers

evaluate creative output.

Limitations and Future Research. An inherent limitation of our paper was the
selection of nature landscapes as stimuli within the three studies. Future research can
address this concern by choosing other motifs or digital images as stimuli. Additionally,

we did not specify the time dimension within our studies. Further research could
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differentiate between the single impact of time during the ideation phase, the actual time
for production, and the mutual impact of the two on human value perception. Moreover,
we examined the role of visual output as an Al-based product in this paper. Future
research may further address the role of Al in the generation of other physical products.
For instance, our studies demonstrated the impact of labelling on the overall aesthetic
and value perception. The next step might be an investigation as to whether Al-based
products are suitable for branding purposes in established industries. Overall, we hope
that our research will stimulate future work on consumers’ lay beliefs about the creation

of physical output from Al.
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Appendix
Explanation of the Image Style Transfer Network

The concept of the neural style transfer is based on the research by Gatys et al.
(2016), who found that images are analyzed on different tiers, due to the fact that neural
networks consist of multiple layers. For instance, the first layer can identify extensive
topographies such as edges, the subsequent layer detects how these edges are arranged
in basic shapes such as triangles, the following layer recognizes the patterns behind the
shapes, and another layer can then mark multiple triangles as a body. The authors call
this class of convolutional neural network (CNN) the “VGG-19 network,” and it is a
very powerful network for object recognition. CNNs are grounded on hierarchical
processing of visual information based on layers of small computational units. Each
layer functions as a consolidation of image filters, which extracts certain features from
the content image. Therefore, the output of each layer is comprised of individually

filtered versions of the content image.

As well as reconstructing a content image based on CNNs, Gatys et al. (2016) built
a texture model to create a novel image out of two independent source images (i.c., one
content image and one style image). In each layer the CNN model computes the
correlations between the different feature maps in the content and style image and
attempts to minimize its distance to a white noise image from a number of layers of the
CNN. The final output is a texturized version of the content image that captures the
overall look of the style image in terms of color and localized structures. With this
concept of supervised machine learning in mind, the pre-trained CNN is then able to
recognize the shapes on a variety of paintings, irrespective of the style, since the shapes
form similar, recognizable patterns in each case. Additionally, the model allows for the
insertion of a regular photograph, which is then converted into the style of another artist.
The platform Deepart.io utilizes this technique in a consumer-oriented setting, whereby,
a simple photograph of a riverside can become an imprint of a Van Gogh (see Figure
2-1). However, the image style transfer network was criticized for its time-consuming
iterative optimization process. Huang and Belongie (2017) addressed this limitation by
introducing the adaptive instance normalization (AdalN) layer. This layer equates the

mean and variance of the content input to those of the style input. Thereby, AdaIN
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successfully matches the content of the content image with the style of the style image

by relocating feature statistics.

Figure 2-1: Image Style Transfer via Convolutional Neural Network
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From “A neural algorithm of artistic style,” by L. Gatys, A. Ecker, & M. Bethge, 2015.
arXiv preprint arXiv:1508.06576.

44



ARTICLE I

Figure 2-2: The Interplay of “Creator Label” and “Time for Production” on
“Aesthetic Quality”
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Figure 2-3: Evidence for the Exclusive Effect of “Human Time for Production”

on “Willingness to Pay”
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3. ARTICLE II: Under which Conditions are Humans
Motivated to Delegate Tasks to AI? A Taxonomy on the
Human Emotional State Driving the Motivation for Al

Delegation.

Bouwer, A. (2020). (accepted) Under which Conditions are Humans Motivated to
Delegate Tasks to AI? A Taxonomy on the Human Emotional State Driving the
Motivation for Al Delegation. ICMarkTech'21 - International Conference on Marketing
and Technologies of 2021

Abstract

The intensity of human-artificial intelligence (Al) interactions has been growing at
a rapid pace. Research has acknowledged a simultaneous significant resistance on the
part of users towards Al services on the one hand and a profound acceptance of Al
solutions on the other. As a remedy for this ambiguity concerning Al delegation, the
author takes the next step to explain the decisive relevant factors. This research
introduces the concept of the human emotional state driving the motivation for Al-based
task delegation. Precisely, the affective state, as a function of the two independent
neurophysiological systems of valence and arousal, determines the motivation for Al
delegation in the individual decision situation. The interplay between these two
determinants of a human’s affective state result in a four-quadrant taxonomy on Al
delegation. For instance, a combination of low arousal and negative valence results in
an affective state, which motivates the human to decide in favor of Al delegation; an
opposite emotional state of high arousal and positive valence yields a low incentive to
apply Al services. The implications of the present research provide novel reasons for

the presence and extension of Al services in the fulfilment of human tasks.
Keywords

Artificial Intelligence, Emotional State, Human Decision-Making, Technology

Adoption, Technology Aversion.
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Introduction

The use of artificial intelligence (AI) to complete the daily tasks and duties of
humans has been continually increasing in recent years (Conti et al., 2020; Kunz et al.,
2019; Ostrom et al., 2019). Next to mastering simple requests such as recommending a
movie on Netflix or an accommodation on Airbnb (Verganti et al., 2020), “Al
appreciation” is reflected in Al delegation for tasks that were formerly performed
exclusively by humans. For instance, Al services have been transforming healthcare by
providing automated diagnosis and treatment for patients (Longoni et al., 2019).
Simultaneously, Al is capable of creating unique artistic output such as the portrait sold
at the famous British auction house Christie’s (2018) and self-driving cars are becoming
increasingly prevalent (Ovide, 2020). Despite this progress in Al applicability, general
anxiety concerning non-human intelligence, fear about super intelligence, and concerns
regarding Al power abuse (Schmelzer, 2019) have nourished what is referred to as “Al
aversion” (Jussupow et al., 2020). These situational decisions in favor of or against Al
services have raised the question on the driving factors behind “Al appreciation” versus
“Al aversion.” Specifically, under which conditions and to what extent are humans

motivated to delegate a task to AI?

This paper aims to develop a taxonomy that portraits that the motivation to delegate
a task to Al is based on the emotional state of the user or human. In the first step, the
author provides an introduction concerning the current state of research on Al
appreciation and aversion, focusing on how Al augments and replaces human tasks and
decisions specifically. The author discusses Al delegation in terms of (a) which tasks
people are willing to give up and (b) why they are willing to give up these tasks. Next,
the author creates a bridge to the impact of emotions on decision-making, suggesting
that people only like to delegate certain tasks and that the specific discrete emotions
associated with this task help explain delegation decisions. The author summarizes these

findings using a taxonomy of Al delegation based on the emotional state of the human.
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The Appreciation and Denial of Al Services

Resistance to rely on Al services has been investigated across a broad set of decision
contexts and settings, from human resistance to medical Al (Longoni et al., 2019) to the
aversion to rely on forecasts made by a superior algorithm (Diab et al., 2011; Dietvorst
et al., 2015; Eastwood et al., 2012). For instance, Longoni et al. (2019) revealed that
patients are less inclined to rely on Al across a broad range of medical decisions, from
basic screening tasks to the selection of a treatment. These negative perceptions have
been proven to persist even under conditions where the Al shows comparatively higher
accuracy rates compared to human medical providers (Longoni et al., 2019; Promberger
& Baron, 2006). Similar reservation towards Al have been found in the domain of self-
driving automobiles (Abraham et al., 2016; Konig & Neumayr, 2017; Kyriakidis et al.,
2015; Payre et al., 2014). For instance, humans have been reported to fear that they will
lose the fun and joy they experience while driving their car (Danise, 2015; Haboucha et
al., 2017; Kyriakidis et al., 2015). Feelings have been found to have considerable
explanatory power for describing human attitudes towards self-driving cars
(Hohenberger et al., 2016; Raue et al., 2019). Despite this emotional deviation from Al,
humans have been shown to be open to this type of technology innovation if they can
maintain the control over the vehicle (Abraham et al., 2018; Howard & Dai, 2014;
Schoettle & Sivak, 2014).

Research on human augmentation through Al has similarly suggested that even
pairing Al and human input leads to negative spillover effects such that the same medical
provider is judged as more negative compared to providers not relying on Al input
(Palmeira & Spassova, 2015; Shaffer et al., 2013). Castelo et al. (2019) suggested that
humans distrust, rely less on, and reject Al input the more subjective as opposed to
objective the task is. In summary, Al services are generally judged more negatively
when the output is less predetermined (Dietvorst et al., 2015), the environment is more
non-standard (Castelo et al., 2019), and when humans belief that the decision context is

unique to their person (Longoni et al., 2019).

Opposing these findings on Al aversion, researchers have assumed that
superintelligence will be reached in the coming decades, with concerning impact on the
human race (Baum et al., 2011; Bryk, 2015; Grace et al., 2018; Miiller & Bostrom,
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2016). Moreover, experts have claimed the areas of Al applicability are developing and
it is a mere question of time until humans will have to accept the omnipresent role of Al
in their daily task delegations (Haenlein & Kaplan, 2019). For instance, smart home
appliances such as meters, grids, lightning systems, and kitchen products can be found
with increasing presence in households (Guo et al., 2019; Kranz et al., 2010; Park et al.,
2018; Porter & Heppelmann, 2014; Yang et al., 2017). In terms of device usage, the
perceived benefits of smart home appliances, such as convenience, outweigh the
perceived disadvantages (Wang et al., 2020) as these benefits are thought to empower
the human in charge (Kowalski et al., 2019). Overall, humans have been shown to apply
smart home solutions as a means to solve daily household problems and these solutions

have been found to be highly appreciated by the users (Canziani & MacSween, 2021).

Furthermore, humans rely increasingly on smart speaker appliances such as Google
Home and Amazon Eco (Kowalczuk, 2018; Park et al., 2018). For instance, humans
request information, compose shopping lists and complete other daily routines via voice-
based commands (Canziani & MacSween, 2021). Overall, the total usage of voice
assistants adds up to over an hour every day in the U.S. homes, during which 80% of
the users search for real-time information, for instance, on weather or traffic (Nielsen,
2018). The latest development have resulted from the COVID-19 pandemic, which
resulted in a 5% increase in the quantity of daily smart speaker commands, especially
due to orders from home (Schwartz, 2020). For instance, the fast-food delivery chain
Domino’s introduced the “Dom system,” an Al voice assistant for placing phone orders
(Williams, 2018), and expanded the options for a person to order food via smart home
devices such as smart TVs (Clarke, 2018). Despite this increase in smart speaker
appliances, researchers have found that humans are reluctant to use voice assistants to
play games, buy products, or conduct online banking (Canziani & MacSween, 2021). In
this context, research has shown that behavioral intention regarding smart speakers is
predominantly driven by enjoyment, which is a subjective, emotional argument on the
part of the user (Kowalczuk, 2018). Sohn and Kwon (2020) confirmed this finding,
labelling enjoyment as a critical determinant for human acceptance of Al-based
products. Here, the authors highlighted that the significance of this emotional

component driving human attitude is unique to Al applications.
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Additionally, statistical-based deep learning recommender systems are growing in
usage, such as in the retail industry (Shankar, 2018). For example, humans shopping via
the e-commerce platform Amazon are making use of algorithms that propose future
products based on variables such as past purchases, similar customer preferences, or
demographics (Leino & Riihd, 2007; Linden et al., 2003). Overall, the literature review
of Al in service applications revealed a mixed attitude towards Al-based task
completion. In certain scenarios humans are more willing to make use of Al, but why?

What are the driving forces towards embracement versus denial of Al-based solutions?
Emotions and Decision-making

Psychologists have regarded emotion building as a complex, multidimensional
process, which is not simply based on situational appraisal (Gendron & Feldman Barrett,
2009). According to the latest research stream on emotion theory, emotions are the result
of an ongoing conceptualization of a core affect (Russell, 2003) via the process of
categorization (Barrett, 2006). For instance, internal sensory stimulation is categorized
into a meaningful affective state (Lindquist & Barrett, 2008) that, combined with other
psychical conjunctions, comprises emotions (Gendron & Feldman Barrett, 2009). Thus,
affect can be utilized as a shared terminology to define feeling states such as emotions
(Niven, 2013). Precisely, emotions can be regarded as an interplay of two cognitive
appraisal dimensions: arousal and valence (Russell, 1980) — two factors which form
the foundation of the pleasure-arousal theory of emotions (Reisenzein, 1994). Here,
arousal 1s measured by the extent the neural system is activated and valence by the
degree to which an emotion is pleasant (Posner et al., 2005; Tseng et al., 2014). These
two independent neurophysiological systems (Sharar et al., 2016) interrelate with each
other to create a spatial model, which explains experienced affective states (i.e.,

emotional states).

Emotions fundamentally influence human decision-making (Achar et al., 2016;
Andrade & Ariely, 2009; Bechara et al., 2000; Isen, 1987; Kahneman & Tversky, 2013;
Mano, 1992; Mitchell, 2011; Pfister & Béhm, 2008; Phelps & LeDoux, 2005; Schwarz
& Clore, 1983; Van’t Wout et al., 2006; Zajonc, 1984; Zeelenberg et al., 2008). For
instance, the somatic marker hypothesis claimed that human decisions are largely based

on the emotional quality of possible outcomes (Bechara et al. 2000). Moreover,
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emotions are not a static construct, but have been shown to change based on the stimulus
the human is confronted with (Nawijn et al., 2012). From a neuroscientific perspective,
similar regions of the prefrontal cortex have been identified as modulating emotions as
well as decision-making (Bechara, 2004; Mitchell, 2011). A significant overlap in the
neural region, called amygdala (Phelps & LeDoux, 2005), has been found to be
responsible for decision-making and emotion regulation (Mitchell, 2011; Seymour &
Dolan, 2008). Furthermore, the amygdala has been identified as a contributor to arousal
processing (Kapp et al., 1992). The stimulation of the anterior insula, which is involved
in emotional processing (Stein et al., 2007), was demonstrated to forecast decision-
making in the Ultimatum Game (Van’t Wout et al., 2006). In contrast, a defect in
neuroanatomical structures has an impact on emotion processing, which impairs

decision-making (Bechara et al., 2000).

Linking AI Delegation to Emotional States

The preceding sections have depicted that people only like to delegate certain tasks
to Al and that emotions play a role in decision-making and delegation. Therefore, the
author claims that understanding the relative emotionality triggered by a task can
determine human motivation for Al-based task completion. Researchers confirm the
significant role of emotions in explaining users’ motivation to apply Al-based solutions.
For instance, Lu et al. (2019) labelled emotion as the foremost driver towards long-term
motivation to utilize Al devices; contributors to technology acceptance research have
confirmed this finding (Gursoy et al., 2019; Sohn & Kwon, 2020). Simultaneously,
researchers have urged limiting of the reliance on the technology acceptance model (Lee
et al., 2003) to describe decision-making with respect to Al-based solutions (Chan et al.,
2017; Gursoy et al., 2019). Thus, despite the existing research on the relationship
between emotions and decision-making, researchers have constantly acknowledged that
further, more specific knowledge on the interaction types and implications are needed
(Andrade & Ariely, 2009; Paulus & Yu, 2012; Peters et al., 2006; So et al., 2015). In the
following section, the author proposes the following logic to explain human attitude

towards and thus interaction degree with Al applications.
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In the first step, a certain stimulus (i.e., the need to fulfil a task) reaches the human
limbic system and activates the two independent neurophysiological systems: valence
and arousal (Mehrabian & Russell, 1974; Russell, 1980). Activation of the arousal
dimension describes the degree to which the task is exciting or stimulating and activation
of valence is the degree to which this task is perceived as enjoyable (Posner et al., 2005).
The combination of both results in an affective state (Mano, 1992; Reisenzein, 1994;
Watson & Tellegen, 1985), which has a distinct and systematic influence on decision-
making (Mano 1990, 1992, 1994). Precisely, pleased subjects (i.e., positive valence)
have been found to perceive decision tasks as positive experiences, whereas less pleased
subjects (i.e., negative valence) perceive the task as a necessity rather than an enjoyment
(Mano, 1994). Further, the effect of processing amplitude is moderated by the subject’s
task involvement (Mano, 1997). Precisely, greater involvement is found to activate the
central path of cognitive processing (i.e., thoughtful consideration of arguments),
whereas lesser involvement results in cognitive processing via the peripheral path (i.e.,

simple, affective heuristics) (Petty & Cacioppo, 1986).

Comparable impact holds for the case of arousal concerning decision-making.
Aroused subjects have been shown to focus their decision-making, possess a narrow
attention span, and have an ability to prioritize key attributes in comparison to less
aroused subjects (Mano, 1992). Thus, high arousal has been found to result in
polarization and judgement simplification (Lewinsohn & Mano, 1993; Linville & Jones,
1980; Mano, 1992) and thereby sets the boundaries for attentional capacity (Mano
1994). Overall, the combination of arousal and valence induces an inclination towards
decision strategies in line with the human emotional state. In the following section, the

author investigates the impact of arousal and valence on Al delegation.
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A Taxonomy on Human Motivation to Delegate Tasks towards Al

The following taxonomy explains the human attitude towards Al delegation in the
decision situation at hand (i.e., the final step from affective state to a person’s decision
to delegate tasks to Al). Here, the interplay between valence (i.e., horizontal axis) and
arousal (i.e., vertical axis) results in four quadrants (see Figure 3-1). Each of the four
quadrants describes whether humans are motivated to apply Al-based solutions. For
instance, a human in the lower left corner is in favor of Al delegation, while humans in
the upper right corner would refrain from Al delegation. Humans in the two remaining
quadrants have a relative willingness to delegate a task to Al. Next, the author explains

the underlying process for each of the four quadrants.

Figure 3-1: Motivation for Al Delegation Based on the Emotional State
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In the lower left corner, which is named “High AI Delegation,” the person in charge
is very willing to relinquish autonomy so that the task is conducted by an Al-based
solution. Here, the task evokes a low amount of arousal and a feeling of unpleasantness
for the person. The resulting emotional state combining low arousal and negative
valence, such as feeling bored, favors the deliberate choice of Al use. Reviving the
explanation of arousal concerning decision-making criteria, low arousal strengthens the
focus of human decision-making on factors such as task objectivity, allowing for
elaboration of the advantages of possible alternatives. Applying these observations in
case of, for instance, autonomous domestic products implies that humans emphasize the
relative advantage of Al-based solutions such as economic profitability or convenience.
This example on emotion-based Al-delegation taxonomy has been supported by the
existing literature on autonomous domestic products (Rijsdijk & Hultink, 2003).
Additionally, accounting for the negative valence in this quadrant, humans appreciate
when “annoying” daily tasks are taken care of autonomously without their involvement
(Rijsdijk & Hultink, 2009). Overall, it has been suggested that Al applications are
favored to fulfil tasks related to “tiresome” household chores (Shetty, 2021), such as
temperature regulation (Risteska Stojkoska & Trivodaliev, 2017), lightning control
(Meng et al., 2018), and smart kitchen applications (Minh & Khanna, 2018).

Further, negative valence has been associated with low engagement (Nass et al.,
2005) — a presage for missing identification with the task at hand. In turn, this missing
identification has been demonstrated to drive the importance of functional features of
autonomous technological applications (De Bellis & Venkataramani Johar, 2020). This
focus on functional features is strengthened by the low arousal, since only in case of low
arousal are humans able to perform a thoughtful, in-depth, multi-perspective elaboration
regarding the decision at hand. Castelo et al. (2019) confirmed the reliance on algorithms
for presumably objective tasks. An example of such an objective task is driving a car,
where the human is motivated to reach a target destination. For this person, driving a
car is rather an annoying task that is neither activating nor pleasant (Bosch et al., 2020).
Therefore, the elaborative thinking of the human, with a broad attention span in the
decision situation, combined with the adverse associations regarding the task, results in

Al appreciation. Thus, if a task is perceived as unpleasant and not activating, from the
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user’s point of view, his or her willingness to complete a task by him or herself is low

and the motivation to delegate to Al is high.

In the scenario of the upper right corner, the combination of high arousal and positive
valence marks a “Low Al Delegation” affective state. Here, the task triggers the nervous
system along valence and arousal, resulting in high activation and pleasantness. In this
case, humans have been shown to be very unwilling to apply Al-based solutions (i.e.,
high motivation to complete the task by themselves), as they perceive the task as a
positive experience, an enjoyment (i.e., high valence), which in turn drives the intrinsic
motivation (Reeve, 1989) for a self-accomplished activity. This intrinsic motivation is
closely linked to identity-based consumption (Reed et al., 2012). Precisely, humans
perceive the utilization of technology-based solutions as fraud in cases where the task
has an identity-based background (Castelo, 2019; Leung et al., 2018). Accordingly, the
sustainable, internal human motivation to pursue a task, paired with the desire to
attribute task completion to oneself, drives the inclination not to forego this joyful task
in favor of using Al. For example, a person who is passionate about automotive tasks
enjoys every single second behind the wheel and is passionate about driving (Banovsky,
2016). Therefore, this person is unlikely to make use of a self-driving-car, since he or
she associates the task of driving with positive emotions, which in turn catalyze the
person’s internal motivation for self-attributed task completion. Leung et al. (2018)
confirmed that humans who strongly identify themselves with driving are more likely

to own a car with a manual transmission.

The impact of arousal has been demonstrated to strengthen the inclination against
task delegation to Al since people enjoy high arousal (Svebak & Stoyva, 1981) and joy
is a direct attribute of intrinsic motivation (Reeve, 1989), which in turn results in
intrinsic satisfaction for self-accomplished tasks (Mills, 1991). Precisely, a high level of
arousal results in simplified and polarized decision-making. This implies that humans
follow their initial, impulsive considerations regarding the task at hand (i.e., the joyful
perception based on the high valence) and decide to fulfil the task by themselves. Thus,
if a task is perceived as pleasant and activating from the user’s point of view, his or her
willingness to complete the task by him or herself will be high and the motivation to

delegate to Al will be low.
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In the lower right quadrant are decision situations where humans apply “Mixed Al
Delegation” based on positive valence and low arousal. Precisely, the tasks that fall into
this quadrant are pleasant but not stimulating to the person. The human is willing to
make use of Al for mere activation reasons (i.e., raising arousal via Al-based solutions)
until the point where arousal is high. Specifically, low arousal is associated with lesser
task involvement (Mitchell, 1979), which results in low motivation to deal with the
situation at hand (Clarke & Belk, 1979) and therefore in high motivation to outsource
initial parts of the task to Al. Subsequently, the author claims that persons in the lower

right quadrant will only make use of an Al application for intermediary tasks.

A comparable example is the use of e-commerce recommender systems, which
endorse commercial products and services based on existing human data points (Schafer
et al., 1999; Wei et al., 2007). For example, humans have been making use of the
Amazon algorithm, which proposes future products based on variables such as past
purchases, similar customer preferences, or simple demographics (Leino & Réihd, 2007;
Linden et al., 2003). Hence, according to the taxonomy, humans will make use of the
Amazon algorithm to preselect existing offers (i.e., a task where the arousal is very low),
but execute the purchase by themselves (i.e., an emotionally exciting, alerting task).
Aggarwal and Mazumdar (2008) confirmed that the final purchase step is the most
critical in terms of perceived loss in control, which results in an increased risk perception
(Beisswingert et al., 2016). Riskiness, in turn, has been found to increase arousal
(Schmidt et al., 2013). Subsequently, the initially favorable attributes of the Al solution
such as enhanced decision quality and efficiency (Alpert et al., 2003; Hiubl & Trifts,
2000) lose significance with increasing arousal, given increasing arousal shifts the
narrow attention span away from the objective, well-elaborated advantages towards the
polarized, subjective Al-associated risk factors (Rijsdijk & Hultink, 2003). Thus, once
the task is not pre-selecting but deciding upon the actual purchase, the human steps in

and wants to complete the arousing, positive final task by him or herself.

Further, the increasing amount of multimedia content over the past 10 years, and the
resulting “information overload” (Costa & Macedo, 2013), has led to extensive
discussions surrounding affective recommender systems (Mizgajski & Morzy, 2019;
Tkalci¢ et al., 2010). For instance, selecting a movie on Netflix; here, the company itself

has confirmed that the ultimate goal is to retain joy for their members (i.e., create
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positive valence), implying that the Netflix Recommender System (NRS) (Pajkovic,
2021) 1s applied to cover the, as the firm acknowledges, extensive search process for a
relevant content (Alvino & Basilico, 2015) — a task with low arousal. Therefore, the
person makes use of the NRS until the point where his or her arousal rises (i.e., the
algorithm recommends an appealing movie). Thus, the person trades own task execution
for Al delegation, but only for pre-selection reasons and not for the full task of selecting

the movie.

In case the task is to purchase a product or service, which is unlikable and not
stimulating (i.e., overall low involvement) for the human, he or she would be placed in
the lower left quadrant (i.e., high Al delegation) according to his or her affective state.
Accordingly, he or she would be very willing to make use of Al-based task completion
(e.g., Alexa-based diaper purchases). This example shows that even when confronted
with the same task, the human evaluation on Al applicability differs based on the

personal judgement according to the affective state in the decision situation at hand.

The upper left quadrant describes the “Restricted Al Delegation™ perspective on
Al-based task completion. In this quadrant the author positions all decision situations
based on a highly activated but unpleasant affective state; decisions that raise emotions
such as “stressed,” “nervous,” and “tense.” Thus, the upper left quadrant refers to
decision situations with a high arousal and negative valence, whereby the latter implies
that humans have negative associations with the task at hand (Azer & Alexander, 2018)
and perceive it as a burden, comparable to the lower left quadrant. Thus, the state of
valence stimulates the human to use Al. Despite this, humans in situations that are
positioned in the upper left quadrant are especially hesitant to apply Al due to the high
arousal in the situation at hand. A prominent example is the previously mentioned work
of Longoni et al. (2019) focused on medical Al, where the authors confronted the study
participants with a decision regarding a medical provider for prevention of skin cancer.
The majority of participants voted in favor of the dermatologist rather than the Al-based
solution. This case exemplifies a situation of high arousal, which is triggered due to the
confrontation with the Al raising human alertness as a reaction to the lowered trust (i.e.,
higher riskiness) in Al in comparison to a human professional (Promberger & Baron,
2006). High arousal is evident through increased heart rate and skin conductance levels

(Constantinou et al., 2013), which are attributes that have been observed in
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uncomfortable medical situations (Aw, 2012; Hollander & Greene, 2019). Recalling the
fact that high arousal leads to polarized, simple decision-making, and is further
increased with growing riskiness of the task (Lang et al., 2005), the result is a human

inclination to refrain from Al as a yet unfamiliar (Hyken, 2017) task provider.

Moreover, the author claims that the decisions falling in the upper left quadrant (e.g.,
medical Al applications) can be labelled as complex, given those require high cognitive
demands concerning understanding and execution from the human (Campbell, 1988).
High task complexity results in simplified judgement based on the concept of cut-off
points, where it has been demonstrated that an option is excluded because of the
individual rejection threshold (Beach, 1993). This finding is in line with high arousal
fostering simplified decision-making. Therefore, high arousal suppresses rational
thoughts on Al performance (e.g., the fact that the Al provider outperforms the medical
professional (Promberger & Baron, 2006)), which in turn discourages the human to
delegate the responsibility of task performance to an Al-based agent. Additionally,
Campbell (1988) noted that task complexity triggers subjects to recall already existing
heuristics on how to approach the particular problem. In other words, the human is likely
to refrain from Al use due to minor or even non-existent conscious touchpoints with Al
in the past (Hyken, 2017), leading to disregard of Al as a potential solution from the
outset. Thus, the contradiction between arousal and valence in terms of motivation to
employ Al (negative valence favoring Al and high arousal discouraging Al application)
results in a conditional utilization of Al-based solutions. Possible conditions drawn from

the literature are outlined in the following paragraph.

Longoni et al. (2019) introduced the concept of “uniqueness neglect,” which refers
to the person’s conviction that his or her distinctiveness can only be understood and
considered by a human, not Al. Thus, perceived uniqueness (if it is a dominant
characteristic of the human) is a factor likely to discourage the human to forego
individual task completion by Al. The author classifies uniqueness into the category of
person-related factors, next to technology- and context-related factors. Those factors are
based on the existing research on Al and general technology aversion and constitute “the
condition” in the upper left quadrant. Another example for a person-related factor is the
need for control. For instance, humans have been found to be more willing to employ

Al-based solutions for tasks where the human can even slightly impact the outcome
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(Dietvorst et al., 2018). However, need for control is a subjective variable in humans,
reflecting aspects such as cultural heritage and personal experience (Leotti et al., 2010).
Therefore, a person in the upper left quadrant, with a pronounced need for control, will
only be willing to apply Al-based task completion when the option to impact the task
delegation process exists. Consequently, the factor “perceived disempowerment” can
have an additional negative impact on readiness for task completion by Al (Schweitzer
& Van den Hende, 2016).

An example of a context-related factor is the consequentiality of the task. The more
consequences the human attributes to the particular task, the higher his or her perceived
riskiness, and the less likely he or she is to rely on Al-based solutions (Davenport et al.,
2020), since the perceived sacrifice is too great (Ameen et al., 2021). The technology-
related factor “competence” is strongly correlated with the exemplified context-related
factors. Precisely, the perceived level of competence in the choice context drives the
decision for or against an Al-based solution (André¢ et al., 2018; Longoni & Cian, 2020).
Moreover, the factor “anthropomorphism” plays a significant role in the human
judgement process, as anthropomorphized Al solutions are more accepted by humans
(DiSalvo et al., 2003; Nowak & Biocca, 2003). Thus, if the degree of humanization is a
conditional factor for the respective person in the upper left quadrant, he or she is more
likely to accept Al delegation in the case of an anthropomorphized Al solution. Overall,
humans in the upper left quadrant decide on autonomy renouncement for a particular
task based on the individualized impact of person-, technology-, and context-related
factors. Nevertheless, given the arousing and unpleasant emotional circumstances of the
decision situation at hand, the affective state of the human shapes the underlying

evaluation process surrounding Al applicability.

In summary, the affective state of humans in the decision situation determines their
initial motivation to forego execution in favor of Al delegation (see Table 3-1). The
resulting impact of emotions on decision-making can be altered by customer-,
technology-, or context-specific factors, whereby the impact of these factors differs

based on the respective “emotional quadrant” the person is in.
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Table 3-1: Overview of Main Taxonomy Insights

Affective State

Motivation
for Al Task Perception Existing Literature Findings Examples AI Applications
Arousal Valence Delegation
People enjoy high arousal (Svebak & Stoyva, 1981), and joy is a direct attribute of Not applicable
intrinsic motivation (Reeve, 1989), which in turn results in intrinsic satisfaction for
Pleasant & self-accomplished tasks (Mills, 1991).
High Positive Low activatin Humans perceive the utilization of technology-based solutions as fraud in case the
g task has an identity-based background (Castelo, 2019; Leung et al., 2018).
Humans, who strongly identify themselves with driving, are more likely to own a car
with a manual transmission (Leung et al., 2018).
Al applications fulfil tasks related to “tiresome” household chores (Shetty, 2021). ATHTOTONG SmrEsi
. « oy g products (e.g. smart
Humans appreciate that the “annoying” daily tasks are taken care of autonomously . >
o . . kitchen appliances)
. . Unpleasant & (Rijsdijk & Hultink, 2009).
Low Negative High L O . . . . .
not activating Missing task identification drives the importance of functional features of .
o . . Smart home solutions
autonomous tech applications (De Bellis & Venkataramani Johar, 2020). T —
People rely on algorithms for presumably objective tasks (Castelo et al., 2019). £ 18 £ .
temperature regulation)

Low arousal is associated with low task involvement (Mitchell, 1979), which results E-commerce
in low motivation to deal with the situation at hand (Clarke & Belk, 1979) and recommender systems
therefore in high motivation to outsource initial parts of the task towards Al. (e.g. Amazon algorithm)

Low Positive Mixed Pleasant & The final purchase step is the most critical one in terms of perceived loss in control

not (yet) activating (Aggarwal & Mazumdar, 2008), which results in an increased risk perception Netflix recommender
(Beisswingert et al., 2016). Subsequently, the, initially, favorable attributes of the Al system
solution such as enhanced decision quality and efficiency (Alpert et al., 2003; Haubl
& Trifts, 2000) lose significance with increasing arousal.
Task complexity triggers subjects to recall already existing heuristics on how to Medical Al (e.g.
approach the particular problem (Campbell, 1988) (i.e., reliance on established task prevention of skin cancer)
solutions rather then novel Al services).
. . . Unpleasant & Humans are more willing to employ Al based solutions for tasks where they can

Lt Negative LGt E activating even slightly impact the outcome (Dietvorst et al., 2018).
The more consequences the human contributes to the particular task, the higher his
perceived riskiness, and the less likely he is to rely on Al based solutions (Davenport
et al., 2020), since the perceive sacrifice is too high to take (Ameen et al., 2021).
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Limitations and Future Outlook

Al has been shown to have the potential to significantly transform the human
lifestyle (Carter & Nielsen, 2017) beyond the current discussions on task-based
applicability of Al This utopian idea might be a fruitful research topic in the upcoming
decades but the current state of human attitude towards Al delegation depicts that only
small steps will have lasting impact on future coexistence of humans with Al. A
significant step towards the process of developing coexistence is to understand the
impact of the affective state on human motivation to forego autonomy in favor of Al
This conceptual paper provides a taxonomy on human-Al interaction based on the theory
of emotion-driven decision-making and concludes that the individual’s emotional state,
a combination of valence and arousal, drives the motivation in favor of or against Al
services. These insights contribute to the established research on the driving forces
behind human decision-making. Simultaneously, this paper adds to the understanding
of human decision-making in the era of digitalization, where task execution is
increasingly delegated to AIl. For future human-Al interaction it is necessary to
understand the decisive factors concerning Al delegation and that is the main

contribution of this paper.

However, further research on human-Al interaction is needed. For instance, the
taxonomy was based on the premise that a task is either completed by a human, an Al-
based solution, or a hybrid of the two. The scenario of external human-based task
completion (i.e., delegating the task to an external service provider) was not accounted
for within the taxonomy. Furthermore, the taxonomy was based on the theory of two-
dimensional models of emotion research. Fontaine et al. (2007) introduced two
additional dimensions, next to arousal and valence, as key determinants in the emotion-
building process: potency control and unpredictability. Future research needs to specify
the interplay of those two dimensions with arousal and valence in the Al-adoption
context. Generally, future research should empirically verify the model and the
underlying constructs. Moreover, the psychological implications of Al-based autonomy
loss have been understudied as yet. Next to related research on privacy, data
management, and cybersecurity, examining the psychological domain might result in

unforeseen perspectives and novel insights. The author hopes that her discussion of
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human autonomy in the era of Al will inspire researchers on subsequent work in this

dynamic research area.
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4. ARTICLE III: Lay Beliefs on Artificial Intelligence — How

Terminology Shapes Consumers’ Attitudes Towards Al

Bouwer, A., and Hildebrand, C. (ready for submission) Lay Beliefs on Artificial
Intelligence — How Terminology Shapes Consumers’ Attitudes towards Al. Journal of

Consumer Research.
Abstract

A growing research body has explored consumers’ attitudes towards artificial
intelligence (Al)-based solutions, primarily by means of experimental design aiming to
detect the preference for human versus technology-based service providers in a variety
of choice settings (i.e., research on Al aversion). We conducted a systematic literature
review and found an inconsistency in terminology applied among researchers referring
to Al in their studies. In total, we identified over 20 Al-substituting terminologies in the
publications on Al aversion, with varying effect sizes based on the terminology
communicated to participants in the respective experiment. By converging evidence
from our exploratory study on consumers’ lay beliefs regarding Al and nine selected Al-
substituting terminologies, we found a significantly different evaluation of the
terminologies based on the perception of the Al-substituting term. We determined a
direct link between perception of the Al-substituting terms and similarity to Al, with
positive polarity scores for the physical entities. Through replication of selected choice-
based scenarios, we found preference for human providers irrespective of the term
applied to the technological counterpart. Overall, this paper contributes to the research
output on human-Al interaction by providing an overview on consumer associations
with and general understanding of Al and Al-related terminologies. Simultaneously, this
research provokes a shift in approaching Al as an independent, novel brand itself rather

than a mere tool for branding.
Keywords

Artificial Intelligence, Human-Al Interaction, Technology Aversion, Al Branding,

Consumers’ Lay Beliefs.
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Introduction

Over the past 10 years, the research output on the topic of artificial intelligence (Al)
has almost tripled and now comprises nearly 300 thousand publications in the Web of
Science Core Collection (data retrieved from Web of Science on 28.06.2021). In the
domain of consumer psychology, scientists have continually expanded their research on
human-machine interaction as well as the impact of Al on society (Boy, 2011; Kowert,
2017; Miller, 2019; Norman, 1984; Winograd, 2006). But what is AI? Tegmark (2017)
claimed that Al is inorganic intelligence. Gibbs et al. (2017) outlined Al as any practice
that allows computers to replicate human intelligence by rational means, while Ostrom
et al. (2019) concluded that “current publications on Al typically do not define the
concept at all, but rather discuss specific types of Al and/or application examples”
(p-80). Thus, a consistent understanding of the term Al and consensus on the definition
are absent as yet. As a consequence, scientists started to introduce a variety of Al-
substituting terminologies within their experimental set-up while deriving conclusions
and publishing papers in the research field on Al. Subsequently, it is unclear and a point
of concern whether this interchangeable Al labelling has caused a direct bias in the
responses of study participants. Precisely, the reliability of the research findings within

existing publications in the field of Al is called into question.

In what follows, we reveal the consequences of missing consensus on the term Al
(i.e., alternative expressions to label Al) by demonstrating the differences in consumers’
attitudes based on the terminology applied. Additionally, we discuss the implications of
this research for future consumer research on Al and the role of conscious terminology

utilization and task-based Al aversion.
Theoretical Background

Over the past two decades, a novel research stream started to explore what has been
referred to as “Al aversion,” i.e., the struggle to rely on Al-based contributions across a
variety of decision contexts. Predominantly, literature has revealed that humans prefer
human input over Al-generated input; from resistance to medical Al (Bigman & Gray,
2018; Eastwood et al., 2012; Longoni et al., 2019; Promberger & Baron, 2006; Shaffer
et al., 2013) to aversion to relying on forecasts made by Al as opposed to human

predictions (Dietvorst et al., 2015; Logg et al., 2019; Onkal et al., 2009; Prahl & Van
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Swol, 2017). For instance, Longoni et al. (2019) revealed that patients are less inclined
to rely on algorithmic input across a broad range of medical decisions, from elementary
screening tasks to the advice on a medical treatment. Even under conditions of greater
accuracy rates of Al compared to human medical providers (Longoni et al., 2019;
Promberger & Baron, 2006). Work by Castelo et al. (2019) suggested that this human
distrust and rejection of Al prevails among subjective tasks. Similarly, professionals in
the field of medicine persist with use of forecasts made by underachieving humans rather
than relying on the forecasts made by outstanding algorithms (Diab et al., 2011;
Dietvorst et al., 2015; Eastwood et al., 2012).

Only a small sample of authors reported results on what is called “Al appreciation”
(i.e., preference for Al-based rather than human providers). For instance, across a variety
of different contexts, study participants have been shown to rely more on advice
streaming from an algorithm than a human (Gunaratne et al., 2018; Logg et al., 2019).
Similar insights have been found among hybrid solutions, where the recommendations
were provided by a human professional based on Al input (Palmeira & Spassova, 2015).
Overall, the recent publications suggested inconsistent, though primarily Al denying,

findings in the research field on Al aversion (see Table 4-1).

Simultaneously, research has explored the consequences of Al on branding (Varsha
etal., 2021; West et al., 2018), with considerable unexplored linkages in this subfield of
human-Al interaction. For instance, Wolfe (2018) raised the question of how to
successfully brand Al-based products, given unexplored consumer associations along
Al-based applications. Moreover, the variable interfaces of Al (i.e., physical embodied
Al such as robots, or not physically embodied Al, such as chatbots) (Hoyer et al., 2020)
have marked a widely unexplored challenge concerning customer experience and
branding of Al-based solutions (Bolton et al., 2018; Das, 2017). The latest publications
have started to investigate the impact of Al on branding (i.e., Al as a branding tool),
although no research thus far has aimed to explore Al in the role of an independent brand

itself nor the underlying associations the “Al brand” would evoke among consumers.
Stimuli Development and Context

The stimuli used in this paper were generated by conducting a systematic literature

review in the field of Al aversion, which encompassed all relevant publications
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concerning the research question how human observers evaluate and judge Al-
generated forms of output (e.g., the likelihood to rely on an Al-based medical
recommendation). In the area of Al aversion, 26 papers were identified and utilized as
input for the experimental set-up (see Table 4-1 for an excerpt and Web Appendix for
the total overview). In total, we identified more than 20 terminologies which have been
applied as synonyms for the term Al. An initial summary of the terminologies into
categories (see Figure 4-1) revealed the first inconsistencies in the underlying effect
sizes. Precisely, we found a significant difference and variance in the mean effect size
(Mar = 0.26, Maigorithm = 0.23, Mautomated provider = 0.25, Mcomputer = 0.34, Mtatistics = 0.40,
F(4,65)=2.52, p=.0494) as a function of the terminology applied. This finding raised
the question on the impact of terminologies on the research results in the field of Al

aversion.

Figure 4-1: Overview of Effect Sizes Based on Selected Terminology Categories
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Table 4-1: Review of Relevant Literature on AI Aversion

Author No. Context Terminology Terminology v DV Aversion | Effect Size (r-
Study Category based)
Castelo, 1 26 tasks Algorithm Algorithm Provider (human vs. algorithm) Trust 1 0.1580
;:)21119‘ 2 Dating advice; Algorithm Algorithm Provider (human vs. algorithm); setting (finance vs. Click-through rate 1 0.1580
( ) financial advice dating)
3 9 tasks Algorithm Algorithm Performance data Preference 1 0.0847
4 Recommending movie; Algorithm Algorithm Provider (human vs. algorithm); framing condition Trust 1 0.2696
recommending dating partner (quantitative vs. qualitative)
5 Recommending dating partner Algorithm Algorithm Task (recommending movie vs. dating); condition Click-through rate 1 0.2149
(subjective vs. objective)
6 Creating music and art; Algorithm Algorithm Affective human likeness (high vs. low); task framing Reliance on algorithm 1 0.2516
predicting popularity of a song (subjective vs. objective)
Dietvorst, 1 Forecast students’ scores on a Statistics Statistical model |Ability to conduct certain modification on the model's| Level of utilization of the model 1 0.4084
Simmons, standardized test forecast (four conditions given)
& Massey 2 Forecast students’ scores on a Statistics Statistical model Ability to conduct degree of modification on the Level of utilization of the model 1 0.2091
(2016) standardized test model's forecast (four conditions given)
Longoni, 1 Medical decision making Computer Computer Function of provider (i.e. human vs. automated) Likeliness to pursue medical care 1 0.1389
Bonezzi, &
Morewedge 2 Willingness to pay for healthcare Computer Computer Function of provider (i.e. human vs. automated) Willingness to pay 1 0.2289
(2019) 3A Relative preference for medical Automated Automated Providers (choose between two human providers vs. Preferred medical care provider 1 0.3307
provider provider provider choose between a human and an automated provider);
performance (comparative past accuracy rate)
6 Medical decision making Computer Computer Function of provider (i.e. human vs. automated) Uniqueness neglect 1 0.3012
7 Medical decision making Computer Computer Provider (human vs. automated); Personalization Likelihood to follow the 1 0.2077
(salient vs. not salient) recommendation
8 Medical decision making Computer Computer Provider (human vs. automated); receipt of care Likelihood to follow the 1 0.1732
(self, average other, unique other) recommendation
9 Medical decision making Al Artificial Condition (Al as replacement vs. Al as support) Likelihood to utilize the service 1 0.0549
intelligence
Logg, 1A Estimated the weight of a person Algorithm Algorithm Advice provider (human vs. algorithm) Weight on advice 0 0.2055
M]l\r/l[son, & [™B | Predicting the popularity of songs Algorithm Algorithm Advice provider (human vs. algorithm) Weight on advice 0 0.2521
oore
(2019) 1C Evaluation attraction Algorithm Algorithm Advice provider (human vs. algorithm) Weight on advice 0 0.2149
2 Estimated the weight of a person Algorithm Algorithm Advice provider Weight on advice 0 0.2149
(human only vs. algorithm only vs. choice between a
person and algorithm)
3 Base participant's bonus pay Statistics Statistical model | Source of human judgement (self vs. another person's Weight on advice 0 0.7600
estimate vs. algorithm)
4 Geopolitical forecasts Algorithm Algorithm Advisor (algorithm vs. human); sample (lay vs. Weight on advice 0 0.1142

expert)
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For our study, we chose to extract the nine most prominent terms used as synonyms
for Al in the experimental conditions of the 26 research papers on Al aversion (see List
4-1).

List 4-1: AI Synonyms Identified in the Literature Stream on Al Aversion
1. Robot

Autonomous computer system

Autonomous statistical computer system

Super computer

Algorithm

Statistical model

Statistical formula

Mathematical model

A AN o

Mathematical formula

Experiment

Participants and Design. A total of 709 participants (Mage = 31.72; SDage = 20.99;
44% females) were recruited via Prolific Academic for a generic study on “consumers’
perception of Al in their daily life” in exchange for monetary compensation. Participants
were randomly assigned to a one factorial between-subjects experiment with 10 factor
levels (i.e., either one of the terminologies from List 1 or the term Al itself). Within the
condition, participants were asked to provide a definition of the respective term.
Thereafter, participants had to rank the 10 Al-substituting terminologies according to
their perceived similarity to Al. Next, the subjects had to evaluate their attitude towards
the assigned term based on subjective perception measures. Finally, participants were
confronted with four independent choice scenarios where they had to evaluate the term

on the extent of perceived trust and attitude towards Al-based task completion.

Stimuli and Measurement. Prior to any condition-related questions, we assessed
participants’ general interest in technology using three items (example item: “Being the
first to buy new technological devices is very important to me;” o = .88 (Bruner &
Kumar, 2007)), their need for cognition using three items (example item: “I prefer a task
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that is intellectual, difficult, and important to one that is somewhat important but does
not require much thought;” o = .81 (Cacioppo et al., 1984)), and their perceived level of
uniqueness using three items (example item: “I feel that some of my characteristics are

completely unique to me;” o = .87 (Longoni et al., 2019)).

Within the respective condition, we required the participants to provide a full-
sentence definition on the Al label as an open-text response. Next, the subjects had to
rank the similarity of the nine terms (see List 4-1) to Al based on a drag-and-drop menu
(i.e., from “Very similar to artificial intelligence” on the top to “Very dissimilar to
artificial intelligence” on the bottom). Thereafter, we assessed the subjects’ attitudes
towards the terminology, applying the scales by Kjerulff and Counte (1984), o = .87
(example question: On a scale from one to seven, __are, in general good/bad; fun/not
fun); Nickell and Pinto (1986), o = .87 (example question: On a scale from one to seven,
____can eliminate a lot of tedious work for people); Joyce and Kirakowski (2015), o =
.91 (example question: On a scale from one to seven, I feel overwhelmed by  ); Davis
et al. (1992), o = .93 (example question: On a scale from one to seven, I find using
to be enjoyable); and McKnight et al. (2002), o= .77 (example question: On a scale
from one to seven, _ does its best to help me if I need help). Finally, we displayed
four independent choice scenarios (i.e., cancer treatment, dating, wine, and joke
recommendations), which were extracted from the Al performance table by Castelo et
al. (2019). For each case, participants had to select the preferred party to perform the
task (i.e., preference for human (0) or preference against human (1)) and rate to which
degree they would trust the Al-substituting term in the situation at hand (on a seven-

point scale where seven was equal to complete trust).

Results: Terminology Definition First, we performed a word cloud analysis
(Fellows, 2018) to attain a visual representation of the word frequencies and therefore
the main topics behind each terminology definition (i.e., 10 terminologies in total) based
on the participants’ open-text responses. Portraying the top 20 terms per terminology

(see Figure 4-2) revealed the first parallels among the terminologies ‘“robot,”

99 ¢¢

“autonomous computer system,” “autonomous statistical computer system,” and “super

29 ¢¢

computer” (i.e., terminology block 1), and the terminologies “algorithm,” “statistical

99 ¢

model,” “statistical formula,” “mathematical model,” and “mathematical formula” (i.e.,
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terminology block 2). Precisely, in terminology block 1 participants predominantly
applied the words “human,” “task,” and “perform,” which were closely linked to the
words used to describe the term Al itself. Given this initial linkage to a physical human
being, we summarized this terminology block with the expression “tangible entities.”

29 ¢

In terminology block 2 the most commonly used words were “data,” “problem,” and
“solve,” opposing the words used to define Al, with no reference to “human.” Therefore,

we compiled this terminology block using the expression “intangible entities.”

To validate the identified separation between tangible and intangible entities among
the nine terminologies, we employed Latent Dirichlet Allocation (LDA) topic modelling
paired with sentiment analysis. Precisely, we identified, extracted, and compared the
underlying themes (Blei et al., 2003) of the two entities. Applying a density-based
method for adaptive LDA model identification (Cao et al., 2009) to establish the ideal
quantity of topics, we found that a model with five topics performs best. An overview
of the five LDA topics and their respective sentiment scores per terminology condition
is shown in Figure 4-4. Reviewing the sentiment scores among the tangible and
intangible entities in comparison to Al (see Figure 4-3) confirmed the similarity of the
tangible entities with Al and a significant distinction between the tangible and intangible
entities (Mpolarity A1 = 0.14, Mpolarity tangible = 0.14, Mpolarity intangible = -0.04). This result
reflected the insights from the word cloud analysis, where intangible entities were given
a reactive, problem-solving image by the participants, which mirrored the negative
attitude towards this terminology block. Opposingly, study participants described the
tangible entities to be human-like, with a proactive, task-accomplishing understanding
of the respective terms, which also reflected the overall positive attitude towards this

terminology block.
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Figure 4-2: Word Clouds per Terminology
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Figure 4-3: Sentiment Analysis per LDA Topic per Consolidated Terminology
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Figure 4-4: Sentiment Analysis per LDA Topic per Terminology

05

0.0

05

0.0

05

68

Algorithms
Anova, p = 0.46

== ==

Mathematical Formulas
Anova, p = 0.45

Statistical Models
Anova, p = 0.33

= e

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5

Artificial Intelligence
Anova, p=0.72 .

+*-h+- **-j—*-b

Mathematical Models
Anova, p = 0.96

Super Computers

Anova, p = 0.54
Topic 1 Topic 2 Topic 3 Topic 4 Topic 5

Autonomous Computer Systems

Anova, p = 0.062

Anova, p=102

Topic 1

| —+'h **+'h—;— *—:—

Topic 2

Robots

Autonomous Statistical Computer Systems
Anova, p=0.79
.

Statistical Formulas

Anova, p = 0.41

Topic 3

Topic 4

PrevailingTopic ‘ Topic 1 ‘ Topic 2 ‘ Topic 3 ‘ Topic 4 ‘ Topic 5

Topic 5

Topic 1

Topic 2 Topic 3 Topic 4 Topic 5



ARTICLE III

Results: Similarity Test We asked participants to rank all Al synonyms (see List 4-1)
according to perceived similarity to Al. Our results confirmed the categorization
between tangible and intangible entities among the nine terminologies (see Figure 4-5).
Precisely, the tangible entities performed best in terms of the perceived proximity to Al
(Maverage tangible = 3.82), while the intangible entities performed worst, with a significantly
higher mean value (Maverage intangible = 6.35) and therefore higher perceived dissimilarity

towards Al.

Figure 4-5: Boxplot Comparison on the Similarity Analysis of AI Synonyms with
Al
(Note: low mean score represents a high perceived similarity, and high mean score

represents a low perceived similarity)
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Results: Subjective Perception Measures To further understand the current lay
beliefs on the tangible/intangible entities, we asked participants to evaluate a variety of
subjective perception measures within their condition. Several measures were removed
due to cross-loadings and low internal scale consistency, thereby resulting in an
evaluation of three perception measures based on factor scores: enjoyment, accessibility,
and performance. We found significant differences among tangible and intangible
entities between these three factors. Precisely, tangible entities performed better for the
factors of enjoyment (Miangible = 0.24, Mintangible= -0.19, #630) = -6.213, p < .001) and
performance (Miangible = 0.10, Mintangible= -0.08, #591) = -2.430, p < .05), whereas
intangible entities were rated higher for the factor accessibility (Miangible = -0.18,
Mintangible= -0.15, #(625) = 5.023, p <.001). Ensuring control for moderation effects, we
found that “interest in technology” had a significant, positive impact on the factors of
enjoyment, performance, and accessibility in the case of tangible entities (see Figure
4-6).
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Figure 4-6: Moderation Effect of “Interest in Technology” on Factor Scores Based

on Entity Type
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Results: Task-based Choice Scenarios Lastly, study participants had to decide on
technology or human-based task completion within the terminology condition. Overall,
the vast majority of participants decided in favor of the human professional in every
choice scenario, with no significant difference between tangible and intangible entities
(Mecancer_tangible = 0.41, Mcancer intangible= 0.40, £(606) = -0.262, p > .79; Mdate_tangible = 0.64,
Muate_intangible= 0.69, #(596) = 1.333, p > .18; Myine_tangible = 0.42, Myine intangible= 0.47,
#(610)=1.428, p > .15; Mjoke_tangible = 0.28, Mjoke_intangible= 0.27, #(602) =-0.417, p > .68).
Thus, across each of the four choice scenarios, terminology did not alter the absolute
preference for the human professional over the technological provider. In relative terms,
the preference for a technology provider significantly differed between the four
scenarios (i.e., irrespective of the type of terminology) (Mchoice cancer = 0.41, Mchoice date =

O 67 Mch01ce wine — 0 46 Mchmce_]oke 0 28 F(3 3 164) 90 94 p < 001)
92



ARTICLE III

In all four scenarios, no significant difference was found in terms of trust among
tangible and intangible entities (Mirust cancer tangible = 3.92, Mirust_cancer intangible = 3.89, #(605)
=-0.172, p > .86; Myust_date_tangible = 3.88, Mirust_date_intangible = 3.96, 1(602) = 0.620, p > .54;
Mirust_wine_tangible = 3.70, Mirust_wine_intangible = 3.65, #(590) = -0.318, p > .75; Murust_joke_tangible
= 3.11, Mirust joke intangible = 2.89, #(603) = -1.531, p > .13). Further, comparison of the
level of trust in technology providers (i.e., irrespective of the type of terminology)
showed a significant difference between the four scenarios (Muust cancer = 3.88, Mirust_date
= 3.96, Mirust_wine = 3.69, Mtust_joke = 3.07, F(3,3164) =42.96, p <.001).

General Discussion

Theoretical Contribution. The current paper makes three distinct contributions: to
the literature on consumers’ resistance to Al, the role of anthropomorphism in artificial
intelligence, and consumers’ general understanding on technology. First, we contribute
to the understanding of terminology as an unexplored factor in experimental research
design. We show that humans have a distinctive understanding of Al and all nine Al-
substituting terminologies, which result in distinct lay beliefs regarding Al prior to an
interaction. Therefore, we contribute to the research on users’ first impressions of digital
agents, whereby humans sense greater familiarity with and affinity towards humanlike
robots (Mori et al., 2012). Moreover, our findings concerning the higher enjoyment and
positive polarity scores among tangible Al terminologies expand the insights on the
impact of first impression on technology as a service provider, which previously had a
significant focus on digital agents such as robots (Cafaro et al., 2016; Paetzel et al.,
2020; Petrak et al., 2019). Overall, this paper provides insights on users’ first

impressions of a broad range of Al terminologies.

Second, we reveal that humans categorize Al-substituting terms according to
perceived tangibility. Further, humans evaluate tangible Al terms more favorably and
perceive tangible Al terms as nearer to humans in comparison to the intangible Al
terminologies. These findings contribute to the literature stream on consumer judgement
of anthropomorphized technology (Canning et al., 2014; Ciechanowski et al., 2019; Lu
et al., 2019; Pelau et al., 2021; Troshani et al., 2020; Wan & Aggarwal, 2015) whereby

we claim that if dehumanization is attributed to a machine (i.e., the opposite of
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anthropomorphisms), that machine is unfavorably judged by humans (Haslam et al.,
2008).

Third, the identified preference for human professionals in comparison to Al-based
agents, irrespective of the choice scenario, confirms the previous research findings
concerning Al aversion (Dietvorst et al. 2014, 2015, 2018; Longoni et al., 2019; Prahl
& Van Swol, 2017; Promberger & Baron, 2006). In particular, our insights on the
relative preference for Al and trust in Al based on the choice scenario contribute to the
work of Castelo on task-based Al aversion (Castelo et al., 2019), and the work by
Longoni for Al delegation in the utilitarian and hedonic context (Longoni & Cian, 2020).
Finally, we demonstrate a moderation effect of the interest in technology on the
enjoyment of Al, and thereby expand existing research findings that the acquisition of

knowledge on a new technology correlates with enjoyment of it (Perlovsky et al., 2010).

Practical Implications. The implications for marketing professionals are
straightforward. First, the finding on the diverse consumer lay beliefs based on the Al
terminology applied provides a foundation to successfully communicate Al from a
marketing perspective grounded on the intention of how Al should be positioned in the
respective context (e.g., informative, enjoyable, and functional). Precisely, our study
shows that different terminologies evoke different affiliations and consequently helps
understanding of the situational strengths of each terminology. Therefore, given Al is
applied in all marketing-related processes (from marketing analytics (De Bruyn et al.,
2020; Wirth, 2018) to new product development (Kwong et al., 2016), pricing (Schmutz
et al., 2020), marketing communication (Tanveer et al., 2021), and branding (Caner &
Bhatti, 2020; West et al., 2018; Wolfe, 2018)), we enable managers to strategically

enhance their external marketing communication.

Second, our study reveals that interest in technology favorably mitigates lay beliefs
regarding Al, such as enjoyment (enjoyment is found to be a critical purchasing factor
concerning Al-based products (Sohn & Kwon, 2020)). Thus, our work contributes to the
understanding of how to strengthen purchases of Al-based products. Third, our study
demonstrates that humans have an individual understanding of Al, which is different
from the understanding of Al-substituting terminologies. Providing an overview of the

inherent associations, our work impulses professionals to re-evaluate their company-
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wide understanding on Al and develop a consistent, intentional communication

surrounding Al-related topics.

Future Research. The role of Al terminologies in situational contexts must be
explored further. Precisely, future research can contribute to existing research on the
role of Al and Al-substituting terminologies in different settings, such as pricing
(Schmutz et al., 2020; Shakya et al., 2010). Additional contexts include the role of
targeted Al terminology in business-to-business sales (Paschen et al.,, 2019) and
business-to-consumer sales (Davenport et al., 2020), whereby testing whether triggering
consumers’ curiosity for Al-based technology functions as a mitigation mechanism for
Al aversion could contribute to research on how to strengthen purchases of Al-based
products. Moreover, the insights on the differentiated understanding of Al should be
applied to enhance understanding on the impact of Al terminology on brand value and
to evaluate the effect of terminology on brand fundamentals such as communication and
loyalty (West et al., 2018). Finally, this research on Al terminology triggers a shift in
approaching Al as more than a mere tool for branding but considering Al as an
independent, novel brand itself. This paradigm shift might provoke insightful, novel
research contributions towards human-Al interaction in the future. Overall, we propose
future research to construct a context-terminology mapping in order to systematically
test for the “optimal” Al terminology, which could result in the most probable Al
adoption for a given task (e.g., medical diagnosis) or product category (e.g., self-driving

cars) under consideration.
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