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Abstract

As technology is evolving to appear progressively more human-like, next generation
conversational artificial intelligence (Al) is profoundly impacting human-technology
relationships. Conversational interfaces (Cls) effectively mimic human conversation in either
written (as with chatbots) or spoken form (as with digital voice assistants), taking over a broad
range of tasks from acting as personal assistants, to selling products to consumers, or
recommending investment strategies in the financial industry. Despite this fascinating and
broad range of applications, one unifying element across the evolving conversational Al
landscape is the ability to interact with consumers in what was previously considered the
hallmark of humanity: language and dialogue. This raises foundational questions of how
consumers perceive progressively more humanized Al, as well as the behavioral consequences
for consumers. This dissertation develops a novel theoretical framework of human-technology
relationships in the context of conversational Al, building on and integrating fundamental
research on the theory of mind in psychology, foundational principles of human dialogue in
linguistics, and emerging literature on technology-mediated consumer behavior. The
framework and the underlying hypotheses are developed and tested in four independent paper
projects, across a broad range of methodological approaches (deep contextual language models
and experimental research designs), study settings (both in the field and the lab), and
participant samples (from financial investors to online shoppers). Together, these papers
demonstrate how interacting with conversational Al fundamentally shapes consumer decision-
making and assess the underlying psychological mechanisms and moderating factors
influencing the formation of intimacy and trust with such interfaces (and the brands or firms
they represent). Furthermore, they provide novel methodological avenues, compared to
traditional consumer research, to unobtrusively identify variations in the attribution of a
“mind” to these interfaces. The overarching objective of this dissertation is to contribute to an
emerging and interdisciplinary field of research on how humans relate to and are influenced

by increasingly humanized Al in a digitally transforming society.
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Zusammenfassung

Die rasche Entwicklung von Technologien wie kiinstlicher Intelligenz (KI) auf immer
menschlichere Art zu kommunizieren, hat tiefgreifenden Einfluss auf die Beziehung zwischen
Mensch und Technologie. Dialog-basierte KI in Form von Conversational Interfaces (Cls)
ahmen menschliche Konversationen in schriftlicher (wie bei Chatbots) oder gesprochener
Form (wie bei digitalen Sprachassistenten) nach und tibernehmen ein breites Spektrum an
Aufgaben: von der Funktion als personlicher Assistent iiber den Verkauf von Produkten bis
hin zur Empfehlung von Anlagestrategien in der Finanzbranche. Obwohl der
Anwendungsbereich dialog-basierter KI sehr breit ist, gibt es ein ilibergreifendes Element,
welches diese Anwendungen vereinigt: ihre nahezu menschliche Fahigkeit, mit Konsumenten
in natiirlicher Sprache zu interagieren. Dies wirft grundlegende Fragen dariiber auf, wie diese
zunehmend menschlichere KI wahrgenommen wird und welche Konsequenzen dies fiir das
Verhalten der Konsumenten hat. Die vorliegende Dissertation entwickelt ein neues
theoretisches Fundament zur Erforschung der Beziehung zwischen Mensch und KI im Kontext
der CI basierend auf Literatur zur psychologischen “Theory of Mind”, Grundprinzipien
menschlichen Dialogs in der Linguistik und der Forschung des technologie-getriebenen
Konsumentenverhalten. Das theoretische Fundament und die daraus abgeleiteten Hypothesen
werden in vier unabhingigen Forschungsprojekten entwickelt und mithilfe mehrerer
methodischen Ansédtze (von Deep Learning Sprachmodellen bis hin zu experimentellen
Forschungsdesigns), Studiensettings (sowohl Feld- als auch Laborstudien) und Stichproben
(von Finanzinvestoren bis hin zu Online-Kdufern) getestet. Zusammen zeigen diese Arbeiten
wie die Interaktion mit dialog-basierter KI die Entscheidungsfindung von Konsumenten
grundlegend beeinflusst. Sie erforschen die zugrundeliegenden psychologischen
Mechanismen und moderierende Faktoren, welche die Bildung von Intimitdt und Vertrauen
mit dialog-basierter KI (und den Marken oder Unternechmen die sie reprisentieren)
beeinflussen. Sie bieten im Vergleich zur traditionellen Konsumentenforschung neuartige
Methoden, um die Zuschreibung eines Menschlichen ,,Verstandes* zu dialog-basierter KI
valide zu identifizieren. Das tlibergreifende Ziel dieser Dissertation ist es, einen Beitrag zu
einem sich neu entwickelnden und interdisziplindren Forschungsfeld zu leisten, das sich mit
der Frage beschiftigt, wie Menschen in einer sich digital transformierenden Gesellschaft mit

zunehmend menschlicher KI umgehen und von dieser beeinflusst werden.
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Dissertation Overview

1. DISSERTATION OVERVIEW

1.1 Motivation and State of Research

1.1.1 The Rise of Conversational Al

Conversational Al represents a paradigm shift in the human-technology relationship.
Advances in natural language processing (NLP) and machine learning allow a progressively
more natural interaction with technology, approaching Turing’s (1950) definition of machine
intelligence as the inability to discern an interaction with a machine from one with another
human being. The act of being able to understand and dynamically respond to user input using
natural language fundamentally changes how humans interact with and relate to technology.
Rather than being acted upon, technology becomes an active contributor to an interaction

through the means of communication, an ability previously considered exclusively human.

Interaction with conversational Al is entering all aspects of consumers’ lives from
automating service operations with messenger-based customer support chatbots to executing
daily tasks with voice-based virtual assistants. Recent industry reports predict that the
conversational Al market continues to grow at an annual rate of 30.2%, expected to reach
$17.5 billion dollars by 2024 (Deloitte 2019). Relatedly, the adoption of conversational
interfaces is expected to see a marked increase in the next two to five years thanks to both,
the significant evolution in the technology underlying conversational Al, as well as an
increase in the adoption of digital technologies more broadly (Gartner 2021; Columbus
2020). This rapid evolution of the conversational Al landscape is accentuating its growing
influence on consumers’ interactions with technology and consumption experiences,
fundamentally changing how consumers search for information, shop for products, and
interact with firms on a daily basis.

The rise in conversational Al is reflected in a growing research interest related to the
design (Landis 2014; Lokman and Zain 2010; Serban et al. 2017) and use (Araujo 2018; Go
and Sundar 2019; Lee, Lee, and Sah 2019; Zarouali et al. 2018) of such interfaces, and how
they may shape consumer experiences in marketing (Araujo 2018; Van den Broeck, Zarouali,
and Poels 2019; Luo et al. 2019; Mende et al. 2019), finance (Hohenberger, Lee, and
Coughlin 2019; Tedesco 2015), or health (Bellur and Sundar 2017; Comendador et al. 2015;

1



Dissertation Overview

Miner et al. 2016; Oh et al. 2017). However, academic research has been sparse on how the
unique property of interacting with these interfaces through natural dialogue may impact
consumer behavior and the underlying psychological mechanisms shaping consumers’
perception of and relationship with these interfaces. This dissertation aims at contributing to
and extending this emerging and interdisciplinary field of research by investigating the
underlying mechanisms and key boundary conditions of how humans relate to and are
influenced by conversational Al and downstream consequences on technology-mediated
consumer behavior. Given the unique aspect of human-technology interaction through natural
language, this dissertation develops a novel theoretical framework for these emerging human-
technology relationships in the context of conversational Al, building on and integrating
fundamental research in interpersonal psychology and theory of mind (Airenti 2018; Epley,
Waytz, and Cacioppo 2007; Gray, Gray, and Wegner 2007; Waytz, Cacioppo, and Epley
2010; Yang, Aggarwal, and McGill 2020), computational linguistics (Jurafsky and Martin
2017; Levinson 2016), and the emerging literature on consumer-technology relationships and
technology-mediated choices (Hoffman and Novak 2018; Melumad et al. 2020; Novak and
Hoffman 2019).

1.1.2 Definition of Conversational Interfaces

In this dissertation, Al-based conversational interfaces are defined as machine-based,
dynamic dialogue systems that mimic human-to-human conversation through a sequential
process of turn-taking and grounding between the user and the interface. Conversational
interfaces can be either text-based or voice-based (Sheehan, Jin, and Gottlieb 2020) and the
current theorizing is agnostic to differences in input modalities (written vs. spoken), as the
fundamental structural and semantic properties of conversation generalize across these
modalities. Thus, a conversational interface’s ability to interact in natural language with a
human user and dynamically adapt to his or her input distinguishes these interfaces from other
interfaces, where input is provided by clicking on or touching icons or writing syntax-specific

code.

1.1.3 Why Designing Relatable AI Matters
Seminal research on human-computer interaction has long demonstrated that humans

apply social heuristics even to computers that possess only subtle human cues, such as a

gender or a human voice (Moon 2000; Nass and Moon 2000; Nass, Steuer, and Tauber 1994).
2
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With the advancement in NLP and the proliferation of CIs, machines are entering a territory
that was previously exclusive to humans, mimicking human dialogue. An active
conversational interaction radically changes how humans relate to technology, because the
technological medium is no longer just a channel, but rather becomes a distinct source of
communication and information, automatically triggering social behavior in response to the

medium (Kim and Sundar 2012; Sundar and Nass 2000).

The perspective of theory of mind in this context is relevant as it relates to a
fundamental aspect of social cognition, shaping how we perceive another entity and
influencing how we relate to it through the means of communication (Airenti 2018). As such,
the attribution of a “mind” (e.g. in the form of internal states and intentions) to technology is
independent of the conscious beliefs about the technology, and automatically results from a
desire to understand and relate to it during an interaction (Epley et al. 2007; Kim and Sundar
2012; Waytz, Cacioppo, et al. 2010; Yang, Aggarwal, and Mcgill 2020). This is particularly
relevant in the context of Al-based Cls, allowing consumers to directly communicate with
them using natural language, as it elevates the technology to one of the most fundamental

human capabilities: dynamic, two-way dialogue.

This active participation in the conversational process makes technology a contributor
to the consumption experience and an active partner in the decision process. However, design
practitioners and brand managers are lacking knowledge on how conversational properties of
Al-driven CIs may fundamentally shape these experiences and influence consumer choice.
More specifically, previous research has primarily focused on the influence of identity and
visual characteristics of the interface (Bertacchini, Bilotta, and Pantano 2017; Holzwarth,
Janiszewski, and Neumann 2006; Jin and Sung 2010; Wang et al. 2007), rather than how
conversations can essentially be “engineered” to nurture intimacy and trust with the
technology and the brand or firm it represents. Furthermore, while more relatable Al can be
beneficial to the consumer experience, leading to more personalized, one-to-one consumer-
firm interactions, it may also be detrimental to the consumer if the firm misuses the increase

in trust to its advantage, implying a potential need for consumer protection.

This dissertation proposes a novel conceptualization of conversational Al based on the

unique properties of language and natural dialogue and develops several hypotheses of how
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these interfaces can fundamentally alter consumer perceptions and technology-mediated
choice. The findings presented in this dissertation have important design implications for
practitioners, public policy implications for consumer welfare, and theory implications for

the emerging field of the consumer psychology of new technologies.

1.2 Theoretical Background

1.2.1 Theory of Mind

Thinking about internal mental states of another entity, especially another human, is a
well-studied phenomenon in psychology (Abell, Happé, and Frith 2000; Airenti 2018;
Bretherton and Beeghly 1982; Epley et al. 2007; Goldstein and Winner 2012; Premack and
Woodruff 1978) and is considered a fundamental human capacity. Developing such a theory
of mind is crucial to human interaction and serves the function of making inferences about
another entity’s behavior. As virtually all human behavior is driven by underlying mental
states, humans learn early on in childhood how to make inferences about the internal states
of another being, such as its intentions, knowledge, and beliefs, in order to make sense of its

actions (Birch et al., 2017).

This reasoning about internal, unobservable states in other entities has been shown to
extend far beyond human-to-human interaction to reasoning about our pets’ behavior (Paul
et al. 2014) and even the behavior of objects (Abell et al. 2000; Epley et al. 2007; Waytz,
Cacioppo, et al. 2010) and tends to unfold naturally and automatically, fundamentally shaping
how we perceive and relate to others (Airenti 2018; Gray et al. 2007; Waytz, Gray, et al.
2010). In contrast, denying such essential human capacities leads to a sense of
dehumanization, in which entities lacking these human features are likened to machines and
perceived as cold, passive, and shallow (Haslam et al., 2008). Hence, theory of mind is a
fundamental aspect of social perception and the attribution of human traits and intentions
(both consciously and unconsciously) is one of the primary media through which humans

define their relationship with another entity.

As technology is evolving to interact and communicate in a progressively more human
way, theory of mind is central to human-technology relationships because it is based on a
learnt assumption that human behavior is driven by stable underlying traits and values. Epley

et al. (2007) propose that our propensity to attribute human traits and mental states to other
4
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entities is influenced by both, cognitive and social factors. Specifically, the cognitive
determinant is linked to the ease at which humans automatically access information about
themselves and the tendency to therefore compare an entity’s characteristics and behaviors
to a known human schema. Social factors on the other hand, focus on our interpretation of
the behavior of the entity in relationship to its environment, as well as ourselves. Humans
strive to understand and predict the behavior of another entity in order to reduce uncertainty
about their environment, and often achieve this by trying to take its perspective, thus,

essentially leveraging theory of mind in an attempt to understand and relate to the other entity.

1.2.2 The Role of Language and Dialogue

A strong connection between human communication and theory of mind has long been
established in developmental psychology, demonstrating the existence of important links
between language acquisition and the ability to reason about another person’s mental state
and behavior (Astington and Baird 2005). There are two importance consequences of the
strong ties between theory of mind and language, both addressed in this dissertation. First,
the fact that consumers can talk with Cls using natural language and dialogue should increase
consumers’ attribution of human traits to these interfaces, the more the interface embodies
fundamental principles of human dialogue (addressed in Articles I, II, and III). Indeed,
research has shown that a child’s participation in two-way conversations leads to his or her
attribution and understanding of mental states in other humans (Bretherton, McNew, and
Beeghly-Smith 1981; Dunn et al. 1991). Therefore, actively conversing with an interface
using natural dialogue should fundamentally impact perceptions of the interface and increase

attributions of humanness to it.

Second, children’s theory of mind development is directly linked to their acquisition of
specific lexical terms used to refer to mental states of the other entity (Bretherton and Beeghly
1982). This suggests that there may be subtle cues in the way in which consumers talk about
CIs that would allow identifying and understanding the attribution of such a “mind” to Cls
and gain insight into the underlying relationship with it (addressed in Article IV). Thus, as
Cls are entering the realm of natural language and dialogue, they are fundamentally

redefining how humans perceive and relate to technology.
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1.2.3 Establishing Relationships

One of the key elements of establishing a relationship is the decision to trust the other
person. Trust is often defined as a willingness to take the risk of relying on another party with
the expectations that the other party will act in that person’s best interest (Glikson and
Woolley 2020; Hoff and Bashir 2015). Previous research suggests that there are two distinct
types of trust: cognitive-based trust, which is based on a rational evaluation of the competence
and reliability of the other party and affect-based trust, which develops as a result of the social
connection, intimacy, and positive affect with the other party (Glikson and Woolley 2020;
McAllister 1995). While previous research in technology has focused primarily on cognitive-
based trust in the adoption of new technologies (Davis 1989) more recent work has found
that emotions are an important, and often primary, determinant of trust in automation (Hoff

and Bashir 2015; Lee and See 2004).

As human-technology interactions become progressively more natural, it can be more
difficult to cognitively and rationally understand the technology, implying that an emotional
connection and affect-based trust will become more important in the evaluation of such
technologies. Furthermore, while cognitive trust by definition relies on a more objective
evaluation of the other party (for example, based on its reliability, dependability, or
transparency; c.f. Hoff and Bashir 2015), affect-based trust relies on a more subjective and
emotional evaluation, assessing the underlying internal motivation and intentions of the other
party. Given that theory of mind is the fundamental process through which humans assess
internal states and behavioral intentions of another entity, it is expected to play a fundamental
role in the perception of Al-based conversational interfaces and the establishment of an

emotional connection with it.

1.2.4 Technology-Mediated Consumer Behavior

The ability of Al-based CIs to dynamically interact, recommend options and execute
tasks makes them active partners in the consumption process (Hoffman and Novak 2018;
Melumad et al. 2020). As such, while ClIs are merely a technological medium to complete a
task, the joint activity of conversation is expected to profoundly influence, not only the
perception of the interface, but also resulting relationships with the brand and firms they

represent, as well as downstream consumer behavior.
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As greater levels of relationship closeness and trust have been shown to increasing
cooperation and coordinated social interactions (Géichter, Herrmann, and Thoni 2004;
Rousseau et al. 1998), it is expected that conversational Al will influence consumers’
willingness to collaborate and coordinate activities, allowing CIs to contribute to, or even
take-over decision-processes. Furthermore, research on persuasion suggests that greater
intimacy and affective trust increases people’s susceptibility to influence attempts (Aronson
1999; Cialdini and Sagarin 1994; Finch and Cialdini 1989; Fransen, Smit, and Verlegh 2015;
Goldstein, Cialdini, and Griskevicius 2008; Maner et al. 2002) and elevates persuasion
effectiveness more broadly (Betancourt 1990; Hexmoor, Rahimi, and Chandran 2008). Thus,
not only are consumers likely to allow Cls they trust more to execute certain tasks on their
behalf, but this felt increase in closeness and intimacy can potentially have important
consequences on the persuasiveness of the interface and acceptance of recommendations
made by it. This can be to the benefit of the consumer, as long as his/her preferences are
aligned with those of the firm providing the interface. However, it may be detrimental for
consumers if this increase in affective trust and intimacy is exploited to the benefit of a firm
by guiding them toward choices that, while beneficial to the firm, are sub-optimal, more
costly, or even entirely wrong for the consumer (Melumad et al. 2020).

Taken together, this dissertation leverages a theory of mind perspective to shed light on
the perception of conversational Al and its influence on the emotional and intimate
connection with, and affect-based trust placed in, such interfaces, assessing potential
boundary conditions at the conversational, individual, and task level. Furthermore, the
dissertation explores a broad range of resulting downstream consumer behavior ranging from
more immediate behavior specific to the interaction, such as consumers’ willingness to
delegate tasks (Article IV) or to accept recommendations from the CI (Articles I and III), to
longer term behavior that goes beyond the interaction, such as consumers’ ongoing
commitment to the brand or firm represented by the CI and their willingness to engage with

the CI in the future (Article I, I, and III).
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1.3 Research Strategy

1.3.1 Key Research Objectives

This dissertation aims at shedding light on how interacting with conversational Al
fundamentally shapes consumer decision-making, assessing the underlying psychological
mechanisms influencing the perception of, and relationship with, such interfaces (and the
brands or firms they represent). Furthermore, the dissertation assesses a series of critical
boundary conditions at the interface, individual, and task level and their influence on
technology-mediated consumer behavior. Ultimately, the dissertation aspires to further our
understanding of humanized Al, the important role of consumers’ attribution of a “mind”
toward conversational interfaces, and the downstream impact on consumer trust formation,
brand relationships and consumer choice. The dissertation also leverages and combines novel
methodologies (deep contextual language models) and experimental research designs using
real consumer-CI interactions, to provide theoretically important and practically relevant
insights. Ultimately, this dissertation aims to contribute to an emerging and interdisciplinary
field of research on how humans form relationships with and are influenced by increasingly

humanized Al, focusing on the context of Cls.

1.3.2 Overview of Projects

The dissertation consists of the accumulated research across three empirical paper
projects, as well as one conceptual article. Table 1 provides an overview of the key research
question, methodology, and current publication status for each of the articles, and sections
3.2.1to 3.2.4 present a synthesis of the key findings and implications for each research project

in this dissertation.
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ARTICLE I: Machine Talk: How Conversational Interfaces Promote Brand Intimacy

and Influence Consumer Choice

Research Objective: To provide a rigorous conceptualization and examination of how
specific conversational properties of Al-based Cls influence the perception of the interface
and affect consumer-brand relationships and brand-related behavior.

Key Results: Article I identifies and critically assesses fundamental structural (turn-
taking, turn-initiation) and semantic (grounding) properties of a dialogue as the key drivers
of consumers’ perception of a CI and resulting brand relationships. Converging evidence
from one pilot and four main studies shows that these conversational properties profoundly
impact the perceived humanness of conversational interfaces, which promotes more intimate
consumer-brand relationships, ultimately resulting in more favorable behavioral brand
outcomes (such as greater recommendation acceptance, willingness to pay a price premium,
brand advocacy, and brand loyalty). Moreover, Article I reveals that these effects are
enhanced in contexts requiring greater mutual understanding between the consumer and the
brand.

Implications: Article I highlights how our understanding of fundamental principles of
human-to-human communication can be harnessed to design more relatable Al. Specifically,
the article provides and rigorously tests a theory-driven framework that advances our
understanding of how conversational Al influences the formation of consumer-brand
relationships by leveraging fundamental principles of human communication (turn-taking,
turn-initiation, and grounding). The findings have important practical implications for the
effective design of Al-based Cls that brands can leverage to deliver highly scalable, one-to-
one consumer-brand experiences, nurture consumer-brand relationships, and systematically
influence a broad range of behavioral brand outcomes (from greater recommendation

acceptance to increased brand loyalty).

ARTICLE II: Adaptive Sales Automation: Chatbots as Personalized and Scalable
Sales Agents

Research Objective: To provide a conceptual framework of how Cls can be leveraged

to nurture more personalized consumer-firm relationships and increase sales.
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Key Results: Article 11 provides a conceptual mapping of key design features of Cls
along the customer journey to propose a theory-driven design-framework aimed at
humanizing consumer-CI interactions and better integrating Cls in the sales process. The
article proposes clear strategies how to dynamically adapt relevant CI design features to
specific brand characteristics, customer needs, and buying tasks. The conceptual model is
supported with empirical evidence from two online experiments demonstrating that more
personalized, adaptive Cls increase consumers’ willingness to trade-up to more premium
product options.

Implications: Article 11 outlines important strategies for brand managers and marketing
professionals how to design more effective Cls that can nurture closer consumer-brand
relationships and adapt to specific consumer needs throughout the sales journey. The article
also highlights important implications on sales automation and the effective management of
CIs as an integral part of a firm’s branding ecosystem and sales force, rather than treating Cls

as simple cost-saving tools.

ARTICLE III: Conversational Robo Advisors as Surrogates of Trust: Onboarding

Experience, Firm Perception, and Consumer Financial Decision Making

Research Objective: To provide an industry application of Cls to the financial sector
and examine how automated financial advisory, in which consumers engage in a dynamic,
dialogue-based interaction with a conversational robo advisor as opposed to static, non-
conversational robo advisors, can alter perceptions of affective trust, the evaluation of a

financial services firm, and consumer financial decision making.

Key Results: Article III reveals important consequences of interacting with
conversational Al on human-technology trust formation and investor behavior in the financial
sector. Evidence across four studies demonstrates that conversational robo advisors cause
greater levels of affective trust and a more benevolent evaluation of a financial services firm,
with potentially detrimental consequences to financial investors. Specifically, Article III
shows that, as a result of the greater affective trust in the interface and benevolence
attributions to the firm, investors are more prone to accept objectively wrong portfolio

recommendations and select offers with larger annual management fees.

11
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Implications: Article IlI reveals the potential dark side of designing more relatable Al
and how consumer behavior can be influenced “by design,” leveraging the capacity of these
interfaces to increase affective trust and leading to an implicit assumption that the firm will
act in the consumer’s best interest. The findings presented in Article III highlight important
implications for public policy in the digital economy, suggesting a potentially greater need

for regulation and consumer protection when interacting with CIs in the future.

ARTICLE IV: Conferring Minds to Machines: A Deep Learning Approach to Mind
Perception, Smart Object Relationships, and Task Delegation

Research Objective: To provide a method that can automatically detect differences in
the perception of and relationship with Al-based CIs and assess their influence on

downstream consumer behavior.

Key Results: In Article 1V, a state-of-the-art deep contextual language model is trained
using transfer learning to unobtrusively classify the attribution of a “mind” to a CI from
unsolicited, consumer-generated text. A rich set of interpretable linguistic features is exposed
using manifold methods, demonstrating that the extent of mind perception provides novel
insights into consumer-technology relationships and successfully predicts differences in

consumers’ willingness to delegate a broad set of tasks to it.

Implications: Article IV provides support for theory of mind as an important
determinant of consumers’ perception of, and a central factor in the formation of a
relationship with, conversational Al-enabled devices. Furthermore, the article proposes a
novel approach, leveraging the latest technological innovations in NLP, to uncover and
interpret nuanced linguistic signals of such attributions of a “mind” to Cls in unstructured
text, opening up new avenues to conduct research and develop theory in marketing as well as
providing a novel tool for practitioners to unobtrusively assess interaction experiences with

Cls.

1.4 Contributions and Future Outlook

This dissertation seeks to integrate previously disconnected streams of fundamental

research in psychology, linguistics, and an emerging field of technology-augmented choice,
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providing evidence of how different modalities (natural language, dynamic dialogue) and
modifiers (virtual assistants, sales bots, and robo advisors) can alter consumption experiences
and consumer decision-making (c.f. Melumad et al. 2020). Across the four articles, it
becomes evident that conversational interfaces present a paradigm shift in consumer-
technology relationships. Even though these interfaces act merely as a medium to complete
a task (such as ordering a product, playing music, or signing up to a financial service),
consumers tend to form a relationship with the medium which extends far beyond the medium
itself, and toward the object, brand or firm represented by the medium, with important
consequences on consumer behavior. The four articles highlight important and broad
implications on how to improve consumer experiences on the one side, by making technology
more relatable and understanding, nurture stronger, more trusting consumer-firm
relationships, and enable a better cooperation between consumers and machines. On the other
side, they also reveal a greater need for regulation and consumer protection in order to design
relatable Al that is ethical and protects consumers’ best interests. The present research thus
contributes to an emerging field of research on the psychology of technology and technology-
augmented brand relationships and consumer behavior, and opens up several interesting and

unanswered questions that might inspire future work in this domain.

First, the current dissertation explicitly states that it is agnostic to the modality (written
or spoken) used by the conversational interface, as the fundamental structural and semantic
properties of dialogue explored in the present articles apply to both modalities. Thus, while
the present dissertation looked at both text-based (Articles I, II, and III) and voice-based
(Article I'V) interfaces, it treated them separately, and did not investigate potential differences
driven by the expression modality of these interfaces. Yet, recent research reveals that
expression modality can fundamentally alter perceptions (Schroeder, Kardas, and Epley
2017) and influence preferences (Klesse, Levav, and Goukens 2015). Thus, future research
may further explore potential differences in the mechanism and boundary conditions specific

to the modality of text as opposed to voice-based Cls.

Second, there is potential to extend the present work on designing relatable Al to
contexts beyond marketing, and leveraging the insights to overcome resistance to Al in other
domains (c.f. Dietvorst, Simmons, and Massey 2018; Granulo, Fuchs, and Puntoni 2019;

Longoni, Bonezzi, and Morewedge 2019). Given that some of this resistance may be driven
13
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by people’s lay beliefs about algorithms as cold and distant, designing more relatable Al may
help to overcome some of this resistance by increasing intimacy and affective trust in it and
designing interaction experiences that are more personalized and engaging for users (initial

evidence of this is discussed in the GD of Article I).

Third, there is an opportunity for future work to assess the impact of language cues and
conversational properties and how they may be leveraged by Cls to express specific
“personality traits”. While the present dissertation focuses primarily on conversational
properties that humanize an interaction and linguistic cues that reveal such perceptions of
humanness in these interfaces, the language used by these interfaces may be leveraged in
more nuanced ways to express specific aspects of personality, such as for example
extroversion/introversion (Nass et al. 1995), challenging as opposed to nurturing intentions
(Danescu-Niculescu-Mizil et al. 2012) or reflecting the extent of power of the individual
(Tapus and Mataric 2008). Furthermore, these personality traits may either be designed
consistent with the personality of the brand, or engineered to dynamically adapt to the
consumer interacting with the interface, and are expected to have important consequences on

how consumers relate to and are influenced by Cls.

Finally, thanks to their ability to acquire information about consumers either explicitly,
through the conversational interaction, or unobtrusively by leveraging automated text
analysis (c.f. Berger et al. 2020; Humphreys and Wang 2018), conversational interfaces
provide immense opportunities to dynamically adapt to consumers during an interaction and
deliver more personalized consumer experiences. Leveraging the latest contextual language
models to uncover and interpret nuanced linguistic signals in unstructured text (as presented
in Article IV), opens up new research avenues on how to leverage these state-of-the-art
models not only to gain novel insight into consumer experiences, but to build technology that

can better understand and relate to humans in the future.
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2. ARTICLEI

Bergner, A., Hildebrand, C., and Haubl, G. (under review: third round). Machine Talk: How
Al-Based Conversational Interfaces Enhance Brand Intimacy and Impact Behavioral Brand

Outcomes. Journal of Consumer Research.

Abstract

Al-based conversational interfaces are often thought of merely as tools for service automation
to provide 24/7 customer support. This research shows that such interfaces can also have a
profound impact on consumer-brand relationships. We introduce a conceptual model of
technology-mediated communication that identifies the structural (turn-taking, turn-
initiation) and semantic (grounding) properties of a dialogue as the key drivers of consumers’
perception of an Al-based conversational interface, their perception of the brand that the
interface represents, and their behavior in connection with the brand. Converging evidence
from five studies shows that these conversational properties profoundly impact the perceived
humanness of conversational interfaces, which promotes more intimate consumer-brand
relationships, ultimately resulting in more favorable behavioral brand outcomes (such as
greater recommendation acceptance, willingness to pay a price premium, brand advocacy,
and brand loyalty). Moreover, we show that these effects are enhanced in contexts requiring
greater mutual understanding between the consumer and the brand. This research highlights
how our understanding of fundamental principles of human-to-human communication can be
harnessed to design more relatable Al. The findings presented here have important practical
implications for the design of Al-based conversational interfaces that brands use to interact

with consumers.

Keywords:  Chatbots, Conversational Interfaces, Natural Language Processing, Brand

Intimacy, Consumer-Brand Relationships, Technology-Mediated Branding.
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Machine Talk: How Al-Based Conversational Interfaces Enhance Brand

Intimacy and Impact Behavioral Brand Outcomes

Advances in natural language processing and the increased adoption of messaging
platforms are transforming how consumers interact with brands (BI Intelligence 2016; Dale
2016; Hirschberg and Manning 2015). The use of Al-based conversational interfaces as an
interaction paradigm between consumers and brands has been characterized as the “next
operating system in commerce” (Suri, Elia, and van Hillegersberg 2017; The Economist
2016). Conversational interfaces are becoming an increasingly integral part of brands’ digital
strategies as consumers shy away from traditional websites in favor of more immediate
messenger systems they already use to interact with their friends, and now also with firms
(Heikes 2017). Conversational interfaces (also referred to as “chatbots” or “conversational
AI”) allow brands to engage consumers in an immediate, two-way conversation, and to
provide information about products and services to consumers (Clark 2017). Retailers such
as Sephora have adopted chatbots to provide virtual product consulting, shopping assistance,
and scheduling support for in-store appointments (Johnston Taylor 2016). While recent
industry reports indicate that conversational interfaces are used by at least 25% of all
customer-service and support operations (Gartner 2018), the specific implementation of these
interfaces varies substantially, ranging from the WHO’s simple FAQ bot for accessing health
information to Starbuck’s Barista bot that engages in active, two-way dialogue with the
consumer to take orders or provide recommendations (see Web Appendix Al for additional

examples).

Academic research on Al-based conversational interfaces has been predominantly
concerned with design and technology-related factors. Specifically, the majority of prior
work on conversational interfaces examined how firms might optimize the design features of
conversational interfaces (Landis 2014; Lokman and Zain 2010), factors related to user
perceptions and acceptance (Comendador et al. 2015; Go and Sundar 2019; Hildebrand and
Bergner 2020; Lee et al. 2019; Zarouali et al. 2018), user attitudes (Araujo 2018; Bellur and
Sundar 2017), or how conversational interfaces might learn in an unsupervised fashion
through interactions with a user (Serban et al. 2017). Research on how conversational

interfaces impact consumers’ brand perceptions, how these conversations should be
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“engineered,” and the downstream impact on consumer decision making has been scarce and
primarily focused on the influence of presenting avatars or other visual characteristics of
embodiment on consumers (Bertacchini, Bilotta, and Pantano 2017; Holzwarth, Janiszewski,

and Neumann 2006; Jin and Sung 2010; Wang et al. 2007).

In the current research, we develop a rigorous conceptualization of brands’ Al-based
conversational interfaces integrating prior research on consumer-brand relationships as an
active social process (Brick and Fournier 2017; Fournier 1998; Maclnnis and Folkes 2017,
Thomson 2006) with fundamental principles of human-to-human dialogue (Grice 1975;
Jurafsky and Martin 2017; Searle 1969; Wiemann and Knapp 1975). We introduce a
theoretical framework that characterizes how verbal embodiment of key properties of human
dialogue in a conversational interface influences consumers’ perception of the interface and
of the brand it represents, as well as important downstream behavioral brand outcomes.
According to our theorizing, the structural and semantic properties that govern the process of
a conversation (turn-taking, turn-initiation, and grounding) have a positive impact on the
perceived humanness of a brand’s conversational interface, in turn promoting a more intimate
relationship with the brand, and ultimately causing consumers to engage in more favorable
brand-related behaviors (such as greater brand loyalty, brand advocacy, and a greater

willingness to pay a price premium).

In what follows, we first develop a theoretical framework for understanding how the
nature of a brand’s Al-based conversational interface impacts consumers’ perception of, and
behavior related to, the brand. We then present evidence from five studies that were designed
to test this theorizing. We conclude with a discussion of how this work contributes to the
emerging body of research on technology-mediated consumer-brand interactions, the theory-
driven design of effective conversational interfaces in industry practice, and the broader

implications of the findings for the future of branding and more relatable Al.
Theory and Hypotheses
Verbal Embodiment in Conversational Interfaces

Language is commonly considered “the mark of humanity and sentience” and dialogue
is thought to represent “the most fundamental and specially privileged arena of language”

(Jurafsky and Martin 2017). With the proliferation of Al-based conversational interfaces,
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machines are entering a territory of natural language that was previously exclusive to humans.
Research suggests that human users often fail to realize that a chatbot they are “conversing”
with is not a human (Metz 2020). Based on the concept of an “embodied system” as a
computing interface that mimics a human (Cassell et al. 2000), we posit that a conversational
interface becomes an embodied system by utilizing fundamental principles of human
dialogue. We further propose that such an embodied system operates not through visual
embodiment (i.e., human face and body) but through the embodiment of key properties of

human dialogue.

Conversation is a collective activity in which two interacting parties, instead of merely
issuing utterances independently, must coordinate on both process and content (Clark and
Brennan 1991; Grice 1989). In this research, we focus on the essential properties that shape
the process of a conversational interaction, disregarding any other design aspects of the
interface (e.g., a humanized avatar) or content of the conversation (e.g., emojis, typeface,
formality of the language) that might further influence embodiment (Li, Chan, and Kim
2019). Building on Cassell et al.’s (2000) definition of embodied systems, we conceptualize
“verbal embodiment” in an automated conversational interface as the Al-based system’s act

of mimicking specific properties of human-to-human dialogue.

Human conversation is fundamentally governed by two general principles of process
coordination — (1) how the flow of the conversation is structured between two entities (i.e.,
the amount of turn-taking and how turns are initiated) and (2) the degree to which the
conversation entails semantic grounding in that mutual understanding is expressed and
affirmed as part of the dialogue (see Figure 1 below for a schematic overview of these
structural and semantic properties). These communication principles are what makes
conversations fundamentally social, co-constructed activities (Clark and Brennan 1991; Clark

and Schaefer 1989; Searle 1969).

Turn-Taking. A fundamental property of human-to-human conversations is the notion
of turn-taking — the knowledge of when to speak, and what it means when someone interrupts
or remains silent (op den Akker and Bruijnes 2012), making dialogue a cooperative, social
act (Grice 1975). Turn-taking among humans is universal across languages. It requires

significant cognitive resources, and it stems from a combination of instinctive and learned
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behaviors (Levinson 2016). Infants as young as six months try to mimic structural properties
in a “conversation” even though they do not understand the spoken message content, while
around the age of nine months, turn-taking becomes more synchronized (Levinson 2016).
Hence, rather than simply a question of recognizing and acting on the behavioral cues of
one’s conversational partner, turn-taking is a “truly responsive or co-constructed activity”

(Cassell et al. 2001), reflecting a uniquely human cognitive ability.

Turn-taking has important implications as it helps conversational partners shape their
relationship to one another, as well as define their respective roles during an interaction
(Wiemann and Knapp 1975). For example, Sprecher et al. (2013) demonstrated that following
a turn-taking protocol produces more favorable interpersonal outcomes compared to
conversational partners not engaging in any turn-taking. Specifically, they showed that
participants who disclosed reciprocally, as opposed to through a non-reciprocal monologue,
reported greater liking, closeness, perceived similarity with the conversational partner, and

enjoyment of the interaction.

Prior work on embodied systems also revealed that human users tended to prefer
interfaces that are capable of turn-taking and experienced greater comfort during an
interaction when the interface engaged in more turn-taking (Cassell et al. 2001). Indeed,
research on embodiment in information systems demonstrated that representing the structural
process of a dialogue through embodiment (e.g., using visual feedback such as a nod or eye
contact to give and take turns during a conversation) is more important than the actual display
of emotions (e.g., smiling at the user), and had a greater impact on making the computing
interface appear more human-like and helpful (Cassell and Thorisson 1999). Against this
background, we hypothesize that the capacity of an Al-based conversational interface to
mimic human dialogue through a reciprocal process of turn-taking promotes consumers’

attributions of humanness toward that interface.

Hi: Turn-taking between a consumer and a brand’s Al-based conversational

interface enhances the perceived humanness of the interface.

Turn-Initiation. The second structural aspect of conversational process coordination is
turn-initiation, which is sometimes also referred to as “conversational initiative” (Cassell et

al. 2000; Jurafsky and Martin 2017; Walker and Whittaker 1995). Turn-initiation can be
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thought of as the extent of control that each party has over a conversational interaction that
entails turn-taking. More specifically, if a conversational interface can only directly respond
to a question posed by the user, then the interaction is fully controlled by the user. In human-
to-human dialogue, it is more common for both parties to be able to initiate turns, such as by
answering a question and then immediately initiating a turn by asking a follow-up question

(Jurafsky and Martin 2017).

The ability to initiate turns can also be thought of as reflecting the extent to which a
system can control its own actions, which affects the perceived “socialness” of an interface
(Nagao and Takeuchi 1994) and may foster a sense of cooperation during a conversation.
Turn-initiation is an important design feature of Al-based conversational interfaces and can
range from very low levels (e.g., similar to a FAQ bot, during which the user fully controls
the interaction and the interface only reacts to the input of the user) to high levels (e.g., similar
to a service bot, where the conversational interface guides the interaction through a set of

questions and autonomously responds to user input).

Prior work in social psychology has shown that people who either have, or are at least
perceived as having, greater control over their own actions are not only liked more, but also
tend to be preferred as conversation or interaction partners (Deci and Flaste 1995). Moreover,
recent qualitative work on the reasons why consumers often prefer “smart” products over
traditional, less “intelligent” products (Wiinderlich, Wangenheim, and Bitner 2013) revealed
that, despite a general preference for convenience (Brown 1989; Yale and Venkatesh 1986),
a key driver of consumer preference for smart products is that they adapt themselves to the
human user (instead of requiring the user to adapt to the system), creating the perception of

a more cooperative relationship between the consumer and the product.

As human-to-human dialogue generally allows for both parties to initiate turns during
a conversation, we hypothesize that the capacity of a brand’s Al-based conversational
interface to initiate a turn during an interaction process that entails turn-taking promotes

consumers’ attributions of greater humanness to that interface.

H,: Turn-initiation by a brand’s Al-based conversational interface enhances the

perceived humanness of the interface.
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Grounding. While turn-taking and turn-initiation facilitate the structural organization
of a conversation, grounding further enhances this process by adding signals of mutual
understanding to individual turns (Clark and Brennan 1991). Grounding is the act of
establishing a “common ground” by acknowledging that the listener has understood the
speaker (Jurafsky and Martin 2017) through both verbal (e.g., “okay”) and non-verbal (e.g.,
nodding or eye-movement) acknowledgements (see Richardson and Dale 2004). Verbal
acknowledgements can be made more explicit by repeating or paraphrasing what the speaker
has said (Mclnnes and Attwater 2004). Thus, verbal grounding does not add new content to
a conversation but it is a semantic mechanism to acknowledge that the listener has received
and understood the speaker’s contribution to the conversation. By grounding each other’s
contributions, conversational responses become interconnected and contingent on what has
been said previously (Sundar, Qian, and Bellur 2010), a key characteristic of human discourse

(Ghose and Barua 2013).

Moreover, the act of grounding a message by acknowledging or paraphrasing it
confirms to the speaker that the other party is actively listening to what s/he is saying. Active
listening has been shown to be an important communication skill during initial interactions,
suggesting that the other party is interested in, and paying attention to, what is being said, and
thus fostering the impression of mutual understanding (Weger et al. 2014). These attributions
can have important consequences for the relationship perception of the interacting parties.
For instance, Ramsey and Sohi (1997) found that customers’ perception of a salesperson’s
listening behavior played an important role in trust formation and as an antecedent of
consumers’ inclination to interact with the same salesperson again in the future. Thus, we
hypothesize that, in the context of a brand’s conversational interface, grounding leads to

greater attributions of humanness to that interface.

Hs;:  Grounding between a brand’s Al-based conversational interface and a

consumer enhances the perceived humanness of the interface.

Figure 1 provides a schematic overview of the structural (turn-taking and turn-
initiation) and semantic (grounding) properties that define the conversational process during

a consumer-brand interaction mediated by an Al-based conversational interface.
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Figure 2-1: Key conceptual properties of Al-based conversational interfaces

Leveraging Turn-Taking, Turn-Initiation, and Grounding to Enhance Brand Intimacy

In human-to-human relationships, the formation of intimacy is a critical social process
that serves as a foundation for a sense of mutual understanding between two entities (Reis &
Shaver, 1988; Clark & Reis, 1988). The fact that greater intimacy in relationships is often
characterized by more extensive self-disclosure (Sprecher and Hendrick 2004) and
reciprocity (McAdams, Jackson, and Kirshnit 1984) supports the idea that intimacy is closely
associated with the formation and deepening of interpersonal connections (Reis and Shaver
1988). Thus, intimacy includes, among other things, a concern for the welfare of, high regard
for, and intimate communication with, the other entity (Sternberg and Grajek 1984).
Moreover, it is a critical antecedent of attachment to another entity (Baumeister and Leary
1995; Deci and Ryan 2000; La Guardia et al. 2000) and of commitment to a relationship
(Gilbert 1976).

In her seminal work on brands as relationship partners, Fournier (1998) proposed that
consumer-brand relationships are based on similar social processes as interpersonal
relationships. Thus, the perceived intimacy with a brand is reflected in the apparent closeness

and extent of mutual understanding between the consumer and the brand (Thorbjernsen et al.
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2002), and it has been shown to be an important antecedent of other brand-related outcomes
such as brand love (Carroll and Ahuvia 2006; Rauschnabel and Ahuvia 2014) and brand
attachment (Thomson, MacInnis, and Park 2005b). The construct of brand intimacy captures
the degree to which consumers experience a (developing) bond with the brand and feel that
the brand understands and cares about them (Thorbjernsen et al. 2002). Thus, whereas the
focus of other brand-related constructs such as self-brand connection or brand attachment is
on the extent to which the brand is part of a consumer’s sense of “self” or expresses who they
are (Escalas 2004; Park et al. 2010), brand intimacy specifically refers to the extent of
understanding between the consumer and the brand (Fournier 1998), as perceived by the
consumer, which results in the consumer feeling cared about and validated by the brand

(Natarelli and Plapler 2017; Thorbjernsen et al. 2002).

Based on this prior work in domains ranging from interpersonal relationships to
branding, as well as recent research showing that embodied gestures can lead to more
intimacy with a brand (Hadi and Valenzuela 2014), we propose that verbal embodiment is a
key mechanism through which a brand’s Al-based conversational interface can establish a
closer connection with the consumer. Specifically, turn-taking in a conversation signals
cooperation and serves as the basic requirement for a dynamic interaction between two (or
more) parties. Turn-taking without turn-initiation implies a one-sided dialogue, whereas turn-
initiation further signals active participation by the other party. Verbal grounding entails
references to the content of previous turns and thus enhances mutual understanding by
establishing connections among individual turns. These verbal embodiments in a brand’s
conversational interface should facilitate the development of a deeper bond between the
consumer and the brand. Thus, we hypothesize that interactions with an Al-based interface
that is perceived as more human-like, as a result of its ability to take and initiate turns and to
increase mutual understanding through grounding, promote more intimate consumer-brand

relationships.

H4:  The perceived humanness of a brand’s Al-based conversational interface has a

positive effect on consumers’ experienced brand intimacy.
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The Impact of Enhanced Brand Intimacy on Behavioral Brand Outcomes

Greater intimacy in human-to-human relationships is a key driver of interpersonal
influence (Cialdini and Sagarin 1994; Finch and Cialdini 1989; Goldstein et al. 2008; Maner
et al. 2002). That is, we are more likely to comply with requests of individuals we like and
feel close to. Work by Holzwarth, Janiszewski, and Neumann (2006) suggests that a similar
phenomenon might occur when humans interact with humanized avatars. Their findings
demonstrate that the mere presence of such avatars can help reduce the impersonal nature of
web-based shopping interfaces, and that the personality and attractiveness of the avatar can
further influence the persuasiveness of its messages. Related work by Gong (2008) suggests
that maximizing the human appearance of an interface can increase users’ willingness to
comply with requests. Although the psychological mechanisms underlying these phenomena
have not been fully unveiled, the observed effects do suggest the possibility that perceptions
of the humanness of conversational interfaces might, via feelings of intimacy with the brands

they represent, affect behavioral brand outcomes.

Thus, we hypothesize that the level of brand intimacy that consumers perceive as a
consequence of interacting with a brand via its Al-based conversational interface has a
positive impact on key behavioral outcomes that are desirable from the brand’s perspective.
The brand-related behaviors that we examine in this research range from ones that are specific
to the transaction that is the focus of the interaction — consumers’ acceptance of a
recommendation made by the brand and their willingness to pay a price premium for the
brand’s offerings — to behaviors that go beyond the current transaction — consumers’ enduring
commitment to the brand in the form of brand advocacy and their intention to engage in future

transactions (i.e., brand loyalty).

Hs:  Greater brand intimacy has a positive effect on consumers’ (1) inclination to
accept brand recommendations, (2) willingness to pay a price premium for the
brand’s products, (3) motivation to advocate the brand to others, and (4) brand

loyalty.
The Moderating Role of Context-Specific Need for Mutual Understanding

Against the background of our conceptualization of brand intimacy as a co-created

social construct, we propose that not all contexts are equally conducive to consumers
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developing such a sense of intimacy based on their interactions with a brand. In particular,
the settings where consumer-brand interaction occurs differ in the extent to which a deep,
nuanced understanding of the other party is necessary for such an interaction to result in a
mutually satisfying outcome. Similar to the signaling of credibility to reduce consumer
uncertainty (Erdem and Swait 1998), a brand may wish to signal that it is motivated to
understand individual consumers, particularly under some market conditions. Product choice
settings that are inherently more complex due to a greater number of options tend to require
a higher level of mutual understanding between a brand (with an expansive array of product
offerings) and a consumer (with an idiosyncratic preference; see Dellaert and Stremersch
2005; Hildebrand, Haubl, and Herrmann 2014). For instance, configuring one’s preferred
type of latte from an extensive, complex menu of options at a high-end espresso shop can
require a significant amount of understanding between the vendor and the consumer in order
to establish a match between the consumer’s idiosyncratic preference and what the vendor
might be able to produce, whereas picking up a standard cup of black coffee at a gas station

typically does not.

We theorize that this characteristic of the context in which consumer-brand interaction
takes place is a key moderator of the mechanism through which the nature of the interface
that the brand provides for this interaction shapes the consumer-brand relationship.
Specifically, we hypothesize that the conversational properties of a brand’s Al-based
customer interface tend to have a more pronounced impact on the consumer’s experience of
brand intimacy in settings where the need for mutual understanding between the brand and

the consumer is greater.

H¢: The positive effects of the conversational properties of a brand’s Al-based
customer interface on brand intimacy are amplified in settings that require

higher levels of mutual understanding.

The conceptual model shown in Figure 2 provides a concise, high-level summary of

our theorizing by depicting the hypothesized relationships among the key constructs.
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Figure 2-2: Conceptual model

Overview of Studies & Experimental Setting

We present evidence from a pilot study and four main studies that were designed to
test our theorizing. The pilot study shows that conversational interfaces are perceived as
significantly more human-like than functionally equivalent non-conversational interfaces
(i.e., traditional websites), and that they can increase consumers’ willingness to pay for a
product. Studies 1 to 4 focus on the effects of specific interface properties within Al-based
conversational interfaces and on how they shape consumer-brand relationships. Studies 1 and
2 show that the properties of turn-taking and turn-initiation are critical to enhancing the
perceived humanness of a brand’s interface, and that greater interface humanness in turn
increases perceived brand intimacy (Study 2). Study 3 demonstrates that, in addition to the
structural aspects of turn-taking and turn-initiation (Studies 1 and 2), the semantic aspects of
the conversation in the form of acts of grounding also enhance the perceived humanness of a
brand’s interface. Study 4 shows that the positive effects of the conversational properties of
a brand’s Al-based interface on brand intimacy are amplified in settings that require higher
levels of mutual understanding. Finally, across studies, the results also demonstrate that the
increase in brand intimacy caused by the conversational properties of Al-based interfaces has
significant brand-specific downstream consequences (increased recommendation acceptance,

willingness to pay a price premium, brand advocacy, and brand loyalty).

In all experiments, we used custom-developed conversational interfaces to ensure
maximal experimental control and a realistic study setting involving actual behavior to isolate
the proposed effects of both structural (turn-taking, turn-initiation) and semantic (grounding)

properties governing the interaction process. As illustrated in the Web Appendix (see Figure
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A2.1 inthe Web Appendix), we performed regular expression matching to validate the natural
language input provided by users across all our studies and ensure both high data quality and
realism across experiments (i.e., avoiding that participants can input any data that would be
invalid, given a question posed by the conversational interface). All data streams were stored
and merged on a separate web server for final analyses. The experimental setup is illustrated

and described further in the Web Appendix.
Pilot Study

We conducted a pilot study to assess whether interacting with a conversational
interface as opposed to a non-conversational interface leads to different attributions of
human-likeness and the downstream consequences for consumers. This pilot study is based
on a field experiment in the fashion industry aimed at testing whether conversational as
opposed to non-conversational interfaces impact consumers’ valuation of a target product

conditional on the type of interface used to customize this target product.

Design and Procedure. We designed a field experiment around a fictional dress shirt
startup called “SwissThread.” Participants were led to believe that they were participating in
the company’s pre-launch market test. A booth was set-up in the public area of a major Swiss
University, including branded banners with SwissThread’s logo and a call for participation
in a market test. Participants were approached and asked if they would be willing to
participate in exchange to win a dress shirt of their preferred design. Those participants who
agreed were randomly assigned to either a conversational interface or a non-conversational
interface condition (see Figure 3) and given a tablet device to customize a shirt. Each
participant was led through the shirt customization process, answering questions on their
body type, preference for shirt fit, hair and eye color, along with the customization of their
preferred shirt type, color, and style before receiving a recommended shirt option (see Web
Appendix A3.1 for details). All questions were identical and presented in the same order in
both interface conditions. As shown in Figure 3, in the conversational interface condition, the
participants were led through the questions by a conversational interface as if they were
having a messenger-based conversation with the brand (right image), while in the non-
conversational condition, participants were led through the questions in a standard

questionnaire format on a traditional website (left image). In both conditions, participants
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indicated their answers to each question by selecting from the options provided by the
interface. A total of 252 males at a major Swiss university participated in this field
experiment. Six participants who clearly did not understand the study instructions were

removed, leaving 246 participants for the analyses.

Non-Conversational Conversational
Interface Interface
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Figure 2-3: Interface conditions in the field experiment

Measures. We used a Vickrey auction (Noussair, Robin, and Ruffieux 2004)
immediately after the shirt customization task to assess differences in product valuation
(sealed bid auction; highest bidder wins and price paid is the second-highest bid).
Specifically, participants were asked to provide a bid amount on their customized shirt for a
chance to win it. Bids were submitted in Swiss Francs. After that, participants rated the
perceived humanness of the interface (single-item based on Rijsdijk, Hultink, and

Diamantopoulos (2007), “How human did you perceive this interface to be?,” 5-point scale).

Results. In line with our theorizing, the conversational interface was perceived as

significantly more human-like compared to the non-conversational interface (Mcony = 3.47,
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Mnonconv = 2.86; F(1, 244) = 20.41, p = .001, n?> =.08). Furthermore, participants in the
conversational interface condition also bid a marginally higher price for their preferred shirt
compared to the non-conversational interface condition (Mcony = CHF 38.37, MnNonconv = CHF
34.02; F(1,244)=1.739, p = .083, 1> = .01). To further assess our theorizing, we estimated
a simple mediation model (5000 bootstrap samples) with the interface manipulation as the
independent, perceived humanness as the mediator, and consumers’ bid amount as the
dependent variable. Mirroring the main effect findings, the conversational interface led to a
significant increase in perceived humanness (Bcondition = .61, £ = 4.52, p < .001) and greater
perceived humanness led to a significant increase bid amount (Bruman = 3.37, t = 2.863, p <
.01), switching off the effect of the experimental manipulation (p = .37) and leading to a
significant indirect effect with a confidence interval excluding zero (Bndirect = 2.04, 95% CI:

[.45; 3.98]), indicating full mediation.

Discussion. The findings of this pilot field study demonstrate that conversational as
opposed to non-conversational interfaces cause consumers to attribute significantly greater
levels of human-likeness and subsequently greater willingness to pay for the same branded
product. However, the key question is to which extent these findings are driven by the
mechanism of the underlying conversational properties of the interface (such as the extent of
turn-taking, turn-initiation, or grounding). In what follows, we isolate these conversational
properties to test our theorizing on how conversational interfaces impact consumer-brand

relationships.
Study 1

Study 1 examined the impact of the two key structural properties of a brand’s Al-based
conversational interface — turn-taking between the consumer and the interface and turn-
initiation by the interface — on the perceived humanness of that interface. Based on our
theorizing, both the ability to take turns during the interaction with the interface (H) and the
interface’s ability to autonomously initiate a turn (Hz) should increase the perceived

humanness of the interface.

Design and Procedure. A total of 226 consumers from MTurk participated in this
study (Mage = 30.89, SDage = 15.00; 59% females). They were randomly assigned to a 2

(presence vs. absence of turn-taking) x 2 (presence vs. absence of turn-initiation) between-
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subjects experimental design. Participants were invited to take part in a study on consumer
design preferences and informed that they would be interacting with an automated
conversational interface. We created a fictitious design brand called “Al.Design” and
participants were led to believe that the purpose of the study was to better understand
consumers’ design preferences for everyday objects. Next, participants completed a simple
design task in which they chose between one of three feature levels for each of eight design
features (e.g., geometric shape, fill pattern, line pattern, ornaments etc.; see Web Appendix

A3.2 for details).

In the conditions with turn-taking, the interface first provided participants all three
feature levels and then asked participants to indicate their preferred feature level by typing
their answer into the chat console at the bottom of the interface. After participants provided
their answer, the system went on with the next feature and continued sequentially until all
feature-levels were specified. In the conditions without turn-taking, the interface provided
identical features and feature-levels in exactly the same order but all options were presented
simultaneously. After the interface presented all features and feature levels, participants then

specified their preferred feature level by typing their answer into the chat console.

The turn-initiation manipulation was conducted as follows. In the turn-initiation
present condition, the interface directly performed the next question in the sequence of feature
level evaluations, thus playing an active role in the interaction. By contrast, in the turn-
initiation absent condition, the interface had a passive role and participants controlled the
flow of the interaction through clicking on a “Next” button to see the next feature and
corresponding feature levels. Note that this manipulation did not affect participants’ input to
the design question, and they were not able to select a different option once they had made a

selection and before clicking on the “Next” button.

Measures. Immediately after participants completed the design task, we assessed the
perceived humanness of the interface (Rijsdijk et al. 2007) using four items ( “This
configuration system ...has human properties, ...is like a person, ...behaves like a human
being, ...has its own character”, 7-point Likert scale, from 1:“I do not agree at all” to 7:“1
fully agree”; onuman = .96; see Web Appendix AS5.1). Next, we used a qualitative, open

response technique to assess consumers’ spontaneous brand-related thoughts. Participants
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first wrote down their spontaneous thoughts or feelings related to the “Al.Design” brand and
then evaluated the valence of each of these thoughts as negative (coded as -1), neutral (coded
as 0), or positive (coded as 1). In the following analyses, all text entries of the thought-listing
task were concatenated into a single text vector. We used the AFINN lexicon (Nielsen 2011)
for all subsequent sentiment analyses to evaluate consumers’ brand sentiment conditional on

our experimental manipulations.

Results. In support of our theorizing, we find that both turn-taking (Hi) and the
interface’s ability to initiate turns in a conversation (H») significantly influenced how
participants perceived the interface. As illustrated in Figure 4, turn-taking significantly
increased perceived humanness (MtumTaking Present = 4.28, MTumTaking Absent = 3.52; F(2, 222) =
10.561, p < .01, n?=.05). Furthermore, turn-initiation by the system further increased the
level of perceived humanness (Mtumnitiation Present= 4.15, MTuminitiation Absent = 3.68; F(2, 222) =
4.137, p < .05, n?> = .02). The interaction between the two factors was non-significant (F(1,
222) = 0.06, p > .80), indicating that both properties act as independent forces to increase

consumers’ perception of humanness.
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Figure 2-4: Turn-taking and turn-initiation as drivers of humanness perceptions
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Next, we further explored participants’ spontaneous thoughts about the “Al.Design”
brand. In line with our theorizing and mirroring the effects on perceived humanness, both
turn-taking (MrtumTaking Present = 2.64, MTumTaking Absent = 0.53; F(2, 222) = 15.522, p < .001,
n? = .06). and turn-initiation (MTyminitiation_Present = 2.47, MTuminitiation Absent = 0.76; F(2, 222) =
10.202, p < .01, n?>=.04) led to significantly more positive brand sentiment, while the
interaction between the two factors was non-significant (£(2, 222) =0.212, p = .64),

To further illustrate the pattern of results based on consumers expressed brand
sentiment, Figure 5 shows the relationship between perceived humanness and brand
sentiment across each experimental condition. Each observation is further color-coded based
on the corresponding sentiment score (using the AFINN lexicon, see method section) and the
most frequent sentiment for each data point (i.e., participant). These findings illustrate that
greater perceived humanness is associated with a more positive brand sentiment and that the

greatest density of positively valenced brand sentiment occurs under conditions of turn-taking

and turn-initiation.
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Figure 2-5: Brand sentiment as a function of perceived interface humanness
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Mediation Analysis. We estimated a mediation model with 5000 bootstrap samples
contrasting the interface with both turn-taking and turn-initiation versus all other conditions.
Perceived interface humanness served as the mediator and brand sentiment as the dependent
variable. This analysis revealed a significant indirect effect (Bindirect =.90, 95% CI:
[.31; 1.55]), indicating that the conversational properties of a brand’s Al-based interface

enhance brand sentiment via an increase in the perceived humanness of the interface.

Discussion. The findings of this study provide evidence of the critical role of turn-
taking and turn-initiation in promoting greater perceptions of interface humanness and more
positive brand sentiment. Specifically, the results suggest that consumers not only perceive
the interface to possess more human characteristics under the presence (vs. absence) of turn-
taking and turn-initiation, but that they also perceive the brand more positively, as reflected
in a greater range of more positively-valenced brand sentiments (such as being fun, pleasant,

and caring).
Study 2

Study 2 was designed with three key objectives in mind. First, while Study 1 used a
qualitative measure to assess consumers’ relationship with and perceptions of the brand (i.e.,
brand sentiment based on a thought-listing task), Study 2 provides a direct test of our
hypothesis that turn-taking enhances consumers’ experienced brand intimacy (Hs). Second,
the current study was designed to further explore whether conversational interfaces also
change consumer choice more directly, testing whether consumers accept a recommendation
received during a shopping task. Third, we further assess whether the current effects are
explained by a mere novelty effect, differences in ease-of-use perceptions, or task

engagement.

Design and Procedure. All methods and statistical analyses for this study were pre-
registered  (https://aspredicted.org/blind.php?x=jf9ti7). A total of 391 consumers
(Mage=31.17, SDage=11.51; 64% females), recruited through Prolific Academic,

completed the study. They were randomly assigned to a turn-taking present or turn-taking
absent conversational interface condition (see Web Appendix A2.2 for screen shots).
Participants’ task was to specify a dress shirt as in the Pilot Study (using the same set of

profiling questions, including questions about their body type, preferred shirt fit, eye and hair
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color, and style preferences, see Web Appendix A3.1). In the interface condition employing
turn-taking, participants sequentially specified their answer taking one turn after the other
whereas participants in the interface condition without turn-taking were asked all five
profiling questions before indicating their preferred options. In both conditions the interface
was able to initiate turns and participants were explicitly informed that they are interacting

with an automated conversational interface.

After the profiling was completed, the interface recommended a shirt in a specific style
and color to the participant, which they could either accept or reject and choose a different
style from a set of available options (see Web Appendix 3.1). On completion of the shopping
task, participants rated the perceived humanness of the system using the same four items as
in Study 1 (Ohuman = .93, Web Appendix AS5.1) and indicated how intimately they felt
connected to the brand using three items (Thorbjernsen et al., 2002: “I feel like SwissThread
really cares about me”, “SwissThread really listens to what I have to say”, “I feel as though
SwissThread really understands me”, 1 = “I do not agree at all” to 7 = “I fully agree”;
OBrandintimacy = -90, see Web Appendix AS5.2). Finally, to rule out that the current effects can
be explained by a novelty effect or the interface being easier to use or greater task
involvement, we assessed the perceived novelty when using the interface (Guiry, Mégi, and
Lutz 2006; sample item: “The system offers novel experiences.”, onovely= .88), task
involvement (Escalas, Moore, and Edell 2004; sample item: “The system really intrigued
me.”, dinvolvement= .90), and ease of use (Keller and Block 1997; sample item (reverse coded):
“The system required a lot of effort.”, arase= .86). Details on all scale items can be found in

Web Appendix A5.5-5.7.

Manipulation Check. At the end of the study, we assessed the effectiveness of the
manipulation by asking participants to rate the perceived extent of turn-taking with the
interface (adapted from Song and Zinkhan 2008; sample item: “The system facilitated a two-
way conversation.”, OrumTaking= .90, see Web Appendix A5.3). Supporting the effectiveness
of the manipulation, the interface manipulation had a significant effect on the perception of
turn-taking (MrumTaking Present = 4.44, MTumTaking Absent = 3.82; F(1, 389) = 16.87, p < .001,
n?=.04).
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Results

Interface Humanness. In line with our prediction (H1) and replicating the results from
Study 1, participants perceived a conversational interface with turn-taking as significantly
more human-like compared to the interface without turn-taking (MtumTaking Present = 4.59,

MTumTaking_Absent = 3.73; F(l, 389) = 30.62,p < .001, nz = .07).

Brand Intimacy. Furthermore, we also find that consumers experienced a significantly
more intimate relationship with the brand in the turn-taking condition compared to the no
turn-taking condition (MtumTaking Present = 4.52, MTumTaking Absent = 3.94; F(1, 389) = 13.62,
p <.001, n?=.03). Consistent with our theorizing (Hs), a mediation model with 5000
bootstrap samples confirmed that the effect on greater perceptions of brand intimacy was
significantly mediated by the greater perception of humanness of the interface (Bindirect = .66,
95% CI: [.42; .90]), rendering the residual direct effect non-significant (p = .49) and thus

indicating full mediation.

Recommendation Acceptance. Next, we estimated a generalized linear model with a
logistic link function to assess the effect of the experimental manipulation on consumers’
decision to accept the recommended shirt option. Mirroring the findings on brand intimacy
and perceptions of humanness, participants in the turn-taking present (vs. absent) condition
were significantly more likely to accept the recommended shirt at the end of the shopping

task (PTurnTaking_Present: 576%, PTurnTaking_Absent= 372%, z= 401, p< 001)

Sequential Mediation. As a more direct test of our theorizing, we estimated a
sequential mediation model (5000 bootstrap samples). The interface manipulation was the
independent variable, perceived humanness and brand intimacy were the proximal and distal
sequential mediators, respectively, and acceptance of the recommended product was the
dependent variable. The results (see Figure 6) show that, in support of our theorizing, the
positive effect of turn-taking on recommendation acceptance was sequentially mediated by
greater perceived interface humanness and increased brand intimacy (Bindirect = .17, 95% CI:
[.03; .35]). The two alternative, non-sequential mediational pathways were both non-
significant with a CI including zero, while the residual direct effect of turn-taking on

recommendation acceptance remained significant, indicating partial mediation.
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The density plots shown in Figure 7 further illustrate that the probability mass of

recommendation acceptance is shifted toward higher levels of perceived interface humanness

and brand intimacy in the turn-taking present compared to the turn-taking absent conditions.
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Figure 2-7: Recommendation acceptance as a function of interface humanness and brand

intimacy

Robustness Tests. Next, we performed a series of robustness tests to further assess

whether the effects of turn-taking on brand intimacy are explained by a mere novelty effect,

differences in ease-of-use perceptions, or task engagement. We found that the turn-taking

manipulation also had a significant impact on ease of use (MrtumTaking Present = 5.03,
M rumTaking Absent = 4.34; F(1, 389) = 26.68, p < .001, n? = .06), novelty (MumTaking Present =
4.76, MTumTaking Absent = 4.38; F(1, 389) = 6.11, p < .05, n?>=.02), and task involvement
(MrumTaking Present = 4.16, MumTaking Absent = 3.78; F(1,389)=4.87, p < .05, = .02). However,
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supporting the robustness of our theorizing, the effect of turn-taking on perceived interface
humanness remained significant even after controlling for these three variables (#(386) =
4.617, p <.001). The same was true for the effect of interface humanness on brand intimacy
(1(386) = 14.624, p < .001). We also assessed the robustness of the humanness mechanism
using a series of Davidson-MacKinnon tests for non-nested models (Davidson and
MacKinnon 1981). If ease of use, novelty, and involvement were sufficient to explain the
increase in brand intimacy, then including the fitted values of the model testing humanness
perceptions should provide no significant improvement in explanatory power. However, if
adding the fitted values of humanness perception did improve prediction accuracy, we can
conclude that the alternative mechanism model does not contain the correct set of regressors
to predict brand intimacy (see also Greene 1993). While including the fitted values of ease of
use, involvement, and novelty in the perceived humanness model revealed a significant
improvement in model fit (Oxumannessmodel + Fitted(AlternativeModel), £ = 8.345, p <.001), we
found a comparatively stronger, significant improvement when accounting for the fitted
values of the humanness mechanism in the alternative mechanism model (OaitemativeModel +
Fitted(HumannessModel), 1 = 14.624, p < .001), thus supporting the importance of perceived
interface humanness as a key mechanism to explain the increase in brand intimacy. Finally,
we also controlled for the possibility that different consumer groups may be affected
differently by the two interface conditions. In short, we found that all of the reported effects
remained significant and were neither moderated by differences in participants’ age (all p
values > .64) or gender (all p values > .13), suggesting that the effect is robust across a broad

range of consumer demographics.

Discussion. The results of Study 2 demonstrate the pivotal role of turn-taking in the
ability of a brand’s Al-based conversational interface to promote perceptions of humanness
and foster intimate consumer-brand relationships, and influence consumer choice. In
addition, they rule out potential alternative mechanisms via novelty perceptions, task

involvement, or ease of use.
Study 3

One hallmark of human communication and effective conversations is the signaling of

mutual understanding through conversational grounding. One objective of Study 3 was to
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examine whether semantic grounding affects perceptions of humanness and brand intimacy
above and beyond turn-taking. In addition, this study was designed to provide further insight
into the downstream consequences of interacting with a brand’s Al-based conversational
interface on brand-related behaviors, especially those related to future commitment to the
brand (such as brand loyalty or consumers’ willingness advocate the brand to other

consumers).

Design and Procedure. All methods and statistical analyses for this study were pre-
registered (https://aspredicted.org/blind.php?x=978y5t). A total of 585 participants
(Mage =31.95, SDage=11.28; 45% females), recruited through Prolific Academic,

completed the study. They were randomly assigned to one of three interface conditions —
baseline, turn-taking only, or turn-taking plus grounding (see Web Appendix A2.3 for screen
shots). (An orthogonal manipulation of turn-taking and grounding in a full-factorial design
was not possible since turn-taking is a prerequisite for grounding; Jurafsky and Martin 2019,
see also Figure 1 for an illustration of the key conceptual properties). In all three conditions,
participants were explicitly told that they are interacting with an automated conversational
interface. They answered the same set of profiling questions as in Study 2, including
questions about their body type, preferred shirt fit, eye and hair color, and style preferences
(see Web Appendix A3.1 for details). In the interface conditions employing turn-taking, the
interface asked one profiling question and only moved on to the next question after
participants provided their answer, while in the interface condition without turn-taking, the
system asked the same questions in the same order but all questions were presented
simultaneously. Building on prior work on dialogue systems by Jurafsky and Martin (2017),
we manipulated conversational grounding as follows. First, we used trivial
acknowledgements signaling understanding after receiving a user input (such as “Got it,
thanks!”). Second, we used paraphrasing and repeating back the user input to further
strengthen the signal of the interface that it has received and recorded the user input. For
example, if the user answered “slim” to the interfaces question of “Which shirt style do you
prefer?”, the interface would record the user input and repeat it back by saying “Good to
know you prefer a slim shirt fit”. These semantic properties did not alter turn-taking as they

did not warrant a response from the user. Otherwise, the content and sequence of questions
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was identical across conditions and mirrored the experimental paradigm and procedures used

in Study 2.

As in Study 2, we measured the perceived humanness of the interface (ohuman = .93)
and brand intimacy (0Brandintimacy = -90) using the same scales. Next, we measured consumers’
willingness to pay a price premium based on four items (Jones, Taylor, and Bansal 2008;
sample item: “I am likely to pay a little more for SwissThread”; opaypremium = .91) and
willingness to advocate the brand to others using three items (Maxham and Netemeyer 2003;
sample item: “I would recommend SwissThread as a shirt brand to my friends”; orecommendintent
=.96). Finally, we assessed participants’ loyalty intention based on four items (adapted from
Xiaoyun Han, Kwortnik, and Chunxiao Wang, 2008; sample item: “I’d like to continue using
SwissThread in the future”; dpurchaseintent = .96). In addition to our primary dependent variables,
we also measured consumers’ brand rating using a single response item (“We will post a
review of the customer experience people had with this customer service on a separate,
crowd-sourced customer review platform. Please provide a star rating of the services below”;

5-point scale). (Details on all the scales can be found in Web Appendix A5.8-5.11.)
Pretest

To assess the effectiveness of the experimental manipulation, we conducted a pretest
with 302 participants from the same population and using the same selection criteria as in the
main study. Participants were randomly assigned to one of three conditions (same as in our
main study). Specifically, they either interacted with a conversational interface with neither
turn-taking nor grounding (baseline), a conversational interface with turn-taking but no
grounding, or a conversational interface with both turn-taking and semantic grounding. In all
three conditions, participants answered the same set of profiling questions as in the main
study, including questions about their body type, preferred shirt fit, eye and hair color, and
style preferences. Immediately after the interaction, we measured participants’ perceived
degree of grounding (adapted from Pierre and David 2006; sample item: “The system
provided feedback of having perceived my input”, 0Grounding= .90, see Web Appendix A5.4).
Supporting the effectiveness of our manipulation, the interface condition had a significant
effect on the perception of grounding (F(2, 299) = 35.07, p < .001, n? =.02). Follow-up

contrasts with Tukey HSD correction confirmed that the interface condition with grounding
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was perceived as significantly greater in grounding compared to both the turn-taking without
grounding condition and relative to baseline (MTumTaking GroundingPresent = 6. 18, MBaseline = 4.87;
#(299) =7.494, p <.001; MTumTaking GroundingAbsent = 5.03; #(299) = 6.890, p <.001), while there
was no difference in perceived grounding between turn-taking without grounding and

baseline conditions (p = .64), supporting the effectiveness of the experimental manipulation.
Results

Perceived Interface Humanness. A one-way ANOVA with perceptions of humanness
as the dependent variable revealed a significant overall effect of interface type (F(2, 582) =
17.78, p < .001, n?> = .06; see Figure 8). In line with our theorizing (Hs), planned contrasts
comparing the turn-taking with vs. without grounding conditions revealed a significant
positive effect of grounding on the perceived humanness of the interface
(MTumTaking GroundingPresent = 4.53, MTumTaking GroundingAbsent = 4.20, #(582) = 2.165, p < .05).
Moreover, each of the two turn-taking conditions yielded greater perceived interface

humanness than the baseline condition (Mgaseline = 3.61; both p values <.001).

Brand Intimacy. The type of interface also had a significant overall effect on
perceptions of brand intimacy (F(2, 582) = 6.912, p < .01, n>=.02). Planned contrasts
revealed that brand intimacy was significantly higher in the turn-taking and grounding present
condition than in the two other conditions (#(1, 582) =2.041, p <.05). There was no difference
in brand intimacy between the turn-taking with vs. without grounding conditions
(M TumTaking GroundingPresent = 4.36, MTumTaking Groundingabsent = 4.33, p = .85). However, as a
conceptual replication of our key earlier finding, brand intimacy was significantly greater in
the two turn-taking conditions compared to baseline (Mgascline = 3.84, #(582) = 3.714, p <
.001). These findings suggest that even though grounding enhances perceived interface
humanness, it does not appear to further promote feelings of brand intimacy (above and

beyond the effect of turn-taking).
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Figure 2-8: Impact of turn-taking and grounding on interface humanness and brand
intimacy

Mediation Analysis. We estimated a mediation model (5000 bootstrap samples) where
the independent variable was turn-taking (binary coding: conditions with and without
grounding combined vs. baseline), brand intimacy was the dependent variable, and perceived
interface humanness was the mediator. Corroborating the results of Study 2, the positive
effect of turn-taking (both with and without grounding) compared to baseline on brand
intimacy (B=.50, t=3.714, p <.001) was significantly mediated by enhanced perceptions of
interface humanness (B =.76, t = 5.589, p <.001), which in turn led to an increase in brand
intimacy (B=.74,t=27.117, p <.001), rendering the residual direct effect of turn-taking on
brand intimacy non-significant (3= -.06, = .656, p = .512) and thus indicating full mediation
(Bindirect = .56, 95% CI: [.35; .77]). A Figure displaying this mediation model can be found in
Web Appendix A7.1.

Path Model. We estimated a path model to further assess the impact of brand intimacy
on behavioral brand outcomes (Hs). Specifically, we used the lavaan package in R with robust
standard errors to model the effect of the interface condition (baseline coded as -1, turn-taking
only coded as 0, and turn-taking plus grounding coded as 1) on humanness, how greater levels
of humanness affect brand intimacy, and brand intimacy in turn drives subsequent brand-
related behaviors. As summarized in Figure 9 and mirroring the main effect findings, a greater
extent of turn-taking and grounding enhanced perceived humanness (B =.463, z=6.029,
p <.001), which in turn increased consumers’ experienced brand intimacy (p=.739,
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z=26.867, p <.001). Most importantly, brand intimacy had a significant positive effect on
consumers’ willingness to pay a price premium (B=.663, z=19.867, p <.001), future
purchase intentions (f = .815, z=27.222, p <.001), and brand advocacy (Bgrandintimacy = -809,
z=27.899, p<.001). We also found that brand intimacy led to a significant boost in
consumers’ brand ratings (B = .436, z=20.062, p <.001). These model results were robust
even after controlling for differences in participants age and gender as indicated by higher
information criteria compared to our main model (BICwmainmodel: 9953.6; BICcontrolModel:

9932.1). Further details on contrast analyses for the behavioral brand outcomes can be found

in Web Appendix A7.2.
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Figure 2-9: Path model

Discussion. The results of Study 3 demonstrate that grounding leads to greater
perceived humanness of an interface, but that it does not necessarily further enhance the
experience of brand intimacy above and beyond the effect of turn-taking. This provides a
nuanced perspective on how conversational properties affect consumer-brand relationships,
suggesting that turn-taking is the primary factor influencing both perceived interface
humanness and brand intimacy, whereas the positive effect of grounding could be limited to
making the conversational interface appear (even) more human and may not spill over to
brand-specific outcomes. Study 3 further corroborates the pivotal (sequential) role of
perceived interface humanness and brand intimacy in understanding how the properties of a
brand’s Al-based conversational interface affect consumers’ overall evaluation of the brand

and various brand-related behaviors.
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Study 4

The primary objective of this study was to test the hypothesis that the positive impact
of the conversational properties of a brand’s Al-based customer interface on consumers’
perceptions of brand intimacy is amplified in settings that require higher levels of mutual
understanding (He). In addition, we sought to shed light on how these conversational interface
properties might affect consumers’ preference for interacting with a brand’s Al-based system
in the future (instead of a human employee). Finally, this study was designed to demonstrate
the robustness of the effects of the properties of conversational interfaces on brand intimacy
by ruling out potential demand effects that might have resulted from measuring perceived

interface humanness before brand intimacy.

Design and Procedure. All methods and statistical analyses for this study were pre-
registered (https://aspredicted.org/blind.php?x=s7db9h). A total of 774 participants
(Mage = 36.74, SDage = 13.36; 56% females), recruited from Prolific Academic, completed

the study. They were randomly assigned to a 2 (properties of the interface: baseline vs. turn-

taking with grounding) x 2 (need for understanding: low vs. high) between-subjects design.

The following aspects were identical in all conditions. Participants used a
conversational interface to order a to-go coffee with the brand Barista (see Web Appendix
2.4 for sample stimuli). They were informed that they would be interacting with an automated
conversational interface. This interface did not include any other human elements (e.g., a
human-like avatar). Participants’ task was to order their preferred to-go coffee. They did so
by answering a total of 10 questions to specify their order in terms of 10 different features
(such as size, roast, type of milk, amount of sugar, etc.; see Web Appendix 3.3 for the full
conversational flow). In all conditions, participants went through the same questions in
exactly the same order to place their coffee order. Upon completion of the order process, the
interface asked participants whether they would be willing to sign up for a loyalty program

with Barista (as a behavioral brand-related outcome measure).

The properties of Barista’s virtual customer interface were manipulated as follows.
Participants placed their coffee order using either a baseline interface or one that included
both turn-taking and grounding. In the baseline condition, the interface presented all 10

customization questions at the same time and asked the customer to specify their order by
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answering all of these questions in a single turn. By contrast, in the turn-taking with
grounding condition, the interface presented one question at a time, waited for the customer
to answer, and then acknowledged their answer before it proceeded to present the next

question.

According to our theorizing, the effect of the conversational properties of a brand’s
interface on consumers’ perceptions of brand intimacy is amplified in settings where the need
for mutual understanding is greater (Hg). Naturally, this need increases as purchase decisions
become more complex (see, e.g., Xu 2016). Thus, we manipulated the need for mutual
understanding via the complexity of the choice task. In the high need for understanding
condition, each of Barista’s 10 coffee features had twice as many levels (i.e., options) as in
the low need for understanding condition (see Dellaert, Donkers, and Van Soest 2012 for a
similar approach to manipulating decision complexity). For example, there were either four
sizes (small, medium, large, or extra-large) or only two sizes (small or large) to choose among

in the high and low need for understanding conditions, respectively.

Following the interaction with Barista’s interface, measures of perceived brand
intimacy (as in all previous studies; oBrandintimacy = .87) and self-brand connection (8-item scale
adapted from Escalas 2004; dseiBrandConnection = .95; see Web Appendix AS5.12 for details) were
obtained. Next, participants rated the perceived quality of Barista’s products and service (2-
item scale adapted from Hess, Ganesan, and Klein 2003; aquality = .92; see Web Appendix
AS5.13 for details). Finally, we examined consumers’ preference to interact with an Al-based
conversational interface relative to a human employee. While prior work suggests that
consumers might be reluctant to interact with Al (Longoni et al. 2019), we wanted to explore
whether Al embedded in a brand’s conversational interface can help overcome such
reluctance by promoting more intimate consumer-brand relationships. We used a measure
inspired by Longoni et al. (2019) — “Thinking about a future visit to the Barista coffee shop,
please indicate who you would prefer to order your coffee with.” (response options: human

vs. virtual barista; see Web Appendix A5.14) — for this purpose.
Pretest

To assess the validity of the manipulation of need for understanding, we conducted a

pretest with 150 participants from the same population. All participants were shown two
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coffee menus side-by-side, each with the same 10 customization features, but with one menu
having twice as many feature levels than the other, exactly as in the main study. Participants
were asked to indicate which of the two menus required a greater need for understanding
(“Comparing the two menus, select the one thatrequires a greater need of being
understood by the entity taking your order.”). As intended, and confirming the effectiveness
of the manipulation, the overwhelming majority of participants selected the more complex

menu (94%, y°(1, 149) = 116, p < .001).
Results

Brand Intimacy. Consistent with our theorizing, the interface employing turn-taking
with grounding had a positive main effect on experienced brand intimacy relative to the
baseline interface (MTumTaking&Grounding = 4.71, MBaseline = 4.11, F(1, 772) = 32.16, p < .001,
n? = .04), whereas the main effect of need for understanding was not significant (Muighnru =
4.48, Mrownru = 4.36, F(1, 772) = 1.09, p = .30). Critically, in support of our directional
hypothesis that the positive effect of the conversational interface properties on brand intimacy
is amplified in settings that require higher levels of mutual understanding (Hs), we observed
a significant interaction between the two factors (F(1, 770) = 3.30, p < .05, one-tailed,
n? =.004). Although turn-taking and grounding had a significant positive impact on brand
intimacy even when the need for understanding was low (MTumTaking&Grounding = 4.57, MBaseline
=4.15,1(772)=2.753, p < .01), this effect was significantly more pronounced when the need
for understanding was high (MTumTaking&Grounding = 4.86, MBaseline = 4.06, #(772) = 5.280, p <
.001; see Figure 10). Finally, we found no effect of the experimental manipulation on the

perceived quality of the coffee (p <.29).
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Figure 2-10: Effect of interface properties on brand intimacy: moderating role of need for
mutual understanding

Loyalty Card Sign-Up. The interface properties of turn-taking and grounding had a
positive main effect on willingness to sign-up to a loyalty program relative to the baseline
interface (MTumTaking&Grounding = 77.1%, MBaseline = 64.1%, F(1, 772) = 16.39, p < .001,
n? = .02), whereas the need for understanding had a negative effect on willingness to sign-up
to a loyalty program (Muighnru = 66.3%, MLownru= 75.2%, F(1,772)=7.60, p < .01,1n* = .01).
We also observed a significant interaction between the two factors (F(1, 772 = 3.56, p < .05,
one-tailed, n?=.005). Consistent with our theorizing, the presence of turn-taking and
grounding significantly increased sign-ups for Barista’s loyalty card program when the need
for mutual understanding was high (MtumTaking&Grounding= 75.6%, MBaseline = 56.5%, #(772) =
4.67, p < .01), whereas this effect was not significant when the need for understanding was

low (p = .12).

Moderated Mediation. We estimated a moderated mediation model with the
conversational interface properties as the independent variable, loyalty card sign-up as the
dependent variable, brand intimacy as the mediator, and need for understanding as a
moderator of the effect of interface properties on brand intimacy. Consistent with the results

reported above, the positive indirect effect of the conversational interface properties of turn-
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taking and grounding on loyalty card sign-up via enhanced brand intimacy is significant when
need for understanding is low (B = .41, 95% CI: [.12; .71]), and this effect is significantly
amplified when need for understanding is high (= .80, 95% CI: [.50; 1.10]), as indicated by
a significant moderated mediation index (B= .10, 95% CI: [.00; .23]).

Self-Brand-Connection. The conversational interface properties had a positive main
effect on self-brand connection (MtumTaking&Grounding= 3.16, MBaseline = 2.84, F(1, 772) = 9.01,
p < .01, n?=.01). The main effect of need for understanding was marginally significant
(Muighnru = 3.11, Miownreu = 2.91, F(1, 772) = 3.47, p = .063, n?> = .004) and the interaction
between the two factors was not significant (p = .50). Critically, the effect of the interface
properties on brand intimacy remained significant even after controlling for self-brand
connection (F(1, 772) = 4.90, p < .05). As expected, the measure of self-brand connection
was positively correlated with brand intimacy (r = .695, #772) = 26.8, p <.001).

Human vs. AI-Based System Preference. A generalized linear model with a logistic
link function revealed a significant positive main effect of the conversational interface
properties (of turn-taking and grounding) on the proportion of participants who indicated that
they would prefer to place a future coffee order at Barista with the virtual customer interface
instead of a human employee (PrumTaking&Grounding = 45.7%, PBaseline = 35.9%, z = 2.35, p <.05).
Neither the main effect of need for understanding (p = .26) nor the interaction among the two

factors (p = .58) were significant.

Discussion. Study 4 provides evidence in support of the hypothesized moderating role
of the extent to which a setting requires mutual understanding between a consumer and a
brand (Hs). In particular, it demonstrates that the brand-intimacy-enhancing effect of the
brand’s conversational interface is pronounced in settings that require greater mutual
understanding. In addition, the results of Study 4 show that “humanizing” a brand’s Al-based
customer interface by incorporating essential conversational properties can promote

consumers’ acceptance of brands’ use of other Al technologies in the future.
General Discussion

Across four studies, we shed light on how fundamental properties of human dialogue
(turn-taking, turn-initiation, and grounding) shape how consumers perceive and interact with

a brand’s Al-based conversational interface, inducing greater perceptions of humanness,
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leading to more intimate consumer-brand relationships, and ultimately affecting a series of
downstream consequences for consumers (both in terms of the immediate persuasiveness of
the brand as well as a stronger future commitment to the brand). We find evidence for these
effects across multiple product settings (from design and fashion contexts to automating food
or beverage delivery). Specifically, Study 1 shows that the ability to take turns and the ability
to initiate turns results in greater levels of perceived humanness and more positive brand
sentiment. Study 2 provides more direct evidence that turn-taking and turn-initiation promote
brand intimacy and make consumers more willing to accept a recommendation for a target
product. Study 2 also revealed that the use of conversational interfaces renders the same task
more involving and novel, highlighting that the underlying psychological mechanism is
arguably multiply determined. Study 3 extends these findings to other downstream
consequences (willingness to pay a price premium, willingness to advocate the brand to
others and future purchase intentions from the brand), while Study 4 provides evidence for
the underlying psychological process of the conversational properties to establish a sense of
mutual understanding, showing that a conversational interface’s ability to promote a more
intimate relationship with the brand is enhanced in situations that require higher (as opposed

to lower) levels of mutual understanding.

Theoretical Implications. The current findings make five novel theoretical
contributions. First, the current work is the first line of systematic research showing that
conversational interfaces can act as a malleable technology to alter consumers’ brand
experience, proposing a novel conceptual model of verbal embodiment through branded
conversational interfaces. These findings link previously disconnected streams of research on
humanizing brands and brand interactions (Holzwarth et al. 2006; Maclnnis and Folkes 2017;
Schroll, Schnurr, and Grewal 2018; Verhagen et al. 2014; Wang et al. 2007) with research on
embodied systems (Bickmore and Cassell 2001a; Cassell et al. 2000, 2001), and we identify
a series of critical design characteristics in terms of structural (turn-taking, turn-initiation)
and semantic (grounding) interface properties that facilitate the humanization of consumer-
brand interactions. Our findings also demonstrate the underlying process of how these
properties establish a sense of understanding with a branded interface, a critical aspect of

designing more relatable Al (Sciutti et al. 2018).
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Second, our findings contribute to recent research on how embodied actions can
facilitate emotional connections with a brand (Hadi and Valenzuela 2014), suggesting that a
conversational interface acts as a new form of embodied consumer-brand interaction,
influencing brand intimacy, and a broad range of behavioral brand outcomes
(recommendation acceptance, willingness to pay a price premium, brand loyalty, and brand
advocacy). The current work contributes to recent calls for research on technology-mediated
brand interactions and consumer behavior (Melumad et al. 2020; Yadav and Pavlou 2014)
providing a novel perspective on the impact of branded conversational interfaces to shape,
influence and ultimately “design” consumer-brand relationships. This also highlights that
conversational interfaces are more than just tools for service automation and should be

considered as an integral part of a brand’s technology-mediated branding strategy.

Third, the current research also contributes to recent work on how human consumers
engage with inanimate objects and how conversational interfaces fundamentally change and
eventually create a new “assemblage” of consumer-brand experiences (Hoffman and Novak
2018; Novak and Hoffman 2018). Specifically, the current work provides evidence that even
though a conversational interface acts merely as a medium to complete a task (such as
ordering a cup of coffee) consumers tend to form a relationship with the medium and develop
(or effectively attribute) meaning toward the assemblage, which extends toward the brand
embodied through the medium (i.e., the chatbot). Thus, the current work contributes to recent
work by Hoffman and Novak (2018), providing initial evidence on how consumer-object
assemblages alter consumer shopping experiences by creating a more intimate consumer-

brand relationship.

Fourth, our findings also contribute to the literature on persuasion effects in branding
and marketing. The majority of prior work explored the effects of how human actors
representing a brand (such as sales representatives or service employees) can promote
compliance during a service delivery or shopping episode. These influence tactics have
become increasingly less effective due to consumer learning (Friestad and Wright 1994),
“market meta-cognition” (Wright 2002) and a general skepticism with respect to offerings
received by human service providers for which consumers have developed various response
strategies (Kirmani and Campbell 2004). The current work demonstrates that consumers are

substantially more susceptible to such influence attempts delivered through conversational
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interfaces that mimic principles of human communication (turn-taking, turn-initiation, and
grounding) to appear progressively more human, affecting consumers’ likelihood to pay a
price premium, greater recommendation acceptance, and recommending the brand to others.
The comparatively weaker effects that we observed for grounding also open up the door for
future research on other grounding mechanisms that go beyond verbal forms of grounding
and to assess whether additional visual forms of grounding (such as accompanying messages
from an animated avatar with gestural forms of grounding, like head nodding) can further

enhance the persuasiveness of Al-based conversational interfaces.

Finally, the findings of this research also make a broader contribution to the emerging
literature on consumer resistance to Al, and the tendency of consumers to view Al as cold
and mechanical (Dietvorst et al. 2018; Granulo et al. 2019; Longoni et al. 2019). In their
recent work on resistance to medical Al, Longoni et al. (2019) suggest that the lack of warmth
and empathy may explain consumers’ resistance to trust and to choose Al over a human to
complete a (medical screening) task. In order to assess whether conversational interfaces may
counter consumers’ resistance to Al through the intimacy-enhancing effect revealed in this
research, we conducted a pilot study building on the paradigm used in Longoni et al. (2019;
Study 3A). Specifically, participants (N = 258; Mage = 34.53, SDage = 12.69; 62% female)
read a description about a skin cancer screening and were randomly assigned to one of three
conditions. Participants had to choose their preferred treatment from either (1) two human
dermatologists, (2) a human dermatologist or an automated dermatologist (described as an
algorithm assessing a patient’s medical condition), or (3) a human dermatologist or a
conversational dermatologist interface (see Web Appendix A8 for the full details on stimuli
and experimental set-up). The first two conditions resembled the original conditions in
Longoni et al. (2019), whereas the conversational interface condition employed an interface
using turn-taking, turn-initiation, and grounding throughout the screening task and consumers
had a short interaction with the interface inspired by the original description in Longoni et al.
(2019). A one-way ANOVA assessing participants’ preferred medical provider revealed a
significant effect of the provider condition (F(2, 255) = 38.33, p <.001, n? = .23). Follow-up
contrasts with Tukey HSD correction revealed that, in line with Longoni et al.’s (2019)
finding, consumers generally preferred a human over an automated provider (Muuman = 3.85,

M AutomatedBaseline = 2.22, t = 5.439, p <.001). However, as illustrated in Figure 11, consumer
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preference shifted significantly toward a conversational interface employing turn-taking,
turn-initiation, and grounding relative to the baseline of an automated medical provider
(M AutomatedConversational =2.80, £ = 2.969, p <.01), while still significantly lower compared to the
human provider condition (¢ = 5.439, p < .001). Although these findings can only provide
initial, preliminary evidence, they suggest that developing more relatable technology through
a greater extent of turn-taking, turn-initiation, and grounding holds the potential to

significantly decrease consumers’ resistance toward Al.

Automated
Baseline

Automated
Conversational

Human -

Preference Provider X Indifference Preference Provider Y

Note: Preference for Provider X always resembled a human dermatologist. Preference for Provider Y resembled,
depending on the experimental condition, consumers’ preference for either a human dermatologist, automated
dermatologist, or an automated conversational interface.

Figure 2-11: Preferences of human vs. automated medical provider

Practical Implications. To the best of our knowledge, the current work is the first to
provide a theory-driven framework to systematically develop more relatable and effective
Al-based conversational interfaces. Specifically, we provide a theory-driven framework to
enhance consumer-brand relationships by utilizing fundamental principles of human-to-
human communication (turn-taking, turn-initiation and grounding). Current industry practice
is largely agnostic with respect to these structural (turn-taking, turn-initiation) and semantic
(grounding) properties employed by a brand’s conversational interface. As highlighted in the

current research, changing any of these dimensions significantly affects consumers’
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perception of the interface, shapes consumer-brand relationships, and systematically impacts
consumer choice (from recommendation acceptance to loyalty decisions). Thus, the current
work offers important insights and design guidelines for practitioners on how to better and

more rigorously engineer a brand’s conversational interface.

Finally, a major issue in modern brand management is to harmonize consumer brand
perceptions across touch-points and interaction episodes. The current work highlights a novel
opportunity by employing conversational interfaces to “harmonize” this experience through
consumer-brand touch-points. Contrary to current industry practice of training service
employees in both online and offline channels, conversational interfaces are likely to become
a cost-effective strategy in marketers’ brand management toolbox, providing both a high level

of control as well as consistency in the way how brands engage with their customers.

Conclusion. Conversational interfaces are more than cost-effective interactive tools to
automate consumer-firm interactions. The current work shows that Al-based conversational
interfaces provide a powerful branding ecosystem to deliver highly scalable, one-to-one
consumer-brand experiences, nurture consumer-brand relationships, and systematically
influence a broad range of behavioral brand outcomes (from greater recommendation
acceptance to increased brand loyalty). The theory-driven framework introduced and tested
here advances our understanding of the important role that Al-based conversational interfaces

might play in the formation and deepening of consumer-brand relationships.
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3. ARTICLE 11

Bergner, A. (2020). Adaptive Sales Automation: Chatbots as Personalized and
Scalable Sales Agents. Marketing Review St. Gallen.

Abstract

Artificial intelligence and natural language processing are fundamentally changing
consumer—firm interactions. Sales automation via chatbots is often merely thought of as
a cost-saving opportunity. This paper argues that well-designed chatbots allow to
establish and nurture customer—firm relationships. The paper proposes a framework that
assists in designing and dynamically adapting interface features to brand characteristics
and customer needs. The framework is mapped along the traditional sales funnel,

suggesting strategies for integrating chatbots throughout the entire customer journey.

Keywords: Chatbots, Sales Automation, Conversational Interfaces, Consumer-Brand

Relationships
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Adaptive Sales Automation: Chatbots as Personalized and Scalable

Sales Agents

Management Summary

This paper proposes a framework for Al-powered sales automation with chatbots. The

framework is mapped along the traditional sales funnel, suggesting strategies on how to

better adapt these interfaces to the brand and specific customer needs.

Main Propositions

Chatbots provide an opportunity to augment a business’s sales force through
automation.

Today, chatbots are primarily used to automate simple tasks rather than to establish
and nurture personalized customer relationships.

To leverage their full potential, chatbots should be designed to reflect the brand
character and dynamically adapt to specific customer needs along the customer

journey.

Lessons Learned

Design a chatbot with the same considerations in mind as you would when recruiting
a sales agent to represent your firm.

Use visual and verbal features of the interface to humanize the interaction and
design a persona that accurately represents your brand.

Collect data during an interaction to enable the chatbot to dynamically adapt to
specific customer needs and buying tasks, as well as prepare for future interactions.
Bring the chatbot outside its standard chat interface and allow it to interact with

customers across various channels, integrating it into the full sales journey
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In an age of sales automation (Shih 2016), what does it mean to automate personal
selling? While some tasks such as lead scoring, visitor tracking, or campaign testing are
considered quite simple to automate, the one-to-one trust relationship in customer
service and sales is still largely regarded as a task only a human can fulfill (Buell 2018).
Yet, advances in artificial intelligence and natural language processing are enabling a
new kind of service encounter: chatbots. These humanized interfaces open up the
possibility to emulate a one-to-one personalized sales encounter in a digital
environment, while providing instant and “always on” customer support. Nevertheless,
their success and adoption remain mixed (Hadi 2019). While industry reports indicate
that 80% of businesses are planning to integrate chatbots by next year (BI Intelligence
2016), the vast majority of customers claim that they still prefer interacting with a human
rather than with a chatbot (Press 2019). Thus, many businesses have so far considered
chatbots merely a cost-saving opportunity to automate trivial online tasks rather than an
opportunity to augment and upscale their sales force. As such, they are often designed
as just another digital marketing tool rather than a personalizable touchpoint to nurture

customer—brand relationships.

But what makes human interaction so unique? And how can chatbots be designed
to better automate such an interaction? More specifically, what design features should

businesses consider to turn these interfaces into valuable sales agents?
Chatbots: The Status Quo

The implementation of chatbot interfaces varies tremendously in current industry
practice, testimony to the very different roles these interfaces are fulfilling across
businesses. As shown in Figure 1, some brands merely use a brand logo (e.g.,
Domino’s), while others employ brand characters (e.g., Hipmunk’s Raghav) or even
human avatars (e.g., Amtrak’s Julie) to interact with customers; some chatbots use
formal filtering functions (e.g., Whole Foods Market), while others use visual product
presentations (e.g., H&M) or a more conversational approach (e.g., Lidl’s winebot
Margot) to identify customer needs and personalize recommendations. More often than

not, the implementation is a function of the default settings of the chatbot providers
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rather than a thoughtful process of how to design individual chatbot features to represent

the brand and enable a meaningful customer interaction.

Examples of Avatars

Examples of Product Search

Domino’s
Brand Logo

Whole Foods Market
Product Filtering

Hipmunk
Brand Character

Amtrak
Humanoid Avatar

Q

————

H&M

Lidl Wine

Conversational Search

)

o o0 o et

o 5 e B, e &

Figure 3-1: Examples of different chatbot implementations

Adaptive Selling with Chatbots: An AI-Powered Sales Automation Framework

areas of adaptation for a chatbot interface:

Mapping chatbot interactions along the traditional sales funnel, there are four

1. First, an interface should be designed to reflect key brand characteristics

and to be congruent with the brand image when targeting new customers,

just like any other brand touchpoint (Haynes, Lackman, & Guskey, 1999;

Park, Milberg, & Lawson, 1991). Given their unique features, chatbots

provide brands with a highly scalable “human voice” that allows a one-to-

one interaction with the customer. Thus, interface features should be

carefully adapted to reflect brand traits and the brand’s “personality” in

order to create a consistent and relatable virtual spokesperson.
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2. Second, during the interaction with a customer, chatbot interfaces should
adapt to the user’s unique characteristics and behaviors to create a more
personalized experience tailored to the customer’s needs. Building rapport
through dialogue and a more personalized experience helps establish trust
and nurture a more emotional connection with the brand (Bergner,
Hildebrand, & Haubl, 2019; Hildebrand & Bergner, 2019).

3. Furthermore, chatbot interfaces should be adapted to contextual
information in order to deliver the right interaction at the right time, based
on where in the journey the customer currently is, as well as proposing to
connect the customer with a human sales agent when needed.

4. Finally, a chatbot interface should not merely be considered an isolated
touchpoint automating a single task, but rather be integrated into the full
customer journey by proposing meaningful follow-ups designed to allow

an ongoing interaction with the customer.

Figure 2 summarizes the critical steps that have to be mapped throughout the
customer journey and the sales funnel. The specific chatbot design consideration at each

step will be detailed in the following section.
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Step 1: Adapting to the Brand
Adding a human touch

Humanizing brands by imbuing them with unique traits and personalities is known to
help build consumer—brand relationships (Aaker 1997; Fournier 1998) and drive sales

(Holzwarth et al. 2006).

Visual features. In a chat interface, participants are generally represented by a profile
image that can significantly influence perceived humanness and credibility of the interacting
partner (Nowak and Rauh 2008). Aspects such as the gender or name impact how users
interact with and relate to an interface (Araujo 2018; Waytz, Heafner, and Epley 2014). Brand
characters or spokespersons, such as Hipmunk’s chipmunk (see Figure 1), are known to
humanize brands (Garretson and Niedrich 2004). Still, research has shown that people
generally prefer interacting with more humanized rather than cartoon avatars (Nowak and

Rauh 2006).

Verbal features. The ability of a chatbot interface to communicate in natural language
makes the brand interaction “feel more human” compared to clicking on a static website, as
language is considered a human capability (Jurafsky and Martin 2017). Language in humans
is very rich in non-verbal cues and social conventions. In chatbot interfaces these unique
aspects of human interaction can be implied by the use of emojis, which attribute human
properties to the interface (Park & Sundar, 2015) and convey specific affective states
(Dresner and Herring 2010). Furthermore, social conventions such as introductions, trivial
acknowledgements and the ability to engage in small talk are all aspects unique to human
interactions. The ability of an interface to engage in such behaviors therefore influences how
human the interface is perceived to be (Bickmore and Cassell 2000). Figure 3 shows results
from our own research, demonstrating that such visual and verbal features can significantly

increase a chatbot’s perceived humanness (Bergner, Hildebrand, and Haubl 2019).
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PERCEIVED HUMANNESS
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Figure 3-3: Perceived chatbot humanness

The chatbot persona

Aside from merely appearing human, chatbots should be considered brand advocates

whose personality should be adapted to reflect key brand traits.

Warmth vs. competence. Just like humans, brand personalities are assessed along the
two dominant dimensions of warmth and competence (Fiske et al. 2007). Warmth is related
to friendliness, compassion, trustworthiness, and helpfulness, while competence is related to
intelligence, skillfulness, expertise, and efficiency. An entity can be judged as both warm and
competent, but warmth judgements generally happen faster and are predominantly based on
affect (Fiske et al. 2007). How warm vs. competent a chatbot interface is designed to appear
should be congruent with the brand personality. Visual cues such as facial expressions
(Landwehr, Mcgill, and Herrmann 2011) and gender (Grohmann 2009), as well as more
subtle cues in language and gesture can affect perceptions. For example, expressing empathy
may increase a chatbot’s perceived warmth, while demonstrating domain expertise may

increase a chatbot’s perceived competence.

Extroversion. A second aspect important to impression formation in interpersonal
interactions is the extent of extroversion shown by the interacting parties. Extroversion has

also been defined as the extent of “sociability” (Lucas et al., 2000) and is known to have
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prominent and distinct linguistic features (Hildebrand et al. 2020; Oberlander and Gill 2006).
Specifically, a higher number of words, a certain level of abstraction and subjective language,
or a preference for adjectives seem to be associated with more extrovert personalities
(Beukeboom, Tanis, and Vermeulen 2013; Oberlander and Gill 2006). Thus, in a
conversational interface, these syntactical features can provide important indications about
the personality of the chatbot and the brand and should be carefully considered when

designing chatbot responses.
Step 2: Adapting to the User
Natural dialogue

Before recent advances in artificial intelligence and natural language processing,
dialogue has been an exclusive characteristic of human interaction. It is known to play an
essential part in establishing trust and defining the social roles of interacting parties

(Wiemann and Knapp 1975).

Building rapport. Research in linguistics and communication has revealed that turn-
taking in interactions is a fundamental human characteristic, acquired even earlier than
language itself (Levinson 2016). The act of taking turns during conversations has been shown
to lead to more intimacy, liking and trust between interacting partners (Sprecher et al., 2013).
A chatbot’s ability to autonomously engage in such natural dialogic interaction is therefore
key to improving engagement with the customer and establishing intimacy and trust. Its
ability to react to various utterances and intents from the customer and engage in more trivial
“social dialogue”, such as answering unrelated questions, increases the number of turns and
humanizes an interaction, thus influencing a customer’s affect toward, and trust in, the

chatbot and the brand (Bickmore and Cassell 2001a).

Establishing social roles. The rules and norms that govern a reciprocal turn-taking
interaction (e.g., the amount of “air time” given to each party, or the knowledge of when to
speak) are known to be key indicators with regard to the social roles of the interacting parties
(Wiemann and Knapp 1975). Recent research on relationships with Al-enabled objects
suggests that the social roles expressed by a smart object during an interaction may lead to
fundamentally different customer experiences (Novak and Hoffman 2018). Thus, structural

and verbal aspects of the dialogue should be adapted to reflect the chatbot’s role during the
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interaction as an advisor, friend, or assistant. Using profiling questions, sentiment detection
and feedback loops during the interaction can help to further adapt the chatbot’s expressed

social role to specific customer needs and expectations.
A personalized experience

Aside from the structural aspect of turn-taking, a second important aspect of
interpersonal interaction is the extent of similarity and reciprocity between the interacting
partners. By collecting information on the user before and during the interaction, the interface
is able to adapt to user characteristics and mimic emotional expressions, creating a more

intimate and personalized experience, similar to interacting with another human being.

Similarity. Similarity not only increases liking and creates a more intimate
relationship, but can also have important downstream consequences on the effectiveness of
persuasion attempts (Cialdini and Sagarin 1994). Adapting the visual features of the chatbot
interface, such as the gender or name of the avatar, can create a more positive interaction for
customers. Research on online avatars has shown that people tend to prefer interacting with
avatars that match their own gender (Nowak and Rauh 2006). In our own research we found
that personalizing chatbots to match customer characteristics significantly increased their
persuasiveness when proposing trade-up options to customers (see Figure 4) (Bergner,

Hildebrand, & Haubl, 2019).

WILLINGNESS TO TRADE UP (%)

= e ¥ 3 e
X0
= e oot [ [ REERAREEAMCARCRRARKIATANOOAIID -=~

0% 10% 20% 30% 40% 50% 60%

Figure 3-4: Consumers' willingness to trade-up depending on chatbot personalization
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Emotional reciprocity. During interactions, humans tend to reciprocate emotions by
mirroring non-verbal emotional expressions such as facial expressions, vocal features or body
postures, which leads to more intimacy through a shared emotional experience called
“emotional contagion” (Hatfield, Cacioppo, and Rapson 1993). While emotional reciprocity
in text-based chatbot interfaces is limited, adapting subtle linguistic features and non-verbal
cues to match customer behavior will create a more positive and intimate interaction. This
requires that chatbots are not only able to mimic but also to interpret customers’ potentially
ambiguous emotion expressions during conversations (e.g., use of emojis in place of words,

use of abbreviations such as “lol”, etc.), in order to appropriately respond to them.
Step 3: Adapting to the Context

Research on effective sales strategies has shown that adapting to customer needs and
the selling situation is key to driving sales (Franke and Park 2006; Spiro and Weitz 1990).
Specifically, empirical findings show that such an individual customer orientation increases
trust in the salesperson, nurtures brand relationships and increases overall customer

satisfaction (Stock and Hoyer 2005).
Adapted sales strategies

Buying task. 1t is widely accepted that the buying task (e.g., new purchase vs.
repurchases) has an important impact on the amount and type of information a customer
requires. Specifically, for a new buy, customers may want to learn more about the brand,
compare various products or ask a chatbot for guidance to determine the right product for
their unique needs, while during a rebuy the chatbot may simply execute a previous order.
By collecting and storing information on the purchase history of the customer, a chatbot can
adapt the type and amount of information provided, as well as propose adapted up- or cross-

selling opportunities to the customer.

Buying stage. The customer’s stage in the purchasing journey requires additional
adaption of the interaction to help move the customer to the next stage in the purchase
journey. Specifically, research on effective communication processes in sales has shown that
successful salespeople adapt the time spent on task comments (e.g., providing information,
comparisons, recommendations) and socio-emotional comments (e.g., support, agreement,

acknowledgement) to the stage in the customer journey as well as individual customer traits
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(Schuster and Danes 1986). By collecting information throughout the customer journey and
creating ongoing feedback loops on the effectiveness of different communication strategies,

the interface can dynamically adapt to such individual task needs.
When to use a blended approach

While this paper underlines the potential of chatbots as sales agents, there are certain
situations that will require human intervention. Research has shown that anthropomorphism
can backfire in the context of product wrongdoings or bad publicity (Puzakova, Kwak, and
Rocereto 2013), as well as for dissatisfied customers (Hadi 2019). In their research, Hadi and
colleagues show that a humanized customer service chatbot generally increased customer
satisfaction, except for angry customers, for whom it drastically decreased satisfaction
compared to interacting with a non-humanized chatbot (Hadi, 2019). One solution to this
problem is a blended approach that redirects customers to a human sales agent when needed.
By collecting information on the issue that needs to be resolved, as well as analyzing
customer sentiment via natural language processing during the interaction (see, for example,
Hildebrand et al., 2020), the chatbot can detect dissatistfied customers and swiftly connect

them to a human counterpart better suited to solve the specific problem the customer is facing.
Step 4: Adapting for Growth

Finally, in order to augment the chatbot’s impact as a sales agent for the brand, its
interaction with the customer should not be considered a one-off isolated touchpoint, but

rather be integrated with other communication channels of the brand.
Follow-up triggers

One way to keep the interaction going is by using automated follow-up triggers sent
directly by the chatbot sales agent. For example, an automated follow-up email, personalized
with customer information collected throughout the interaction, can help assess a customer’s
readiness to purchase or propose additional trade-up or trade-across opportunities. Another
example would be a printed note accompanying a recent order, thanking the customer for the
purchase in the name of the chatbot sales agent. Both procedures bring the chatbot outside of
its standard medium of interaction and allow it to interact with the customer across the entire

sales journey, just like a human sales agent would.
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Preparing for future interactions

Data collection during the interaction with chatbots (e.g. via cookies, direct profiling
questions, or using natural language processing; see Hildebrand and Schlager, 2019 for
examples) is not only key to designing chatbots as truly adaptive user interfaces, but by
storing this information, the interface can prepare future interactions with the customer more
effectively. It can pick up a conversation where it was left off and provide the customer with

the experience of a tailored one-to-one sales process.
Discussion and Conclusion

This paper does not argue in favor of replacing human sales agents with chatbots.
Rather, it proposes an augmentation of the sales force by bringing personal selling into the
digital space through smart integration of chatbots into the customer journey. Chatbots need
to be considered not merely a tool to automate isolated tasks, but rather an important brand
advocate and a uniquely personalizable advisor. With recent developments in artificial
intelligence, interacting with such humanized interfaces will potentially become
indistinguishable from interacting with a human sales agent in the future. To leverage their
full potential, brand managers need to carefully consider how to design these interfaces to
reflect the unique personality of their brand while adapting to key customer needs throughout
the sales journey. Only then can chatbots become highly valuable, scalable, and personalized

sales agents for a firm, nurturing brand relationships and driving sales.
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4. ARTICLE III

Hildebrand, C., and Bergner, A. (2020). Conversational Robo Advisors as Surrogates of
Trust: Onboarding Experience, Firm Perception, and Consumer Financial Decision Making.

Journal of the Academy of Marketing Science.

Abstract

The current work examines how automated financial advisory, in which consumers engage
in a dynamic, dialogue-based interaction with a conversational robo advisor as opposed to
static, non-conversational robo advisors, can alter perceptions of trust, the evaluation of a
financial services firm, and consumer financial decision making. We develop and empirically
test a novel conceptualization of conversational robo advisors building on prior work in
human-to-human communication and interpersonal psychology, showing that conversational
robo advisors cause greater levels of affective trust compared to non-conversational robo
advisors and evoke a more benevolent evaluation of a financial services firm. We demonstrate
that this increase in affective trust not only affects firm perception (in terms of benevolence
attributions or a more positively-valenced onboarding experience), but has important
implications for investor behavior, such as greater recommendation acceptance and an
increase in asset allocation toward conversational robo advisors. These findings have
important implications for research on trust formation between humans and machines, the

effective design of conversational robo advisors, and public policy in the digital economy.

Keywords: Robo Advisors, Chatbots, Consumer Financial Decision Making, Investment

Automation, Machine Intelligence, Trust.

81



Article IIl: Conversational Robo Advisors

Conversational Robo Advisors as Surrogates of Trust: Onboarding

Experience, Firm Perception, and Consumer Financial Decision Making

Robo advisors have been praised as the next operating system in finance and the “new
wealth management interface of the 21st century” (Andrus 2014). Robo advisors provide
investment advice without the intervention of a human advisor. In short, robo advisors are
digital interfaces that guide investors through an entirely automated process of investment
advisory from assessing financial goals, evaluating consumers’ risk profile, and ultimately
managing the entire portfolio (Faloon and Scherer 2017; Gomber, Koch, and Siering 2017;
Williams 2017). While discretionary input from consumers is possible, the key property is
the fully automated process of risk assessment, asset allocation, and portfolio management,

consistent with consumers’ current financial situation, financial goals, and appetite for risk.

Despite the increasing presence of robo advisors in the financial industry with a share
of $200 billion in assets under management worldwide in 2017 (Eule 2018) and companies
such as Betterment or Wealthfront accumulating $1 billion in assets under management in
less than 2.5 years after market entry (Moyer 2014), recent academic and industry studies
reveal that growth rates are lacking behind expectations and that a broad consumer acceptance
of robo advisors—even among young, affluent investors—has been surprisingly low (Jung et
al. 2017; Schweitzer 2019). The majority of consumers still express a preference for human
financial advisors, due to the lack of a “human touch” of robo advisors (Salmon 2018) and a
human’s greater ability to understand and personalize investment advice to consumers’

unique financial situation (Hohenberger et al. 2019).

The current work introduces a novel conceptualization of robo advisors, which we
refer to as ‘“conversational robo advisors” using Al-enabled chatbots. We refer to
conversational robo advisors as advisory interfaces that possess a dialogue-based process of
financial advisory, which emulates fundamental properties of human-to-human conversations
(such as turn-taking or the presence of social cues throughout a conversation; Davenport et
al. 2020; Thomaz et al. 2020). The key hypothesis of the current research is that
conversational robo advisors can provide an unexplored alternative to address and
compensate for the lack of “human touch” during the advisory process compared to

traditional, non-conversational robo advisors. Building on the effective properties of human-
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to-human conversations in prior communication research and interpersonal psychology
(Fiske, Cuddy, and Glick 2007; Levinson 2016; Sprecher et al. 2013b), we develop and
empirically test our conceptualization of “conversational robo advisors” and how they affect
consumer perceptions of trust, firm evaluation, and investor behavior. Table 1 provides a
comparison of the key conceptual features contrasting non-conversational robo advisors (i.e.,
possessing static, self-report, and one-way communication features) compared to
conversational robo advisors (i.e., possessing dynamic, dialogue-based, and turn-taking

communication features).

Table 4-1: Key conceptual features of non-conversational vs. conversational robo advisors

Non-Conversational Robo Advisor Conversational Robo Advisor
Example
Betterment Selma Finance
(www.betterment.com) (www.selma.io)
o) Selma
8 What's your primary U oF <>

reason for investing?

Hil I'm Selma! Let's chat about your finances.

Saving for retirement Based on our chat, I'll set up an investment plan that works with your financial situation.

General investing
. You can then put this plan in to action with me: open an investment and/or a pillar 3a account
Saving for an emergency fund .
online, in minutes! &

Saving for a major purchase

m What's your main priority when investing?

Do you have debt?

We recommend paying off high-interest debt before investing
Select one v 2
Learn more

Key Features
Static Dynamic
Self-Report Dialogue-Based
One-Way Turn-Taking
Formal Language (few social cues) Informal Language (rich social cues)
Absent Anthropomorphic design cues Present Anthropomorphic design cues

Across four studies, we provide empirical evidence that conversational as opposed to
non-conversational robo advisors evoke greater levels of affective trust toward a robo
advisor, and that these greater levels of trust in turn alter firm perception and investor
behavior. Specifically, we demonstrate that conversational as opposed to non-conversational
robo advisors increase consumers’ likelihood to follow portfolio recommendations,
positively affect consumers’ attributions of benevolence toward a financial services firm
(believing that a financial services firm acts in one’s best interest), and provide more

engaging, positively-valenced advisory experiences for consumers.
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In what follows, we first review prior work on robo advisory and the relationship
between automation and trust. We then develop a set of key hypotheses on how
conversational robo advisors alter attributions of trust, firm perception, and investor behavior,
and present the results of four studies designed to test our theorizing. We conclude with a
discussion of the current findings for research on automation, trust, and public policy in the
digital economy.

Theory and hypotheses
Theoretical background and literature review

Robo advisors are digital interfaces that guide private investors through an entirely
automated process of investment advisory (Gomber et al. 2017). The predominant mode of
robo advisory employs a static, formalized process of self-reports to assess consumers’
financial situation and individual risk profile (see Table 1 for example). These self-reports
are generally used to gather information on investors’ goals, existing financial assets, and
appetite for risk (Tedesco 2015), which are then translated into an adequate portfolio of
financial investments that can be managed automatically by the advisory system (Faloon and

Scherer 2017).

As summarized in the literature review of Table 2, previous research on financial robo
advisors has mainly focused on designing algorithms with respect to the “optimal”
composition of asset classes based on consumers’ risk profile and financial goals (Day, Lin,
and Chen 2018; Kilic, Heinrich, and Schwabe 2015; Musto et al. 2015), usability aspects of
the interface (Jung et al. 2018), or the interactive role of the company’s sales channel and
profit orientation to rely on robotic investment advice (Lourenco, Dellaert, and Donkers
2020). Robo advisors have been considered predominantly as static tools to replace and
optimize the human advisory process (see Lourenco, Dellaert, and Donkers 2020 for a notable
exception, using an interactive “pension builder” interface), to collect client data and allocate
an appropriate portfolio consistent with a clients’ risk profile, rather than leveraging the
relationship-building potential for the financial services firm or the opportunity to more
directly address the lack of broader acceptance of financial robo advisory and lack of a

“human touch.”
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At the same time, recent advances in artificial intelligence and natural language
processing have given rise to conversational interfaces, or so called Al-enabled “chatbots”
(Dale 2016; Davenport et al. 2020; Thomaz et al. 2020), that use a retrieval-based dialogue
system that emulates the characteristics of human-to-human conversations. Thus, a second
generation of robo advisors is emerging which we refer to as “conversational robo advisors.”
The dialogue-based interaction modality of conversational robo advisors possesses key
features (see Table 1), whose malleability enable a more personalized, one-to-one interaction
between the investor and financial services firm. First, the interaction is based on a
dynamically construed dialogue flow that emulates the characteristics of a human-to-human
conversation through a sequential process of turn-taking. Thus, rather than a static,
questionnaire-like request for information as in non-conversational robo advisors, the
interaction with a conversational robo advisor is based on the structural aspects of a two-
sided conversation. Second, the language used by the interface can be semantically adapted
to display richer social cues, such as emojis or trivial acknowledgments to signal emotions
and active listening (Thomaz et al. 2020). Finally, the conversational interface can further be
humanized by integrating anthropomorphic design cues into the interface and altering the

visual appearance through avatars or other forms of visual display (Araujo 2018).

Recent research has started to investigate the impact of some of these malleable factors
in conversational interfaces, showing that anthropomorphic design cues can positively impact
service satisfaction and firm performance (Adam et al. 2019; Kohler et al. 2011), while
research on so called “conversational sales agents” in the online retail domain revealed that
interfaces with human-like cues tend to foster greater trust in and likability of a sales agent
(Araujo 2018; Luo et al. 2006), mimicking related research highlighting the importance of
creating a stronger social presence in human-robot relationships (van Doorn et al. 2017;
Mende et al. 2019). Building on and integrating these distinct literature streams on financial
advisory and conversational agents, the key objective of the current research is to provide a
causal test of whether “conversational robo advisors” may alter consumers’ experience of the
advisory process, firm perception, and ultimately investor behavior. In what follows, we
develop a set of key hypotheses along with an overview of the empirical studies designed to

test these hypotheses.
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Turn-taking and affective trust

The critical feature of conversational robo advisors is their capacity to take turns
during the initial onboarding phase. Such turn-taking mimics natural iterations in
human-to-human conversations which have been shown to act as an inherent trust-
building mechanism (Bickmore and Cassell 2001b). Although healthy, pre-existing
relationships exert this property naturally, experimental evidence suggests that turn-
taking can effectively contribute to the formation of a more affective, trusting
relationship (Sprecher et al. 2013b). Specifically, turn-taking during conversations
among humans and a more equal share of “air time” is linked to better relational
outcomes and greater perceptions of trustworthiness (Levinson 2016; Wiemann and
Knapp 1975). For example, inviting mutually unfamiliar individuals to a 12 minute
conversation using a pre-defined turn-taking protocol has been shown to maximize
liking, closeness, and enjoyment of a conversation partner compared to non-reciprocal
dyads that were not requested to take turns during a conversation (Sprecher et al.

2013b).

The origin of this mechanism lies deep in human development, stemming from
a combination of instinctive and learned behavior (Levinson 2016), representing social
and cooperative efforts between humans (Grice 1975). The process of turn-taking is
often further governed by both verbal and non-verbal social cues, indicating active
listening such as providing trivial acknowledgements of what the conversation partner
just said or implicit signals to indicate whether the speaker is ready to yield the turn or
whether an answer is expected from the listener (Wiemann and Knapp 1975). This back-
and-forth communication protocol is an essential trust-building mechanism in human-
to-human interactions. Indeed, even trivial acknowledgments or interludes of “small
talk” can signal greater involvement and understanding from the side of the interaction
partner and build stronger rapport (Bickmore and Cassell 2000; Cappela 1985). Thus,
turn-taking is not only a process defining a dialogue-based interaction (i.e., how the
conversation is structured), but is also an inherently social activity with both verbal and
non-verbal social cues (i.e., acknowledgements and verbal affirmations such as “Got

it!” or “I see” as well as non-verbal affirmations such as emotional displays or body
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movements such as head nodding to indicate active listening), all of which are shaping
the social roles and relationships of the interacting parties. Furthermore, prior work on
embodied interfaces has shown that users generally feel more comfortable and prefer to
interact with systems that are capable of turn-taking, and that adherence to this unique
conversational protocol is at least as important as other factors, such as the actual
display of emotions by the interface (Cassell and Thoérisson 1999). This is consistent
with prior work in human-robot interactions, showing that more social behaviors, such
as turn-taking, contribute to the formation of trust and are associated with a greater
willingness to interact with the same robot in the future (Looije, Neerincx, and Cnossen

2010).

Thus, we expect that the inherent turn-taking capacity of conversational as
opposed to non-conversational robo advisors enhances affective levels of trust toward
the robo advisor. Affective trust is a distinct measure of relational trust between two
parties, differing from other forms of trust (such as cognitive trust, which focuses on
the objective assessment of competence and quality dimensions of an interaction
partner; Johnson and Grayson 2005). Affective trust is a more emotional, subjective
dimension of trust, linked to the social nature of a relationship. Taken together, we
expect that the turn-taking capacity of conversational robo advisors increases

perceptions of affective trust relative to non-conversational robo advisors.

H1: Conversational as compared to non-conversational interfaces lead to greater

levels of affective trust in the robo advisor.
Firm perception and investor behavior

Greater levels of affective trust have been shown to positively affect a wide array
of both perceptual and behavioral outcomes, from increasing relationship satisfaction
and team performance (Jones and George 1998) to cooperative behavior (Rousseau et
al. 1998) and greater long-term customer loyalty (He, Li, and Harris 2012). Most
importantly, affective trust is a critical ingredient when facing decisions that involve
risk (Pavlou 2003). Building on our theorizing that conversational versus non-
conversational interface might cause greater affective trust, we expect subsequent
changes in firm perception and investor behavior in response to these enhanced levels
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of affective trust. First, developing greater affective trust in one situation has been
shown to generate the belief that the other entity is willing to act in the best interest of
the focal individual in a subsequent task (Cho 2006; Johnson and Grayson 2005). Thus,
we hypothesize that greater perceptions of affective trust in turn stimulates subsequent
attributions of benevolence, i.e. the assumption that another entity might act in one’s
best interest (Xie and Peng 2009). This is particularly important in the context of
financial institutions in which consumers often expect the financial institution to act in
its own self-interest (Monti et al. 2014). Thus, we hypothesize that greater levels of
affective trust toward the robo advisor may generate subsequent attributions of

benevolence toward the financial services firm to act in a client’s best interest.

H2: Greater levels of affective trust in a conversational as comparted to a non-
conversational robo advisor lead to higher attributions of benevolence

toward a financial services firm.

Greater affective trust may also change investor behavior more directly. Greater
affective trust has been shown to make people more susceptible to influence attempts
(Aronson 1999; Fransen et al. 2015) and to elevate persuasion effectiveness more
broadly (Betancourt 1990; Hexmoor et al. 2008). For example, greater levels of trust in
a bank have been found to elevate clients’ use of more uncertain transaction
infrastructures (Yousafzai et al. 2010). Thus, we expect that increasing consumers’
levels of affective trust in turn increases their willingness to follow or accept the

financial advice received, such as choosing a recommended financial portfolio.

H3: Greater levels of affective trust in a conversational as compared to a non-
conversational robo advisor increases consumers’ willingness to accept a

recommended financial portfolio.

In summary, the current research tests three key predictions of how
conversational as opposed to non-conversational robo advisors change consumer
financial decision making and the downstream consequences of these decisions. First,
we hypothesize that conversational robo advisors evoke greater levels of affective trust.
Second, we predict that increased levels of affective trust caused by conversational as
opposed to non-conversational robo advisors lead to a more benevolent perception of
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the financial services firm. Finally, we expect that the increased levels of affective trust
caused by conversational as opposed to non-conversational robo advisors lead to higher

recommendation acceptance.
Overview of studies and experimental paradigm

Study 1 tests our baseline hypothesis of whether conversational robo advisors
cause greater levels of affective trust compared to non-conversational robo advisors,
and whether enhanced levels of affective trust spill over to a more benevolent evaluation
of a financial services firm. Study 2 provides evidence that greater affective trust not
only enhances firm perception (attribution of benevolence toward the financial services
firm) but also influences behavioral outcomes (asset allocation toward conversational
as opposed to non-conversational robo advisors). Studies 3 and 4 further extend these
findings by showing that greater affective trust increases consumers’ likelihood to
accept portfolio recommendations even if they are objectively wrong (Study 3) or if

they invoke larger annual fees (Study 4).
Study 1

Study 1 was designed to provide a first test of our theory on whether
conversational as opposed to non-conversational robo advisors alter perceptions of
affective trust and whether these changes in affective trust trigger the predicted increase

in benevolence attributions toward a financial services firm.
Design and procedure

A total of 307 participants were recruited from a nationwide online consumer
panel (Prolific) and preselected based on their interest in financial services and being
active private investors (Mage = 43.79, SDage = 15.20, 52% females). Participants were
randomly assigned to one of three conditions: (1) a non-conversational interface
condition, (2) a conversational interface condition without social cues, or (3) a
conversational interface condition with social cues (see Figure 1 for an illustration of
the three robo advisor conditions). Across all conditions, participants went through a
risk profiling assessment involving their current financial situation, their financial goals,

and their perception of financial risk (see Web Appendix A.1). The sequence and format
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of all questions was identical across conditions. The two conversational robo advisor
conditions differed in the presence versus absence of social cues and were otherwise
identical in the extent of turn-taking or sequence of risk profiling questions. In the
conversational interface condition with social cues, the robo advisor provided trivial
acknowledgements (e.g., “Great, thanks!”) and displayed emoticons during the
conversation (see Figure 1). In the conversational interface condition without social
cues, the interface was identical relative to the non-conversational interface condition
except for the key conceptual difference in response and expression modality (i.e., using
a chat console during the advisory process but holding both the sequence, content, and

all other features of the interaction constant).

Non Conversational Conversational
Conversational Social Cues Absent Social Cues Present

How much money do you usually save on a

sithgrl How much money do you usually save on a
monthly basi

monthly basis?

How do you feel about taking risks, in general?

How do you feel about taking risks, in
general?

1like to take risks sometimes.

Ilike to take risks sometimes.

What's your main priority when investing?

Figure 4-1: Exemplary robo advisor interface conditions

Measurement

Immediately after participants completed the robo advisory task, they were
forwarded to the original questionnaire and we assessed their level of affective trust
toward the robo advisor using three items (scale adapted from Johnson and Grayson
2005, sample item: “This financial advisory system displayed a warm and caring

attitude toward me”; 7-point Likert scale, from 1:“I do not agree at all” to 7:“I fully
91



Article IIl: Conversational Robo Advisors

agree”; ormstatr = .90, see Web Appendix A3.1 and A5 for further details on scale
consistency). Next, we measured participants’ attribution of benevolence toward the
financial services firm using 5 items (scale adapted from Schlosser et al. 2006: “This
advisory company seems very concerned about my welfare”; 7-point Likert scale, from
1: “I do not agree at all” to 7:“I fully agree”; oFimBenevolence = .92, see Web Appendix
A3.2 and A5S).

To generate additional qualitative insight, we used an open response technique
at the end of the study to further assess consumers’ spontaneous thoughts about the
interaction with the financial advisory system. Participants first wrote down their
spontaneous thoughts and feelings related to the robo advisory interface they used and
then evaluated the valence of each of these thoughts as negative (coded as -1), neutral
(coded as 0), or positive (coded as 1). All open text responses of the thought-listing task
were concatenated into a single text vector. We used the AFINN lexicon and the tidytext

package in R (Nielsen 2011) for all subsequent text processing and sentiment analyses.
Pretest

We conducted a pre-test with a total of 178 participants (Mage = 34.41,
SDage = 9.86, 30% females) from the same population and using the same selection
criteria as in the main study to assess the effectiveness of the experimental
manipulation. Specifically, the objective of this pre-test was to assess whether the two
conversational robo advisor conditions compared to the non-conversational robo
advisor condition (1) were perceived as greater in the extent of turn-taking and (2)
whether the conversational interface condition with social cues was perceived as richer
in the extent of social cues compared to conversational interface condition without
social cues and compared to the non-conversational interface condition. Participants
were randomly assigned to the same three experimental conditions as in the main study
(non-conversational robo advisor interface vs. conversational robo advisor interface
with vs. without social cues) and completed the same risk profiling questionnaire as in
the main study. Immediately after completing the risk profiling questionnaire, we
assessed participants’ perceived degree of turn-taking (adapted from Song and Zinkhan

2008; sample item: “The system facilitated a two-way conversation,” OTumTaking= .91,
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see Web Appendix A3.3) and the perceived presence of social cues (sample item: “The
financial advisory system ... displayed smiling faces and other emoticons during the
task / acknowledged and confirmed my input (e.g., ‘Great, thanks!’),” asocialCues = .85,
see Web Appendix A3.4). Supporting the effectiveness of the experimental
manipulation, the interface manipulation had a significant effect on turn-taking (£(2,
175) = 12.61, p < .001) and perception of social cues (F(2, 175) = 15.79, p < .001).
Follow-up contrasts confirmed that participants in both conversational interface
conditions perceived the extent of turn-taking as significantly higher compared to the
non-conversational  interface  condition = (Mconversational SocialCuesAbsent =  5.21,
MNonConversational = 4.28, £ = 3.975, p < .01; Mconversational_SocialCuesPresent = 5.37, 1 = 4.691, p
<.001), while we found no significant difference between both conversational interface
conditions (¢ = 0.732, p > .46). Furthermore, participants in the social cues present
condition perceived a significantly larger number of social cues compared to both the
non-conversational  interface  condition  (Mconversational SocialCuesPresent =  35.31,
MnonConversational = 3.59, ¢t =5.566, p < .001) and the conversational interface condition
without social cues (Mconversational SocialCuesabsent = 4.28, ¢ =3.404, p < .01), while the
difference between the non-conversational interface condition and the conversational
interface without social cues was marginally significant ( ¢ = 2.235, p = .07). Taken
together, these findings provide support for the effectiveness of the experimental
manipulation indicating that both conversational interface conditions were perceived as
greater in the extent of turn-taking compared to a non-conversational interface and that
the conversational interface with social cues possessed a significantly higher presence

of social cues during the advisory task.
Results

Affective trust toward advisor. The interface manipulation had a significant
effect on perceptions of affective trust (F(2, 304) = 11.740, p < .001). Specifically,
follow-up contrasts with Holm correction for family-wise errors revealed that
participants attributed a significantly greater level of affective trust toward the
conversational interface without social cues compared to the non-conversational

interface (MConversational_SociaICuesAbsent: 390, MNonCOnversational = 327, t= 2750, pP < 05)
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This effect further increased in the conversational interface with social cues condition,
both when comparing to the non-conversational interface (Mconversational SocialCuesPresent
=437, t=4.834, p < .001), as well as to the conversational interface without social

cues (¢ =2.093, p <.05).

Benevolence attribution toward firm. Similarly, we found a significant effect of
the type of interface on attributions of benevolence toward the financial services firm
(F(2,304)=28.259, p <.001). Mirroring the results of affective trust, follow-up contrasts
with Holm correction confirmed that participants who interacted with the
conversational interface without social cues perceived the financial services firm as
significantly more benevolent than participants who interacted with the non-
conversational interface (Mconversational SocialCuesAbsent = 3.75, MNonConversational = 3.22, ¢ =
2.627, p < .05). This effect further increased in the conversational interface with social
cues compared to the non-conversational interface (Mconversational SocialCuesPresent = 4.03, ¢
=4.006, p <.001). The difference between both conversational interface conditions was

non-significant (¢ = 1.384, p = .17).

Mediation. Next, we estimated a simple mediation model to provide a direct test
of our theorizing. Using effect contrasts of the interface condition (coding the non-
conversational robo advisor as -1, the conversational robo advisor without social cues
as 0, and the conversational robo advisor with social cues as 1), we estimated a simple
mediation model (5000 bootstrap samples) in which the interface condition served as
the independent, affective trust as the mediator, and perceived benevolence of the
financial services firm as the dependent variable. In support of our theorizing, the
positive main effect of the conversational interface on attributions of benevolence
toward the financial services firm (Bconversational =.37, t=3.124, p<.01) was
significantly mediated via first enhancing affective trust in the robo advisor
(Brrustatr = .64, t = 17.926, p <.001), rendering the residual direct effect non-significant
(Bconversational Direct = .03, ¢ =342, p = .73), indicating full mediation (Bdirect = .34, 95%
CIL [.17; .51])).

Sentiment analysis. To gain additional qualitative insight into consumers’

thoughts and feelings, we analyzed the thought listing task as follows. As highlighted
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in the methods and procedure section, we concatenated participants’ thoughts into a
single text vector and assessed sentiment valence based on participants’ polarity ratings.
Providing additional evidence for our theorizing, these results reveal a significant effect
of interface type on sentiment valence (F(2, 304) = 13.500, p < .001). Follow-up
contrasts with Holm correction for family-wise errors confirm that participants who
interacted with the conversational interface without social cues evaluated the robo
advisor interface more positively than those who interacted with the non-conversational
interface (Mconversational_SocialCuesAbsent = -07, MNonConversational= -.19; t =2.959, p <.01). This
effect further increased in the conversational interface with social cues compared to
both the non-conversational interface (Mconversational SocialCuesPresent = .26, £ = 5.183, p <

.001) and the conversational interface without social cues (¢ = 2.234, p <.05).

To illustrate the pattern of results based on these qualitative insights, we analyzed
participants’ qualitative responses using the AFINN lexicon in the tidytext package in
R. Figure 2 demonstrates the positive relationship between affective trust and firm
benevolence (i.e., positive slope across all conditions). Each observation represents the
most frequent sentiment per participant and is further color-coded based on the
corresponding sentiment valence (using the AFINN lexicon). These findings illustrate
that greater affective trust is associated with a more positive evaluation of the financial
services firm and a greater density of positively valenced associations in the
conversational interface conditions (such as feeling excited, joyful, and interested) as
opposed to the non-conversational interface condition with more negatively valenced

sentiments (such as feeling bored or stressed).
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Figure 4-2: Affective trust, benevolence, and consumer sentiment

Discussion

The findings of Study 1 provide evidence that both conversational robo advisors
(with or without social cues) evoke greater levels of affective trust as opposed to non-
conversational interfaces. These changes in the interface modality in turn led to a more
positive firm evaluation, and a more positively valenced advisory experience for
consumers. Providing additional social cues led to overall larger effect sizes when
contrasting both conversational interface conditions. Based on these initial findings and
the increasingly dominant trend to anthropomorphize conversational interfaces across
industries (BenMark and Venkatachari 2016), all subsequent studies will build on the

conversational interface condition with present social cues during the advisory process.
Study 2

Can conversational as opposed to non-conversational interfaces also affect
investor behavior more directly? The key objective of Study 2 was to test whether
private investors are willing to let a conversational as opposed to non-conversational

robo advisor manage their assets as part of an incentive-compatible investment game.
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Design and procedure

A total of 309 participants participated in this study using the same preselection
criteria as in Study 1 (Mage =36.32, SDage = 10.48, 36% females). Participants were
randomly assigned to either a non-conversational interface condition or a conversational
interface condition with social cues. As in Study 1, all conditions involved the same risk
profiling task in exactly the same sequence. At the end of the risk profiling task,
participants received a personalized investment portfolio based on their risk profile,
displaying the percentage of asset classes such as bonds, high yield bonds, stocks, and
cash, with either a capital preserving (only 5% stocks), balanced (30% stocks), or
growth-oriented investment portfolio (85% stocks) (see Web Appendix A1.2 and A2.1
for a detailed description of the portfolio matching algorithm).

Immediately after the risk profiling task, participants completed an incentive-
compatible investment game. The investment game was designed as follows:
Participants received a virtual currency of 100,000 coins and had to decide on the
amount they are willing to invest in the portfolio they received during the risk profiling
task. Participants were informed that all asset classes may fluctuate and can produce
negative and positive returns while non-invested coins will receive a return of zero.
Participants then decided which percentage they wish to invest and have managed by
their respective robo advisor (dependent on condition). Participants’ decision was
consequential, as one participant was chosen at random and received 1% of the surplus
from the investment game (e.g., if a participant made a surplus 8,000 coins, they had
the chance to win $80.00). The key dependent variable in this study was participants’
selected amount to invest and be managed by the robo advisor. Immediately after
completing the investment game, participants were forwarded to a follow-up
questionnaire to assess their perceptions of affective trust toward the robo advisor
(arrstatr = .85) and attributions of benevolence toward the financial services firm using

the same items as in Study 1 (0FimBenevolence = .87).
Results

Investment amount. Participants in the conversational robo advisory interface

condition were willing to invest a significantly larger amount managed by the robo
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advisor compared to participants in the non-conversational robo advisor condition
(Mconversational = 62.71%, MNonConversational = 55.69%, ¢t =2.203, p <.05). Comparing the
proportion of those participants who were willing to invest their entire endowment (i.e.,
100%) to be managed by the robo advisor further revealed a significantly larger
proportion in the conversational compared to the non-conversational robo advisor

COl’lditiOH (PConversaﬁona] = 19.4%, PNonConversationa] = 7.8%; Xz(l, N: 309) - 7.834,p < .01).

Affective trust and benevolence. Participants in the conversational robo advisory
interface also attributed significantly greater levels of affective trust compared to the
non-conversational robo advisory interface (Mconversational = 5.49, MNonConversational = 4.79,
t=4.860, p<.001). Furthermore, consumers also attributed greater benevolence
toward the financial services firm in the conversational as opposed to the non-
conversational robo advisor condition (Mconversational = 5.16, MnNonConversational = 4.79,
t=2.792, p <.01). Consistent with our previous findings, the effect on attributions of
benevolence was significantly mediated via perceptions of affective trust (95% CI of
indirect effect [.30; 75]), rendering the residual direct effect of the advisory interface

condition on benevolence non-significant (Bconversational = -.15, ¢ = 1.847, p > .07).

Path model. Next, we estimated a path model using the lavaan package in R with
robust standard errors to assess the effect of interface condition (coding the non-
conversational robo advisor as 0 and the conversational robo advisor condition as 1) on
attributions of benevolence and investment amount via affective trust. The path model
results are summarized in Figure 3 and demonstrate that the increase in affective trust
evoked by the conversational robo advisor (Bconversational = .53, z=4.873, p <.001), in
turn led to a significant increase in attributions of benevolence (Brrusiasr= .81,
z=21.773, p<.001) and a significant increase in investment amount (Brrustatr = .40,

z=28.076, p <.001).
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Figure 4-3: Path model (Study 2)

Discussion

Study 2 demonstrates that conversational as opposed to non-conversational
interfaces affect both investor perception (attributions of affective trust toward the robo
advisor and benevolence of a financial services firm) and investor behavior (asset
allocation toward the conversational as opposed to non-conversational robo advisor in
an incentive-compatible investment game). Extending the findings of Study 1, the
current study also highlights the central role of affective trust in the robo advisor and
how greater levels of trust in turn affect investors’ decision making using an incentive-

compatible measure of behavior.
Study 3

The findings of Study 1 and 2 reveal initial insight on how conversational robo
advisors affect consumer financial decision making, demonstrating the positive effects
of conversational robo advisors in terms of a more benevolent firm perception, an
increase in asset allocation toward robo advisors, and overall positive consumer
sentiment. The next two studies explore further downstream consequences of these
effects for consumers. Specifically, Study 3 tests whether consumers accept a portfolio

recommendation even if the recommendation might be objectively wrong. That is, the
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current study tests whether receiving a recommendation that is inconsistent with
consumers’ actual risk profile varies as a function of the type of robo advisor. We focus
on the acceptance of portfolio recommendations that are objectively wrong (i.e.,
inconsistent with investors’ actual risk profile) as the more interesting case, as it
provides the opportunity to directly assess whether consumers are adequately attuned
to the investment advice they receive in a conversational versus non-conversational

interface.
Design and procedure

Mirroring the experimental paradigm used in Studies 1 and 2, participants were
randomly assigned to a non-conversational robo advisor condition or a conversational
robo advisor condition with social cues. Participants first completed exactly the same
risk assessment task as in all preceding studies. At the end of the risk assessment task,
participants received a personalized portfolio recommendation based on their risk
profile as in Study 2. However, this recommended portfolio was opposite to their actual
risk profile. Specifically, if an investor’s risk profile was above the midpoint of the risk
profile index (risk-seeking investor), s/he received a recommended capital-preserving
portfolio. On the other hand, if an investor’s risk profile was below or equal to the
midpoint of the risk profile index (risk-averse investor), s/he received an aggressive,
growth-oriented portfolio. That is, more risk-averse investors received a portfolio
recommendation with a greater percentage of stocks as opposed to bonds or money
market funds, whereas risk-seeking investors received a portfolio recommendation
involving a greater percentage of bonds and money market funds as opposed to stocks
(see Web Appendix Al.2 for details of the matching algorithm). All other procedures
were identical as in the preceding studies and we used the same scale items to assess
the level of affective trust toward the robo advisor (arwsiasr = .94) and attributions of
benevolence toward the financial services firm (oFimBenevolence = .93). A total of 154
private investors (Mage = 34.57, SDage = 10.62, 33.7% females) participated in this
study and were preselected based on the same pre-screening criteria as before (active

investors with an interest in financial advisory).
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Results

Affective trust and benevolence. Participants in the conversational robo advisory
interface displayed significantly greater levels of affective trust compared to the non-
conversational robo advisory interface (Mconversational = 4.78, Mn~NonConversational = 3.24,
t=15.662, p <.001). Furthermore, consumers attributed greater benevolence toward the
financial services firm in the conversational as opposed to the non-conversational robo
advisor condition (Mconversational = 4.39, MNonConversational = 3.66, t=2.916, p <.0l).
Consistent with our previous findings, the effect on attributions of benevolence was
significantly mediated via perceptions of affective trust (95% CI of indirect effect [.62;
1.47]), rendering the residual direct effect of the advisory interface condition on

benevolence non-significant (Bconversational = -.29, t = 1.505, p > .13).

Recommendation acceptance. Next, we estimated a logit model to assess the
effect of the interface condition on recommendation acceptance. The findings
demonstrate that participants in the conversational robo advisor condition were
significantly more likely to accept the objectively incorrect portfolio recommendation
compared to participants in the non-conversational robo advisor condition (Pconversational
= 73.4%, PNonConversational = 40.0%); Bconversational = 1.42, z=4.096, p <.001). Critically,
this effect was robust across both risk-averse investors (Pconversationat = 71.2%,
PNonConversational = 38.0%, Bconversational = 1.39, z=3.406, p <.001) and risk-seeking
investors (Pconversationat = 80.0%, PNonConversational = 44.0%, Bconversational = 1.42, z =2.362,

p <.05) (see Figure 4).
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Figure 4-4: Recommendation acceptance by risk profile

Path model. Mirroring the analyses of Study 2, we estimated a path model using
the lavaan package in R with robust standard errors to model the effect of the interface
condition on affective trust, and how greater levels of affective trust in turn affect firm
perception and recommendation acceptance. As summarized in Figure 6, we find that
the pathway of the conversational interface increasing affective levels of trust
(Bconversationat = 1.54, z=5.699, p <.001), which in turn had a systematic influence on
both firm perception and actual behavior. Specifically, affective trust in the robo advisor
led to an increase in attributions of benevolence toward the financial services firm
(Brrustafr = .625, z=13.379, p<.001) and greater recommendation acceptance
(Brrustarr= .10, z=15.343, p<.001). These model results were robust even after
controlling for differences in investors’ age, risk-profile index, current level of debt, or
the volume of assets that investors possessed as indicated by higher information criteria

compared to our main model (BICwainmodel: 1297.5; BICcontroiModel: 1311.9).
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Figure 4-5: Path model (Study 3)

Discussion

Study 3 provides evidence that greater perceptions of affective trust not only
affect attributions of benevolence toward the firm but also the likelihood to accept a
recommended portfolio, even if this portfolio is inconsistent with consumers’ actual risk
profile. Given that all participants were active private investors and that the effect was
robust across both risk-averse and risk-seeking investors, these findings indicate the
malleability of investor decision making in the context of conversational robo advisors
and the central role of greater affective trust to alter financial decision making. We
provide a more extensive discussion on the potential policy implications for consumer

welfare and financial regulation in the General Discussion section.
Study 4

Regulations in the financial sector have led to a requirement for disclaimers
during the advisory process in which (human) advisors have to inform their clients about
the cost implications of their financial choices (Nussbaumer et al. 2012). Recent debates
on the regulation of the robo advisor industry have discussed the necessity to hold robo
advisors to the same regulatory requirements as human advisors (Baker and Dellaert

2018b). The current study is specifically designed to test whether such informational
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disclaimers are sufficient to debias investors and to reduce the observed over-reliance
on recommendations received by a conversational robo advisor. The key hypothesis in
Study 4 was to test whether this observed over-reliance to follow the algorithmic advice
of a robo advisor could be attenuated by providing disclaimers that a financial services
firm (and the robo advisor they employ) might act in the interest of the firm providing

the advisory service.
Design and procedure

A total of 259 active private investors (same selection criteria as in the preceding
studies) participated in this study (Mage =34.42, SDage = 10.56, 44% females).
Participants were randomly assigned to a 2 (type of robo advisor: conversational vs.
non-conversational) x 2 (disclaimer: present vs. absent) between-subject experiment.
Participants completed the same risk assessment procedure as in the preceding studies
using either a non-conversational robo advisor or conversational robo advisor with
social cues. Next, all participants received a portfolio recommendation consistent with
their risk profile. This portfolio comprised both actively and passively managed
positions in a portfolio. All participants were led to believe that the ideal composition
of a portfolio would be a spread of 30% in actively managed positions and 70% in
passively managed positions (this spread was chosen based on prior work on the long-
term performance of active to passive investments; see Sorensen et al. 1998). In both
conditions, the advisory system recommended to increase the percentage of actively
managed positions to outperform the market, even though this adjustment would cause
greater annual fees. This recommendation was identical between conditions and no
further information was provided about the specific range of recommended active
positions. In the disclaimer-present condition, participants were then shown a prominent
disclaimer prior to the opportunity to adjust the percentage of actively managed
positions indicating that “The advice received on this website might be based on partial
information about your actual financial situation, needs, or objectives. An automated
financial advisory system might be specifically programmed to act in the interest of the
company providing the advisory service.” In the disclaimer-absent conditions, no

additional information was provided before participants selected their preferred
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percentage of actively managed investments. After that, participants were free to modify
the specific amount of active to passive positions in their portfolio as they wished.
Participants were then forwarded to a final questionnaire and indicated their perceptions
of affective trust (armsiarr = .92) and attributions of benevolence toward the financial
services firm (OFimBenevolence = .93). The deviation from the initially provided 30%
benchmark of actively managed funds served as the main dependent variable in this

study.
Results

Recommendation acceptance. As shown in Figure 7, a two-way ANOVA with
the deviation from the 30% benchmark of actively managed positions as the dependent
variable and robo advisor condition (conversational vs. non-conversational) and the
disclaimer condition (present vs. absent) as independent variables, revealed a significant
main effect of the robo advisor condition (F(1, 255) =23.753, p <.001), while the main
effect of the disclaimer condition (F(1, 255) = 1.405, p > .23) and the interaction
between both experimental factors were non-significant (F(1, 255) = 0.935, p > .33).
Follow-up contrasts with Holm correction for family-wise errors revealed that
participants in the conversational robo advisory condition with disclaimer
(Mconversational DisclPresent = 39.73%) still deviated significantly from the 30% benchmark
compared to the non-conversational robo advisor without disclaimer (vs.
MnonConversational DisclAbsent = 33.04%, ¢ = 2.499, p <.05) or with disclaimer (vs.
MnonConversational_DisclPresent = 32.46%, t = 2.681, p <.05). Also, the conversational robo
advisory condition without disclaimer (Mconversational Disclabsent = 43.95%) deviated
significantly from both the non-conversational robo advisor condition with (¢ = 4.337,
p <.001) or without disclaimer (r=4.173, p <.001). Contrary to our expectation, the
difference between both conversational robo advisor conditions was non-significant (p
> .26). While we observed only minor deviations from the provided benchmark in the
non-conversational robo advisor conditions (tested against zero: MnonConversational =
2.76%, t =2.791, p < .01), participants in the conversational robo advisory conditions
deviated significantly from the 30% benchmark (tested against zero: Mconversational =

11.93%, ¢ = 7.05, p < .001).
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Figure 4-6: Deviation from 30% benchmark by interface and disclaimer conditions

Path model. Next, we estimated a path model using the lavaan package in R with
robust standard errors and a linear link function to model the effect of the interface
condition on affective trust, and how greater levels of affective trust in turn affect firm
perception and recommendation acceptance in terms of deviation from the 30%
benchmark. The positive effect of the conversational interface condition on affective
levels of trust (Bconversational = 1.79,z =9.913, p <.001) in turn had a systematic influence
on both firm perception and behavior (see Figure 8). Specifically, affective trust in the
robo advisor led both to an increase in attributions of benevolence toward the financial
services firm (Brwustatt = .54, z = 12.043, p < .001) as well as increasing recommendation
acceptance in terms of benchmark deviation (Brrustatr = 2.42,z=4.197, p <.001). These

model results were robust even after controlling for differences in investors’ age, risk-
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profile index, current level of debt, or the volume of assets that investors possessed

compared to our main model (BICwainmodel: 3893.4; BICcontroiModel: 3904.9).
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Note: *** =p < .001, ** = p < .01, * = p <.05; dashed lines indicate covariance estimates.
Figure 4-7: Path model (Study 4)

Discussion

The combined evidence of Studies 3 and 4 suggests that consumers are
significantly more likely to follow investment advice from a conversational robo
advisor compared to non-conversational robo advisors even if this investment advice is
inconsistent with their actual risk profile (Study 3) or invokes larger annual

management fees (Study 4).
General discussion
Theoretical implications

The current work makes four novel contributions. First, to the best of our
knowledge, the current research is the first that contrasts the effects of non-
conversational robo advisors compared to conversational, dialogue-based robo advisors
and how they systematically affect firm perception and investor behavior. We provide
a novel conceptualization building on the psychology of human-to-human
conversations and demonstrate how the conversational capacity of conversational robo

advisors can systematically alter consumer financial decision making and firm
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perceptions. The current findings demonstrate a more positively-valenced consumer
experience (see qualitative insights of Study 1), a more positive evaluation of a financial
services firm, and greater recommendation acceptance (even for objectively wrong
portfolio advice as in Study 3). The underlying psychological process revealed in the
current research provides evidence that the affective relationship between a human
investor and a robo advisor is central to our understanding of the perceptual and

behavioral changes in response to interacting with a conversational robo advisor.

Second, the findings of this research contribute to prior work on trust formation
between machines and humans (Coeckelbergh 2012; Hancock et al. 2011; Laursen
2013) and the role of trust as a critical component in market exchange processes (Bart
et al. 2005; Hoffman, Novak, and Peralta 1999; Palmatier et al. 2012). While prior work
on trust in robots primarily explored trust formation processes between physical and
typically anthropomorphic robots (Laursen 2013; Wright, Sanders, and Hancock 2013),
the current research provides evidence that the formation of trust is not limited to
humanoid robots possessing anthropomorphic characteristics and can be induced by
altering the interaction modality between humans and machines (as in the current
research involving a dialogue or chat-based response modality). These findings indicate
that trust formation processes and affective relationships between machines and humans
may form independently of anthropomorphic traits or morphology (as with physical
robots for example) and can be induced merely by altering the properties of the interface

designed to structure the interaction between humans and machines.

Third, the current findings also contribute to prior work on affective trust more
specifically. The formation of affective trust has been considered a long-term process
(Rousseau et al. 1998), one that requires significant time evaluating the other entity to
build and enhance affective levels of trust during the relationship formation phase
(McAllister, Lewicki, and Chaturvedi 2006). However, the current findings
demonstrate that affective levels of trust can be enhanced by changing the modality of
interaction (such as a greater extent of turn-taking) or through the specific use of social
cues during the interaction (such as the use of a more affect-rich language or emoticons).

Thus, the current findings reveal that affective trust can be induced also more short-
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term, altered through the specific use of social cues, enhancing and positively affecting

consumers’ onboarding and investment experience.

Fourth, the current work contributes to the emerging work on immersive
consumer experiences in marketing (Agarwal and Karahanna 2000; Brakus, Schmitt,
and Zarantonello 2009; Schmitt, Brakus, and Zarantonello 2015) and the formation of
consumer—object relationships through the use of new technologies (van Doorn et al.
2017; Hildebrand, Efthymiou, and Busquet 2020; Hoffman and Novak 2018; Melumad
et al. 2020; Mende et al. 2019). Even though the time to complete the advisory process
was almost twice as long in the conversational compared to the non-conversational robo
advisory interface across studies (pooled duration data: Mconversationa= 288sec,
MnonConversationa= 162sec, t = 8.647, p < .001), the current findings illustrate that
consumers experienced the advisory process as more engaging, intimate, and enjoyable
(see also the overall positive consumer sentiment revealed in the qualitative insights of
Study 1). These findings highlight that the time to complete a task is a shortsighted
measure compared to the importance of the actual task experience. Thus, the
conversational capacity of interfaces and the effects reported in the current work
illustrate how the conversational modality of a robo advisory system provides more
engaging user experiences and a more enjoyable digital onboarding experience during
the customer acquisition phase, positively affecting a series of perceptual and
behavioral outcomes for both consumers (more positively valenced advisory
experience) and the firm (more benevolent view of the firm, more positive consumer
sentiment, greater willingness to follow investment advice, and overall greater trust

toward a robo advisor).
Future research

We hope that the current research might inspire future work in two notable ways.
First, future research may further examine the extent to which conversational interfaces
can be specifically designed to express pre-designed ‘“personality traits” that are
consistent with the personality of the brand or firm. We see a variety of interesting and
unanswered questions in the marketing and branding domain such as whether specific

brand or firm associations could be expressed by tailoring the language, appearance, or
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other design features of a conversational interface. Second, we see great potential for
future work at the marketing and finance intersection and how robo advisors might alter
consumer—firm relationships more broadly. The current work hints at the possibility that
the creation of more affective relationships between humans and machines might not
be limited to interfaces that are intentionally anthropomorphized, but that they could be
“designed” by altering the modality of interaction within the interface itself (such as
building on the capacity to take turns with a richer set of social cues to induce greater
affective trust). Recent research by Hoffman and Novak (2018) could provide the
conceptual foundations along which future work may organize and study such emerging
consumer—object and consumer—firm relationships for the effective design of
conversational robo advisors. Future work may also test these effects under realistic
market conditions with more consequential outcomes or further assessing the robustness
of the current findings across firm types and sales channels (see also Lourengo, Dellaert,

and Donkers 2020).
Managerial and policy implications

The findings of this research have important managerial and policy implications.
First, we see great potential for the financial industry and other industries to improve
the digital customer experience during the onboarding process. Repeated dyadic
interaction during service encounters critically contributes to greater customer
satisfaction (Solomon et al. 1985) and recent surveys suggest that private investors
strongly anchor on the affective experience during these first financial advisor
encounters (Darwish 2006). The turn-taking paradigm of conversational robo interfaces
as illustrated in the current research demonstrates that conversational interfaces can
contribute to such positive, more affective onboarding and firm experiences. Although
the current research did not explicitly investigate the entire onboarding process, both
future academic research and practitioners may further explore whether the trust and
benevolence attributions shown in the current research translate into a more successful

onboarding and customer acquisition process.

Second, we see great potential to link conversational interfaces to contextual

factors during the investment selection process. For example, conversational robo
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advisors provide a natural interface to acquire consumers’ personal interests either
explicitly through direct interaction or unobtrusively by using referrer or cookie
information from the browser. This information can be used to tailor specific
recommendations throughout the advisory process, similar to prior work in retargeting
and journey analytics on consumer websites (Hildebrand and Schlager 2019; Urban et
al. 2014). These avenues hold the potential to provide a more personalized customer
experience based on information that is generally unobservable in traditional human-
to-human service encounters. Thus, conversational interfaces provide a powerful tool
to shape and unlock value in digital customer journeys and provide a more tailored one-

to-one customer experience.

Finally, the current findings also address recent debates on the increasing share
of actively managed funds among robo advisor providers. For example, Betterment’s
“smart beta” strategy was introduced recently for those investors who wish to
“outperform the market” (Salmon 2018). Similarly, companies such as Wealthfront
have strayed from putting investors solely into a low-cost indexing strategy and decided
to invest 20% of their clients’ assets into an internal “risk parity” fund that invested in
derivatives such as total return swaps. Both cases caused significant negative press in
the media and among investors, questioning these changes in the firm’s investment
strategy (Salmon 2018). The findings of Study 4 suggest that conversational robo
advisors can lead to an increase in the acceptance of a greater number of actively
managed funds in consumers’ portfolio without jeopardizing perceptions of trust or
leading to negative perceptions of the firm. However, the combined evidence of Studies
3 and 4 also underline recent calls for missing regulations of robo advisors in the
financial industry (Baker and Dellaert 2018b) and that consumers are not sufficiently

attuned to question the received automated investment advice.
Conclusion

As robo advisors and other digital advisory systems grow in scale and modalities
(from traditional, non-conversational interfaces to the natural language processing
capabilities of conversational interfaces), a new cross-disciplinary science of new

technologies and augmented consumer decision making is emerging. We hope that the
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current work inspires more work in this emerging field on the consumer psychology of

new technologies and the implications for consumer welfare in the digital economy.
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Abstract

Smart objects (such as digital voice assistants) are dramatically changing how consumers
relate to technology. This research proposes a novel methodological approach to
automated text analysis to identify and understand the attribution of a “mind” to smart
objects and its implications on consumer behavior. Specifically, we train a state-of-the-art
deep contextual language model using transfer learning to unobtrusively classify mind
perception from unsolicited, consumer-generated text. We provide a rich set of
interpretable linguistic features using manifold methods, demonstrating that the extent of
mind perception provides novel insights into the consumer-smart object relationships and
successfully predicts differences in consumers’ willingness to delegate a broad set of tasks

to it.
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Conferring Minds to Machines: A Deep Learning Approach to Mind
Perception, Smart Object Relationships, and Task Delegation

Perceiving a mind in others is paramount to navigating the world around us. A
theory of mind, defined as the attribution and understanding of internal mental states in
another entity, is the hallmark of our social cognitive skills, enabling everyday interactions
and task coordination with others (Goldstein and Winner 2012). The proliferation of Al-
enabled smart objects that appear and “behave” increasingly more human-like raises
fundamental questions about the role and impact of mind perception in the consumer
technology landscape. Recent research on smart object relationships suggests that
consumers may form different types of relationships with such objects (Hoffman and
Novak 2018; Novak and Hoffman 2018). While some consumers perceive such objects
merely as a medium to complete a task, others tend to attribute more human mental states
to them, fundamentally affecting consumer experiences and extent of usage (Schweitzer
et al. 2019; Waytz et al. 2014; Yang, Aggarwal, and McGill 2020). Consider for example

the following two real customer reviews:

Customer A: “Alexa is a very cool home assistant. She helps me complete tasks
without having to do much. I ask her to calculate math problems for me, she helps
me create shopping lists, she also helps me to remember to do things at specific
times because I am very forgetful. If you need an assistant without having to dish

out a salary this would be great for you. She’s a great addition to our whole family.”

Customer B: “l mainly use the Amazon Echo as a timer in the kitchen. I will set
multiple timers with it as I cook. This is a very useful feature. It is simple to
command and was very easy to set-up in a matter of minutes. I sometimes use it for

music but not very often as I don’t have a good speaker to use it with.”

It is apparent that there are nuances between those two exemplary customer reviews
in terms of how each customer addresses the smart speaker (“Alexa” as the assistant and
“her” as opposed to “Echo” as the device and “it”), the implicit relationship they seem to
have formed with the object (“a cool assistant” and “a great addition to the family” as
opposed to a simple “timer” with “useful features”) as well as the range of tasks they

engage in with it (“helps me to complete tasks™ as opposed to “I use it (...) to”). This may
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indicate that customer A attributes more “mind” to the assistant as opposed to customer B,
who seems to view Alexa as a mere tool. Furthermore, this exemplary comparison suggests
that customer reviews may hold interesting insights into the relationship consumers
develop with their smart objects and the extent of tasks they delegate to them. However,
while previous marketing research has successfully employed text analysis for a variety of
applications, such as uncovering consumer sentiments (see Berger et al. 2020; Hartmann
et al. 2019; Humphreys and Wang 2018 for reviews), no off-the-shelf dictionary (e.g.,
LIWC, Pennebaker et al. 2015) or alternative text classifier exists to classify mind
perception terms. Furthermore, compared to traditional text classification tasks,
identifying the extent of mind perception from unsolicited reviews is challenging due to
the absence of a theory-based mapping of mind perception dimensions and text objects, as

well as the subtlety of its signals.

Following recent calls for multi-method approaches and natural language
processing (Berger et al. 2020; Schmitt et al. 2021), this research proposes a novel
approach to developing theory and conducting research on unstructured, user-generated
text, leveraging the power of deep contextual language models for automated text analysis
and applying it to shed light on mind perception in Al-enabled smart objects. Based on a
large-scale panel of smart object users, we develop a state-of-the-art deep learning text
classifier, demonstrating the accurate prediction of mind perception from unsolicited,
unstructured customer reviews and provide a rich set of interpretable linguistic features
associated with higher mind perception, using manifold methods (LDA topic models,
Lasso regressions, word frequency assessments and novel techniques from the field of
interpretable machine learning). We validate the classifier by applying it to a large set of
customer reviews scraped from a major online review site and finally, demonstrate its

transferability to other categories of smart objects.

In what follows, we first review fundamental literature on theory of mind and argue
that attributing a mind to a smart object provides novel insights into how people relate to
these technologies. We then discuss the advantages of using a deep contextual language
model to assess and classify mind perception unobtrusively from customer reviews and
provide an in-depth discussion of our proposed approach. Next, we present the results of

three studies that were designed to test and validate our theorizing and proposed method.
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We conclude with a discussion on the power of deep contextual language models to detect
nuanced variations and uncover novel insights in unstructured texts, opening up new

methodological opportunities in consumer research.
Theoretical Background and Hypotheses
Theory of Mind as a Fundamental Human Property

Thinking whether other entities possess a mind inspired research from interpersonal
perception in humans (Gray et al. 2007; Waytz, Gray, Epley and Wegner 2010) to seminal
court cases on human rights for animals (Premack and Woodruff 1978) or even to
theological beliefs (Barrett and Keil 1996). Even non-human entities possessing limited
human-like characteristics, such as a robot moving at a human-like speed or a human-
looking avatar in a chatbot (Riek et al. 2009; Araujo 2018; Bergner et al. 2019) are often
sufficient to create the belief of a mind in the form of agency (defined as the ability to
think and plan rationally) and a subjective experience (defined as the ability to experience
conscious emotions) in non-human objects. Indeed, prior research has shown that
attributions of such mental capacities to other entities tends to unfold naturally and
automatically, fundamentally shaping how we perceive and relate to others (Gray et al.
2007; Haslam et al. 2008; Waytz, Gray, et al. 2010). In contrast, denying essential human
capacities such as agency and emotionality leads to a sense of dehumanization, in which
entities lacking such features are likened to machines and perceived as cold, passive, and
shallow (Haslam et al., 2008). Hence, perceiving a mind in others is a fundamental aspect

of social perception.

The attribution of a mind in another entity is a fundamental human capacity crucial
to human interaction and serves the function of making inferences about another entity’s
behavior. Indeed, as virtually all human behavior is driven by underlying mental states,
humans learn early on in childhood how to make inferences about the internal state of
another being, such as its intentions, knowledge, and beliefs, in order to make sense of its
actions (Birch et al., 2017). Yet, this reasoning about internal, unobservable states in other
entities has been shown to extend far beyond human-to-human interaction to reasoning
about our pets’ behavior and even the behavior of objects such as cars or computers (Epley

et al. 2007; Waytz, Cacioppo, et al. 2010). Thus, attributing a mind to another entity and
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reasoning about its internal mental states is one of the most fundamental human capacities,
allowing us to make sense of, and connect to other entities, whether they are human,

animals, or objects (Epley et al. 2008; Yang et al. 2020).
Mind Perception and Language

The strong connection between communication and mind perception has long been
established in developmental psychology, demonstrating the existence of important links
between language acquisition and the ability to reason about another person’s mental state
(Astington and Baird 2005). Specifically, research has shown that a child’s participation
in two-way conversations leads to his or her understanding of mental states in others
(Bretherton et al. 1981; Dunn et al. 1991). Furthermore, in order to take the perspective of
and reason about an internal, unobservable state of another entity, people need to develop
a language that allows them to describe the behavior of an entity in terms of its mental
state. Specifically, children’s theory of mind development is directly linked to their
acquisition of specific lexical terms used to refer to mental states, such as terms related to
the subjective experience (e.g., “happy”, “sad”, “like”, “love”, “want”; Bretherton and

Beeghly 1982) and cognitive abilities (e.g., “know”, “think”, “remember”’; Bretherton and
Beeghly 1982) of the other entity.

In the context of sophisticated technology, even the use of more simple,
anthropomorphic terms has been shown to encourage the attribution of human mental
states to a non-human entity. For example, in their study on autonomous vehicles, Waytz
et al., (2014) show that using anthropomorphized terms such as using “she” rather than
“it” when referring to the car and calling the car a name, in addition to giving it a voice in
the first person, significantly increased the attribution of mental capacities to it, such as its

capacity to feel what is happening, as well as its ability to anticipate actions.

Furthermore, it has been shown that people tend to automatically use such
semantics when reflecting on and describing the action of other entities, even if they are
non-human. Indeed, even when trying to describe the interaction of abstract objects, people
refer back to attributions of mental states, in order to make sense of and be able to label
the actions of these abstract objects (Abell et al. 2000). Thus, given the established
importance of the link between language and theory of mind (Astington and Baird 2005),
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we expect to find linguistic markers of mental attribution, such as lexical terms related to

the personification and mental abilities of the other entity.
Mind Perception as a Relational Construct

Research on dehumanization shows that denying mental capacities to others is
linked to indifference and disengagement, and an increased psychological distance with
the other entity (Haslam et al., 2006). Relatedly, prior research in marketing has shown
that attributing human traits and intentions to brands and products leads to an increase in
liking and closeness with the brand or product (Delbaere, McQuarrie, and Phillips 2011;
Fournier 1998; Landwehr et al. 2011; Thomson, Maclnnis, and Park 2005a). As discussed
earlier, attributing mental capacities to another entity encourages perspective taking by
actively thinking about the experience of the other entity, an aspect that is fundamental to
effective communication between two entities (Mead 1934). Indeed, Airenti (2018) argues
that, rather than a belief system, attributing mental states to another entity should be
considered a means to establish a relationship with it, primarily through the medium of
communication. Communicating about one’s internal state enables perspective taking and
allows to explain and predict future actions more accurately (Carruthers & Smith, 1996).
The implications of such perspective taking for interpersonal interactions and relationships
are wide, ranging from eliciting positive attributions and empathy (Batson et al. 1995;
Parker and Axtell 2001) to more effective interpersonal relating (Parker, Atkins, and Axtell
2008) and active trust building (Williams 2007). Thus, we expect that higher mind

perception in smart objects will lead to closer, more intimate relationships.

While Hoffman and Novak (2018) argue that this perspective taking should be
based on an object-centric rather than a human-centric anthropomorphism, thus seeing the
object’s experience for what it really is rather than attributing human mental states to it,
they admit that consumers may lack the experience and vocabulary to relate to smart
objects in purely object-centric terms, and may need to employ metaphors of more human-
centric emotions and mental states in order to understand object experiences in the [oT.
We therefore argue that mind perception can be seen as a form of perspective-taking
through communication and a means of consumers to make sense of the subjective

experience of a smart object in order to determine how they should relate to it.
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Mind Perception as a Predictor of Task Delegation

The ability of smart objects to interact with consumers and independently execute
tasks makes them active partners in the consumption process (Hoffman and Novak 2018).
A closer, and more intimate relationship increases the belief that one’s counterpart will act
in ways that are helpful rather than harmful, increasing cooperation and coordinated social
interactions (Géchter et al. 2004; Rousseau et al. 1998). Relatedly, recent research shows
that higher perceptions of mental capacities in robots and autonomous cars leads to an
increase in the attribution of responsibilities to them during collaborative tasks (Hinds,

Roberts, and Jones 2004; Waytz et al. 2014).

Novak and Hoffman (2019) suggest that consumers can take one of two primary
modalities in their interaction with smart objects and either enable or restrict the object’s
actions within its broader assemblage of connected devices, thus either allowing or
denying an object’s ability to execute tasks on behalf of the consumer. Furthermore,
interpersonal perception has been shown to be an important determinant of delegating
decisions to another entity (Aggarwal and Mazumdar 2008; Komiak, Wang, and Benbasat
2004). Specifically, familiarity with the surrogate and relationship closeness are key
determinants in selecting a decision surrogate and delegating a decision (Komiak and
Benbasat 2006; Rosen and Olshavsky 1987). Thus, taken together, we expect that
relationship closeness with a smart object will positively influence consumers’ willingness

to delegate a broader range of tasks to it.
Method
Automated Text Analysis

The strong connection between language and mind perception suggests that there
may be subtle cues in text that would allow us to identify different types of consumer-
smart object relationships based on the way in which consumers describe a smart object.
Indeed, research has shown that text can reflect important information about the text
producer, such as their personality or mood (Moon and Kamakura 2017), mental states and
emotions (Rude, Gortner, and Pennebaker 2004; Settanni and Marengo 2015), or
intentions (Ludwig et al. 2016; Netzer, Lemaire, and Herzenstein 2019; Seraj, Blackburn,

and Pennebaker 2021). Furthermore, text can provide insights into the attitude and
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relationship of the producer with another entity or object (Berger et al. 2020; Packard and
Berger 2019). For example, Seraj et al. (2021) were able to identify markers in language
that can predict relationship break-ups before they happened based on an increase in self-
focus words (I-words) and a decrease in cognitive thinking words (words such as
“understand” and “meaning”) used in social media posts. Thus, given the important
relationship between language and mind perception, we believe that automated text
analysis from unsolicited customer reviews may shed light on the extent of mind

perception and the underlying consumer-smart object relationships.

Automated text analysis has been a powerful tool to extract insights from
unstructured sources of data, from predicting election outcomes (Bovet, Morone, and
Makse 2018), to enabling rapid disaster response (Kryvasheyeu et al. 2016), and tracking
public wellbeing (Hills et al. 2019; Zheng et al. 2019). Previous marketing research has
successfully employed text analysis for a variety of applications (Berger et al. 2020;
Hartmann et al. 2019; Humphreys and Wang 2018). These applications include
automatically creating market maps (Netzer et al. 2012), extracting customer needs
(Timoshenko and Hauser 2019) and understanding consumer sentiments (Ordenes et al.
2017), as well as predicting loan defaults (Netzer et al. 2019), sales conversions (X. Liu,

Lee, and Srinivasan 2019) or content sharing (Ordenes et al. 2019) from text.

One of the major advantages of automated text analysis is that it releases researchers
from the restraint of scripted questions and the biases introduced by self-report measures
and it allows to quantify and classify behavior naturally, from the information that is
available in unstructured user-generated text (Berger et al. 2020). As the attribution of
mental capacities to and the underlying relationships with smart objects are nuanced,
context-dependent, and arguably complex, extracting information from unsolicited
customer reviews provides an unexplored methodology to gain novel and nuanced insight

into consumers and the relationships they form with smart objects.
Deep Contextual Language Models

Sentiment analysis is among the most popular tasks in natural language processing
(NLP, Hirschberg and Manning 2015), often relying on simple lexicon-based approaches

to classify text data into broad categories such as “positive” versus “negative” sentiment
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(Hartmann et al. 2019). While sentiments can be detected in text with various “off-the-
shelf” dictionaries such as LIWC (Pennebaker et al. 2015) or the Evaluative Lexicon
(Rocklage and Fazio 2020), to the extent of our knowledge, no such handcrafted lexicon
or alternative text classifier exists to unobtrusively classify the extent of mind perception
in unstructured, user-generated text. Compared to traditional text classification tasks such
as sentiment analysis, where accuracy levels across methods on average exceed 80%
(Heitmann et al. 2020), identifying and classifying mind attribution to machines from
unsolicited customer reviews is challenging due to the absence of a theory-based mapping

of mind perception dimensions and linguistic features (i.e., tokens or terms).

Recent developments in NLP however provide a novel approach to extract subtle
cues from unstructured text. Introduced in late 2018, BERT, which stands for Bidirectional
Encoder Representations from Transformers (Devlin et al. 2019; Vaswani et al. 2017) and
its successor ROBERTa (Y. Liu et al. 2019) represented a major break-through in NLP.
BERT and RoBERTa are deep neural networks specialized on NLP tasks that are
pretrained in a self-supervised manner on massive open-domain text corpora (e.g., 13 GB
of text data for BERT and over 160 GB for RoOBERTa) by predicting a missing word in a
sequence, so-called masked language modeling. This pretraining procedure allows these
large-scale deep contextual language models to learn semantic and syntactic patterns of
human language without any explicit supervision signals (Manning et al. 2020). The
amount of data and number of parameters (i.e., 125 million parameters for the base
architecture of RoOBERTa) make this self-supervised pretraining costly. However, once a
language model has been trained, it can be fine-tuned to a variety of other tasks outside of
the domain and data on which the model has been trained. This process, known as transfer
learning, requires only minor adaptations of the deep neural network’s architecture and
labeled training data that is by multiple orders of magnitude smaller compared to training
a model from scratch (Howard and Ruder 2018). The main advantage of deep contextual
language models over established embedding approaches such as word2vec (Mikolov et
al. 2013) is that they can represent words based on the context in which they appear (Y.
Liu et al. 2019). Consider, for example, the word “duck” in the following two sentences:
(a) “He is cooking duck for his whole family” vs. (b) “Duck down before you get hit!”
Unlike word2vec, embedding the word “duck” using RoBERTa yields different
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representations in latent space for these two sentences. Unsurprisingly, Transformer-based
language models have outperformed extant NLP methods across a large variety of tasks
and are consistently ranked at the top of popular benchmarks such as the General Language

Understanding Evaluation (GLUE) benchmark.

However, the downside of using deep learning, and specifically deep contextual
language models such as RoBERTa, is that they are often considered a “black box”,
sacrificing interpretability for prediction accuracy (Rai 2020). Indeed, a model such as
RoBERTa learns associations between nuanced linguistic features and mind perception by
itself and is made up of highly non-linear associations due to the complex connections
between the underlying layers of the neural network. In contrast to linear regression
models, whose parameters can be interpreted intuitively as linear relationships between
the dependent in independent variables, the inner workings of deep contextual language

models are difficult to interpret directly.

The present research provides a novel approach, combining deep learning with
more traditional text mining methods and leveraging post-hoc interpretability techniques
approximating the deep learning model with simpler models in order to provide an
explanation for its predictions. We believe that this novel approach opens up an exciting
new avenue for consumer research on unstructured text by providing higher prediction

accuracy without trading off interpretability (Rai 2020).
Methodological Procedure to Train, Interpret, and Validate a Mind Perception Classifier

Using solicited consumer reviews, we train ROBERTa (Y. Liu et al. 2019). Once
the pretrained model is fine-tuned with our training data, we evaluate the prediction
accuracy on a hold-out test set, benchmarking it against traditional prediction methods
(random forest, LIWC dictionary). We then leverage manifold methods to interpret
(“white-box™) the language model, assessing specific topics, tokens and terms signaling
mind perception in consumer reviews. To increase ecological validity (van Heerde et al.
2021), we validate our model with real-world data, by applying it to a large set of
unsolicited customer reviews scraped from a major online review site. Finally, we assess

its transferability to a different category of smart objects. Figure 1 shows a schematic
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overview of our proposed methodological procedure. We will discuss each step in greater

detail next.

Input Training >> Evaluation Interpretation Validation
Consumer Reviews || Language Model Prediction Task Feature Extraction Model Validation
* Mind Perception * Training * High vs.low mind * Topics: LDA topic model * FeatureVisualization: LIME
(dichotomized) *+ Adaptation perception * Tokens: Lasso regression * Field validation
* Fine-tuning * Method benchmark * Terms: Word frequency * Category transferability

Figure 5-1: Methodological procedure to train, interpret, and validate a mind perception
classifier

Training & Evaluation. In the first step, the language model is pretrained on
massive open-domain text data, i.e., 160 GB of text, including entire English Wikipedia,
for ROBERTa (Y. Liu et al. 2019)The language model is trained via self-supervised
learning. In contrast to supervised learning, no human-annotated labels are required.
Instead, words from the open-domain text are masked, and the language model is trained
to predict these masked words correctly (so-called masked language modeling, Manning
et al. 2020). In the second step, the architecture of the language model is adapted.
Specifically, the task-specific head used for the language modeling task (i.e., last layer of
the deep neural network) is replaced by a linear classifier. As shown in Figure 2, the linear
classifier takes as input the pooled word embeddings (i.e., hidden states) of a document,
which are returned by the language model, and projects them to the classification outcome,
1.e., high mind perception vs. low mind perception. The parameters of this linear classifier
are randomly initialized. Based on the training data the parameters of the linear classifier
are estimated and the pre-trained parameters of the deep neural network are fine-tuned.
Thereby, in encoding customer reviews, the pretrained language model can leverage the
“knowledge” (e.g., word relations) from outside the training data, which it learned in the
pre-training phase. While fine-tuning the language model is data efficient (797
observations in our case, 80% of the annotated data), it still requires computational
resources that exceed the capacity of average desktop computers. Hence, we train the

language model in the cloud on a specialized Tesla P4 graphics processing unit (GPU).
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Figure 5-2: Detailed overview of deep learning classification task

After fine-tuning the language model on the training data, we evaluate its prediction
accuracy on the unseen hold-out test data (remaining 20% of the data, or in our case 200
observations). Specifically, we draw 50 bootstrapped samples from the test data to obtain

an approximation for the variance of its classification performance.

Finally, in order to further evaluate model performance, we benchmark our model
versus traditional classification methods. First, we train a random forest (Breiman 2001),
which represents the popular class of decision tree ensembles and is well suited to
automated text classification tasks (Hartmann et al. 2019). Second, given the popularity of
lexicon-based methods in marketing and consumer research (e.g., Barasch and Berger
2014; Berger and Milkman 2012; Bradley and Meeds 2002; Kovacs, Carroll, and Lehman
2014; Opoku et al. 2007) we also create a simple, dictionary-based model using LIWC as
a feature extractor. Thus, this step allows us to assess the prediction accuracy of our model

compared to other text classification approaches.

Interpretation. In order to address the transparency and interpretability limitations
of a deep contextual language model, we propose using manifold methods to extract
linguistic features associated with higher mind perception in customer reviews.
Specifically, we aim to extract specific topics, terms, and tokens linked to mind perception
in smart objects. To identify topics associated with high (as opposed to low) mind

perception, we run a Latent Dirichlet Allocation (LDA, Blei, Ng, and Jordan 2003). LDA
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is a popular unsupervised machine learning method that is frequently used in marketing
for exploratory text analysis (e.g., Biischken, Allenby, and Biischken 2016) and considered
particularly useful for insight generation and interpretation (Berger et al. 2020). An LDA
topic model uses a bag-of-word approach to identify words that commonly co-occur in a
text, and thus define a broader underlying theme. By assessing the distribution of customer
reviews classified as high (as opposed to low) mind perception across the LDA topics, this

analysis provides insight into which topics are associated with higher mind perception.

Next, we use a logistic regression with L1 penalization (Lasso regression) to extract
tokens (i.e., unigrams and bigrams) associated with high (as opposed to low) mind
perception. The penalization in the loss function of the Lasso regression shrinks most of
the regression coefficients to zero. The remaining terms represent the ones with the
strongest correlation between the tokens and the degree of mind perception (high vs. low),

thus allowing us to isolate specific tokens associated with higher mind perception.

While the first two analyses (LDA and Lasso regression) are exploratory, aimed at
uncovering specific linguistic features (topics and tokens) associated with higher mind
perception, the third step aims at confirming the incidence of specific terms in high
compared to low mind perception reviews. Specifically, we take individual terms
(individual, stemmed words) revealed by the topic modelling and Lasso repression and
compare the frequency of their incidence in high (as opposed to low) mind perception
reviews to further substantiate our insights and confirm specific terms associated with
higher mind perception in customer reviews. Taken together, these three analyses provide
transparency on which linguistic features are associated with high mind perception in

customer reviews and thus provide an interpretable explanation for our model predictions.

Validation. Finally, our last step is aimed at validating our model, both, in terms of
the specific linguistic features defining mind perception in smart objects, as well as
generalizing our model with real-world field data, and assessing its transferability to a
different category of smart objects. In order to validate key linguistic features of mind
perception we leverage LIME (Local Interpretable Model-agnostic Explanations), a
recently developed algorithm designed to explain classification predictions by

approximating them locally with an interpretable model (Ribeiro, Singh, and Guestrin
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2016). The objective of this approach is to increase trust in the classifier’s predictions by
visualizing features associated with the model predictions (Ribeiro et al. 2016; Rai 2020).
While the classification function f{x) that RoOBERTa learns to distinguish low from high
mind perception reviews is highly complex, LIME seeks to approximate this globally non-
linear decision boundary with a linear model locally, i.e., in the vicinity of an instance of
interest (see Figure A3 in the Web Appendix for an illustration). Instead of the original
(non-interpretable) representation of the text in terms of contextual word embeddings,
LIME represents the reviews using an interpretable bag-of-words approach. Hence,
reviews are represented by the presence or absence of words. These serve as independent
variables for the linear model with the confidence scores of a review being low compared
to high mind perception as the dependent variable. Therefore, the weights assigned to
words can be intuitively interpreted as the change in the predicted confidence that a review
is low compared to high mind perception if a particular word is removed. The linear model
is estimated on random samples of the data that are perturbed and weighted by their
distance to the example to be interpreted. This renders it possible to evaluate and visualize
the importance of individual components of a customer review (i.e., the words) in terms
of the degree of expressed mind perception, and thus enables validating the linguistic

features extracted in the previous step.

Finally, in order to assess the generalizability of our model, we take a two-step
approach. First, we validate our model with real-world consumer reviews, scraped from a
major online review site (Amazon.com). Leveraging our model prediction and LIME, we
are able to assess whether the linguistic features associated with high mind perception
generalize across unsolicited consumer reviews. Second, we validate our model
predictions by applying it to a different category of smart objects in order to assess its
generalizability and transferability. Again, we use LIME to interpret our model predictions
and assess whether our extracted linguistic features are consistent with mind perception

theory and generalize across categories.

Taken together, our proposed methodological procedure aims at providing a mind
perception classifier that distinguishes itself based on three key characteristics. First, using
RoBERTa, we aim to provide a classifier that has a higher accuracy in predicting mind

perception from unstructured text compared to other, more established text classification
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methods. This is not an end in itself but necessary due to the difficulty of the task and
subtle signals we need to extract from unstructured, unsolicited customer reviews. Second,
we aim to provide a classifier with high interpretability, allowing the extraction of specific
linguistic features associated with higher mind perception in smart objects. Finally, we aim
to provide a classifier with high external and ecological validity (van Heerde et al. 2021)
that generalizes across a broad set of smart objects. As such, our proposed approach aims
to answer recent calls to push methodological boundaries bringing together multiple
analytical methods on different data types to provide novel insight on an emerging

technological phenomenon (Schmitt et al. 2021)
Overview of Studies

In what follows we will present empirical work aimed at training and evaluating a
mind perception classifier based on the procedure outlined above, and demonstrate how
this novel approach can shed light on the influence of mind perception on consumer-smart
object relationships and on the extent of task delegation. As outlined in Figure 3, we will
present evidence from three studies to support our theorizing and demonstrate the
advantages of our methodological procedure. Specifically, we show that our deep
contextual learning model (compared to other text classification methods) does not only
provide a higher accuracy level for the classification of mind perception in customer
reviews, but that our proposed manifold methods enable the extraction of a rich set of
linguistic features, which provide deeper insight into the underlying consumer-smart
object relationships. Furthermore, we show that mind perception in consumer reviews is
an important predictor of the extent of tasks delegated to smart objects, thus supporting

the power of such a model to gain new insights into specific consumer behavior.

In Study 1 we train our language model based on solicited customer reviews from
an extensive survey and evaluate the performance of our model on a hold-out test data,
benchmarking it against two alternative classification models. Using manifold methods,
we show how specific linguistic features can be extracted from such a model and which
topics, terms, and tokens are associated with higher mind perception. Furthermore, we
provide evidence for the importance of mind perception as a predictor of task delegation

to smart objects (Study 1). In our field studies we apply our text classifier to real-world
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customer reviews scraped from an online review site in order to further demonstrate its
validity and generalizability to unsolicited customer reviews (Study 2), as well as assess

its transferability to an entirely different category of smart objects (Study 3a and 3b).

’ Study 1 ‘ ‘ Study 2 ‘ ’ Study 3 (a and b) ‘
Solicited customer reviews Unsolicited customer reviews Combination of unsolicited (3a) and
Input Data . .
(large-scale survey) (scraped from Amazon.com) solicited (3b) customer reviews
Product Smart speaker Smart vacuum cleaner
Category (e.g. Amazon Echo) (e.g. Roomba)
Train classifier & evaluate prediction * Validate classifier predictions * Validate transferability of classifier
K accuracy * Validate linguistic features * Validate transferability of linguistic
X ex Interpret linguistic features * Validate influence of mind perception features
Objectives *  Assess influence of mind perception on task delegation *+ Validate influence of mind perception
on task delegation on task delegation
Generalize to “real world” Generalize across categories

Figure 5-3: Overview of studies and key objectives

Study 1: Training and Evaluation of Mind Perception Classifier

Study 1 was designed to train and evaluate a text classifier using state-of-the-art
transfer learning to predict mind perception in a smart object from unstructured customer
reviews. Furthermore, the study aims at extracting specific linguistic features associated
with high mind perception to shed light on the underlying consumer-smart object
relationships. Finally, Study 1 assesses whether the extent of mind perception predicts
differences in smart-object usage behavior, i.e., the number of tasks consumers delegate

to a smart object.
Sample and Procedure

A total of 2509 active smart speaker users were recruited from an online consumer
panel (Mage = 35.3; 57.4% female). 14 participants were excluded due to missing data,
leaving 2495 participants for the analysis. Participants specified the brand of the smart
speaker they own, how long they have owned it, how often they interact with it on a daily
basis, how many separate tasks they execute with it, and how many other devices are
connected to it. Participants were then instructed to write a review about their experience
using their smart speaker, imagining they were writing an online review about it (for
example on Amazon.com). No other instructions were given and participants were free to

write as long as they wished (although we asked them to write at least 50 words, in order
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to make sure we get sufficient text data for our classifier). Finally, in order to train the
classifier on labeled data, we measure the extent of participants’ mind perception of the
smart speaker using 8 mind perception dimensions (all items adapted from Gray et al.
2007; sample items: “the smart speaker is able to convey thoughts and feelings”, “the smart
speaker is able to have experiences and be aware of things”; a=.90, see Web Appendix

AS).
Mind Perception as a Predictor of Task Delegation

Textual and Usage Data. Before training the text classifier, i.e., ROBERTa, we first
assessed whether mind perception in smart objects predicts differences in the number of
tasks delegated to it. We used participants’ self-rated mind perception score as our primary
predictor variable for task delegation. We also added variables related to participants’
review text and current usage behavior to assess whether mind perception would relate to
task delegation beyond what these variables could explain. Specifically, the usage data
covered the brand consumers currently own (dummy coded as Amazon = 1, all other = 0)
to account for any differences in the number of available skills across different brands, the
duration of how long consumers own their device (in months) to account for differences
in usage familiarity, the number of other smart devices the speaker is connected to and
their self-reported daily interaction frequency with the device. The textual data included
the number of words in the review to control for differences in review lengths linked to
enumerating different task. Our dependent variable was the number of different tasks
participants indicate they delegate to the device overall. Table 1 provides an overview of

the descriptive statistics for these variables.
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Table 5-1: Descriptive statistics (Study 1)

Variables Min Max Mean SD Freq
Usage

Brand (1=Amazon) .73
Time owned (in months) .50 72.00 19.32 12.16

Daily interaction frequency 1.00 51.00 5.51 5.48

Number of connected devices 1.00 12.00 2.49 2.09

Number of delegated tasks 1.00 51.00 4.41 3.62

Textual

Number of words in review text (in 100) .07 3.81 .90 .35

Self-assessment scales
Mind Perception (7-pt Likert-scale) 1.00 7.00 2.84 1.30

Results. The OLS regression analysis, using our independent variables (usage,
textual, and self-assessed mind perception) as our predictor variables and the number of
tasks delegated to the smart speaker (M = 4.41, SD = 3.62) as our dependent variable is
significant (F(6, 2486) = 148.3, p < .001, R? = .264). In line with our hypothesis and
displayed in Table 2, we find that greater mind perception is significantly associated with
a higher number of tasks delegated to the smart speaker (f = .17, t = 5.467, p < .001),
above and beyond what would be predicted by their daily interaction frequency (f = .27, ¢
=21.615, p <.001) and the number of connected devices (5 = .29, t = 8.891, p < .001).
Brand, time owned and the number of words in the review text all did not significantly
predict the number of tasks delegated to the device. This result suggests that mind
perception may capture a consumer perception of the device that goes beyond mere usage

of the speaker.

Table 5-2: Mind perception as a predictor of task delegation

Dependent Variable:

Number of delegated tasks

Mind Perception A7
Time Owned .01
Daily Interaction Frequency 27
Number of Connected Devices 29%**
Review Word Count (in 100) -.07
Brand (1=Amazon) -13
Constant 1.72%*
Observations 2493

R? .26

Note: *p < .05; **p < .01; ***p < .001
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Training the Classifier

Data and Method. Next, we trained an automated text classifier to detect mind
perception in the review text. This is a non-trivial task as we did not specifically instruct
consumers to describe their relationship with their smart speaker in any particular way, but
instead, simply asked them to write a review about their experience with the smart speaker.
Our primary variable to train the mind perception classifier on labeled data was consumers’
self-assessed mind perception rating (M = 2.84, SD = 1.30). We dichotomize this target
variable, taking the top and bottom 20% of reviews as the positive and negative class
respectively (see Pryzant, Chung, and Jurafsky (2017) for a similar approach). As outlined
in the method section, we employ a state-of-the-art transfer learning classifier to leverage
linguistic patterns and relationship outside the training data (see previous section on
method, as well as Web Appendix Al for further details). Specifically, we fine-tune
RoBERTa, a pretrained deep contextual language model (Y. Liu et al. 2019). We formulate
the mind perception prediction as a binary classification problem by dichotomizing the
data, using the top and bottom 20% of observations of the mind perception distribution
(Pryzant et al. 2017). Hence, the baseline accuracy is 50%. In total, 997 observations

remain. We use 80% of the data for training the model and 20% as hold-out test data.

Evaluating the Classifier Prediction Accuracy. After fine-tuning the language
model on the training data (N=797, 80%), we evaluate it on the unseen hold-out test data
(N=200, 20%). Specifically, we draw 50 bootstrapped samples from the test data to obtain
an approximation for the variance of the classification performance. This procedure yields

an average hold-out accuracy of 75.4% (.46 SE).

Convergent Validity. Comparing the classifier prediction results and the self-
reported mind perception rating (7-pt Likert scale) yields a significant correlation,
confirming the internal consistency and validity of the model results (» = .49, #(2491) =
28.095, p <.001). Furthermore, estimating a generalized linear model with a logistic link
function to assess whether consumers’ average mind perception rating (claimed, 7-pt
Likert scale) significantly predicts the classifier results (coded as 1 =high mind perception

and 0 = low mind perception), also further confirmed the validity of the mind perception
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classifier to correctly identify mind perception from consumers’ unsolicited review data (z

— 19.98, p < .001).

Method Benchmarking. In order to demonstrate the superiority of RoBERTa
compared to other, more traditional classification methods, we also employed two
additional text classification models. First, we trained a random forest (Breiman 2001),
which represents the popular class of decision tree ensembles and are well suited to
automated text classification tasks (Hartmann et al. 2019). We specified a random forest
using 500 decision trees, each trained on bootstrapped samples of the training data (so-
called bagging, Breiman 1996) as well as taking a random subset of features at each
decision tree split. The intention of these randomization techniques is to decorrelate
individual decision trees, which improves overall ensemble performance. Unlike our
language model, which represents words as word embeddings, our random forest takes as
input a document-term-matrix using a bag-of-words approach that can reflect neither word
order nor context-dependent meaning of words (see Web Appendix Al.2 for

hyperparameters and details on pre-processing).

Second, given the popularity of lexicon-based methods in marketing and consumer
research (e.g., Barasch and Berger 2014; Berger and Milkman 2012; Bradley and Meeds
2002; Kovacs, Carroll, and Lehman 2014; Opoku et al. 2007) we also create a simple,
LIWC-based model. Specifically, we use LIWC as a feature extractor (see (Netzer et al.
2019) for a similar approach). Feeding all observations from the training set and hold-out
test set through LIWC, gives us a low-dimensional representation of each customer review
in terms of the 93 LIWC lexicons, e.g., “social” or “family” (see Web Appendix 1.3 for a
full list of all LIWC dimensions). For each sentence LIWC counts the total number of
words and returns the share of words that are part of one of its lexicons, e.g., .17 for the
“family” lexicon for the example sentence “Alexa is part of our family!”. We then estimate
a logistic regression using the share of each lexicon as the independent and high versus
low mind perception as the dependent variable, and evaluate it on the hold-out test set.
Table 3 presents the method performance of RoOBERTa compared to the two traditional
benchmark methods, for which we also draw 50 bootstrapped samples of the test data to

obtain estimates for the variance of their classification performance. This benchmarking
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exercise demonstrates that our ROBERTa classifier significantly outperforms the other two

models by a margin of close to 10 percentage points.

Table 5-3: Comparison of ROBERTa to benchmark approaches

Model Prediction Accuracy SD SE
RoBERTa 75.4 3.22 .46
Random forest 65.5 3.44 49
Dictionary (LIWC) based model 63.8 3.73 .53
Random chance (baseline accuracy) 50.0

Note: All values in %.

The results of the convergent validity analysis, as well as the comparison to a
random forest and a LIWC-based model support both the robustness and also superiority
of RoBERTa to detect subtle cues from text and provide significantly higher accuracy in

predictions results.
Interpretation: Extracting Linguistic Features of Mind Perception

Identifying Mind Perception Topics. As outlined in our method section, we use topic
modeling to try to identify and extract the underlying themes of high mind perception
reviews. To this end, we ran an LDA topic model with the customer reviews as our text
source. We use the same data subset, we used for our mind perception classifier training
and evaluation (N=997). Leveraging a density-based method for adaptive LDA model
selection (Cao et al. 2009) to determine the optimal number of topics, we found that a
model with five topics performs best (see Web Appendix A2.1 for details). The five LDA
topics with the most discriminative bigrams with highest relevance are displayed in Figure
4. As in factor analysis, LDA identifies the words that most often occur together and that
therefore have the highest probability of being associated within a set of reviews. By
observing the bigrams with the highest relevance for each topic, we can capture some local
context of words and start making some inferences about the underlying theme within each
topic (for a full list of the top 40 bigrams for each topic see Web Appendix A2.1).
Specifically, the two first topics seem to significantly differentiate in their extent of the
personification of the smart speaker. While in topic 1 the smart speaker is mainly referred
to as “it” and “the device”, in topic 2 the smart speaker is referred to by name (“Alexa”)

and “her”. Thus, in topic 1 the smart object is mainly treated as a simple device, while in
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topic 2, the smart object seems to be treated more as an entity. The second feature that
distinguishes these topics can be found in comparing topics 3 and 4. While topic 3 suggests
a more agentic relationship in which the consumer “uses” the smart object to complete a
task, topic 4 suggests a more communal relationship in which the smart speaker “helps”
the consumer to complete certain tasks. Finally, topic 5 seems to be primarily self-focus,

including a majority of bigrams with “I”.

helatho it_can also_use use_my
= as_a =

very_useful it_is use_it — use_it google_home e

- using:_it -
Object as a Device l_Luse  Agentic Experience e
playing_music ) -
e 5 as_it
with_it it_for = the_morning my_google to_play

we_use 2 the_device 5

it_to use_Alexa tell_me i_also

we_have
listening_to
7 with_alexa Lemi to_be
alexa_is =
- ask_her cfere allows_me day_to that_i smart_home my_voice
if_you Object as an Entity helps_me me_to  just_ask as_i Self-Related Experience my_smart
- . but_it S
she_has the_lights is_great Communal Experience the_time = ey Jikteel i_think
. i_dont
amazon_echo able_to my_life shopping_list to_do
you_can her_to have_to
is_a i_love she is
up_to |_would - without_having

Note: The terms are the most representative bigrams (A=.5, see (Netzer et al. 2019)). The topic names are conceived
by the authors based on the analysis of the most relevant bigrams as LDA does not automatically provide labels for

the topics.

Figure 5-4: LDA topics and bigrams with highest relevance

Topic Relevance for High vs. Low Mind Perception. Next, we calculate the
distribution of customer reviews across the five topics identified by the LDA topic model,
combining it with the self-reported mind perception ratings to split the data into high and
low in mind perception reviews. As illustrated in Figure 5, we find that topic 1 where the
smart speaker is described as a device (“it”, “the device”) is significantly more prevalent
in low mind perception as compared to high mind perception reviews (Puigh = 18%, Prow=
25%,t=6.110, p <.001). We also find that topic 2 in which the smart speaker is referred
to as an entity (“her”, “alexa”) occurs more frequently in high mind perception as opposed
to low mind perception reviews (Puigh = 18%, PLow = 14%, t = 4.834, p <.001). Similarly,
we find that topic 3 where the relationship with the smart speaker employs more agentic

terms (e.g., “use it”) is significantly more prevalent in low mind perception as compared
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to high mind perception reviews (Puigh = 23%, Prow = 26%, t = 2.231, p < .001). On the
other side, we find that topic 4 in which the relationship with the smart speaker is referred
to in more communal terms (e.g., “helps me”) is more representative of high mind
perception as opposed to low mind perception reviews (Puigh = 21%, Prow= 14%, t = 6.582,
p < .001). Finally, topic 5 identified as a self-focused experience occurs to an
insignificantly different degree in low and high mind perception reviews (p = .112). This
analysis provides initial insight that higher mind perception may be associated with
linguistic features linked to the personification of the device (masculine and feminine
pronouns as well as name of the entity) as well as to a more communal relationship

(defined by the terms used to describe task execution).

30% . e

26%
25%
25%
23%

21% 21% )

20% 20% Low Mind

18% 18% Perception

= High Mind

15% 14% 14% Perception
10%
5%
0%

Object as a device Object as an entity Agentic experience Communal experience Self-related experience

Distribution of customer reviews across topics

Figure 5-5: Distribution of high and low mind perception reviews across LDA topics

Identifying Mind Perception Tokens. To further confirm the insights gained through
the LDA topic model, we ran a Lasso regression (a logistic regression with LI
penalization), using the dichotomized mind perception variable as the dependent variable
(high = 1, low = 0) and a bag-of-words representation from the customer review data as
the predictor variables (see Web Appendix A 2.2 for details on the preprocessing). The
penalization in the loss function of the Lasso regression shrinks most of the regression
coefficients to zero. The remaining ones are most representative and present the strongest
correlation between the tokens (unigrams, bigrams) and the degree of mind perception
(high vs. low). As can be seen in Figure 6, the results support our findings from the LDA
topic model and show that those terms that are most representative of high mind perception

describe the object as an entity (“she”, “her”’) while those terms that are most representative
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of low mind perception describe the object as a device (“it”, “the speaker”, “smart
device”). Furthermore, the Lasso regression also provides evidence for the difference in
relationship we found in our LDA analysis. Specifically, those terms that are more
representative of high mind perception are indicative of a more communal relationship
(“helps me”, “family”), while those terms that are more representative of low mind

perception are indicative of a more agentic relationship (“use it”).

Additionally, it appears as if high mind perception is partially driven by differences
in sentiment, as evident by terms such as “great”, “best”, “love” in high mind perception
reviews as opposed to “frustrating” in low mind perception reviews. This suggests that
high mind perception may be associated with a more positively-valenced user experience.
However, sentiment alone is not sufficient to predict differences in mind perception, as

more subtle features are revealed through this analysis.
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Note: Tokens with an absolute coefficient above .05 are included in this figure.

Figure 5-6: Predictive tokens for high mind perception using Lasso regression
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Identifying Mind Perception Terms. Finally, comparing the incidence frequency of
specific terms in high as compared to low mind perception reviews further corroborates
our findings. Based on the previous analyses, we assessed term frequency for four terms,
each selected to confirm the topics and tokens identified. Specifically, we assessed the
incidence of “it” and “she” to confirm the extent of personification in high compared to
low mind perception reviews. Furthermore, we assessed the incidence of “use” and “help”
(both assessed as a stem, thus allowing for variations such as “useful”/ “helpful” or “used”
/ “helped” for example) to confirm the differences in smart object relationship. This
analysis shows that the term “it” has a significantly higher incidence rate in low mind
perception as compared to high mind perception reviews (Puighmp = 81%, PLowmp = 90%,
x> =15.098, p < .001), while the term “she” has a significantly higher incidence rate in
high mind perception as compared to low mind perception reviews (Phighmp = 18%, PLowmp
= 12%, y = 7.8116, p < .01), further supporting the difference in the extent of
personification of the device. Furthermore, the term “use” has a significantly higher
incidence rate in low mind perception as compared to high mind perception reviews
(PHighmp = 72%, PLowmp = 80%, y = 8.646, p < .01), while the term “help” has a significantly
higher incidence rate in high mind perception as compared to low mind perception reviews
(Pighmp = 31%, PrLowmp= 19%, y = 18.996, p <.001), further supporting our earlier findings
that low mind perception reviews are characterized by a more agentic consumer-object
relationship, while high mind perception reviews are characterized by a more communal

consumer object relationship.
Validating Linguistic Features: LIME

To validate the linguistic features in our mind perception classifier, we leverage
LIME (Ribeiro et al. 2016), a recently developed technique enabling a post-hoc
explanation of a deep learning model by approximating the globally non-linear decision
boundary of our RoOBERTa classifier with a linear model locally. As detailed further in the
method section, LIME is able to assign weights to individual words and to link them to the
change in predicted confidence that a review is high compared to low mind perception.
This renders it possible to evaluate and visualize the importance of individual words in
terms of the degree of expressed mind perception, and thus enables validating the linguistic

features extracted in the previous step and picked up by the language model.
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To illustrate this step, we select two real customer reviews from our survey
(introduced earlier as reviews from Customer A and Customer B, see page 1). which are
comparable in terms of customer rating and length of review. We use our text classifier to
classify the reviews as either high or low mind perception and apply LIME to generated
salience maps to assess whether the model is picking up on the linguistic features signaling
high mind perception consistent with our previous analytical step. As illustrated in Figure
7, the output from the LIME algorithm includes prediction probabilities for high as
compared to low mind perception through its integration with our RoBERTa-based
classifier. For the two exemplary reviews in Figure 7, there is a .95 probability that
Customer A’s review should be classified as representing high mind perception and a .94
probability that Customer B’s review should be classified as low mind perception. The
color coding represents the weights assigned to each word based on the change in the
predicted probability that the review is low as opposed to high mind perception, and can
thus be interpreted as the most representative features in those reviews. For example, if
“use” were removed in the customer review of Customer B, then the probability of this
review being classified as low mind perception would be Prowmr = .94 - .14 = .70.
Similarly, if “help” were removed in the customer review of Customer A, then the
probability of this review being classified as high mind perception would be Phighmp = .95
- .01 = .94. The low weights across the feature in review A further illustrate that even
though “help” is recognized as a key feature by LIME, customer A’s review contains many
signals for high mind perception, thus even removing the term ‘“help” does not
significantly decrease the probability of this review being recognized as a high mind

perception review.
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Low MP
High MP [N |0.95

Customer A: “Alexa is a very cool home assistant. She HEIP§ me complete tasks without
having to do much. I ask her to calculate math problems for me, she HEIP§ me create
shopping lists, she also HEIP§ me to remember to do things at specific times because I am
very forgetful. If you need an assistant without having to dish out a salary this would be
great for you. She’s a great addition to our whole f&illil§. I see everyone from my kids to

my husband using her for their tasks as well.”

Low MP I )0 .o+ ¢
High MP

Customer B: “1 mainly [l the Amazon Echo as a timer in the kitchen. I will set multiple
timers with it as | cook. This is a very useful feature. It is simple to command and was
very easy to set up in a matter of minutes. I sometimes [§8 it for music but [l very often

as I don’t have a good speaker to [i§§ it with."

Figure 5-7: LIME salience maps (Study 1)

Supporting our previous findings on the key linguistic features, terms related to
personification (“her”) and a more communal relationship (“helps”, “family”, “ask”) have
the highest impact on predicting high mind perception, while terms that objectify the
device (“it”, “features”) and reference a more agentic relationship (“use”, “set”) have the

highest impact on predicting low mind perception for these reviews.
Discussion

The current study provides several new insights. First, we confirm that mind
perception is an important predictor of the number of tasks active smart speaker users
delegate to their assistant. Second, we train and validate a state-of-the-art deep contextual
language model that can predict mind perception from unstructured customer reviews, and
demonstrate its convergent validity with self-assessed mind perception, as well as its
superiority to more traditional classification methods. Finally, we explore the topics,
terms, and tokens associated with high and low mind perception, and uncover two key
linguistic features distinguishing these customer reviews. Specifically, using a multi-
method text interpretation approach that employs LDA topic modelling, lasso regression,

and individual term frequency comparisons we find that high mind perception reviews are
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characterized by a stronger personification of the smart speaker, referring to it as an entity
either by its name or by gendered pronouns, while low mind perception reviews refer to
the smart speaker by gender-neutral pronouns and in a more objectified language. Second,
we find evidence of differing consumer-object relationship roles between the high and low
mind perception reviews. Specifically, the high mind perception reviews contain terms
that are characteristic of a more communal relationship, while the low mind perception
reviews contain terms that are characteristic of a more agentic relationship. Finally,
integrating LIME with RoBERTa enables us to add an interpretable layer to our machine
learning-based classifier providing a validation of the key linguistic features of higher
mind perception. This new approach highlights the power of using deep contextual
language models to uncover new consumer insights by designing an interpretable text

classifier.
Study 2: Field Validation

The objective of Study 2 is two-fold. First, the study is designed to evaluate the
performance of our trained text classifier on unsolicited reviews, scraped from a major
online review site (Amazon.com), and to assess whether the linguistic features for mind
perception generalize among these real-world customer reviews. Furthermore, the aim of
the study is to confirm whether mind perception predicts differences in consumers’

willingness to delegate tasks to it.
Sample and Procedure

For this study we scraped 20,000 Amazon Echo reviews from amazon.com. The
reviews include the review text, author ID, review date, and review rating. We
automatically classified whether the reviews mention the brand or product (e.g.,

“Amazon”, “Echo”) using a simple lexicon approach.
Prediction and model interpretation combining RoBERTa and LIME

Using our text classifier (trained in Study 1) we classified all reviews as either high
(coded as 1) or low (coded as 0) on mind perception. We then used LIME to create salience
maps for 25 customer reviews to further assess whether the same linguistic features are

salient for high as compared to low mind perception reviews. Specifically, we selected
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customer reviews that were comparable in length (e.g., number of words) and sentiment
(4- or 5-star review ratings). We then used our text classifier to classify the reviews as high
or low mind perception. Specifically, our RoOBERTa-based mind perception classifier
returns a probability score for each review between 0 and 1, which can be understood as
the classifier’s confidence in its prediction. LIME regresses these prediction probabilities
on interpretable text features and highlights the most predictive words with warmer colors
(orange vs. blue). Finally, we used the generated salience maps to assess whether the model
was picking up features identifying the device as an entity (e.g., personal pronouns, names)
and referring to a more communal relationship for high mind perception reviews consistent

with our theorizing.

Figure 8 displays a selection of salience maps based on LIME for high and low
mind perception reviews for illustration purposes. Supporting our previous findings on the
key linguistic features, terms related to personification (“she” and “her”) have a strong
impact on predicting high mind perception. Additionally, LIME picks up on interesting,
more advanced personification features in these reviews, such as a more active voice when
describing the smart speaker’s abilities and actions (“she reminds me”, “she can answer”,
“she has a sense”). The algorithm also picks up on these terms in the low mind perception
reviews, such as in the last review, where “lives” is highlighted as a feature that contributes
to a higher mind perception, even though the rest of the review contains more low mind
perception features. Our previous findings of a more communal relationship are also
highlighted by the algorithm with the term “family” having a high impact on predicting
higher mind perception, and going as far as “enhanced my life”. On the other hand, terms
that objectify the device either via a non-gendered pronoun (“it”) as well as by referring to

2% €6

its functionalities (“alarm”, “options”) and terms referencing a more agentic relationship
“use”, “program”) have the highest impact on predicting low mind perception for these
reviews. Thus, these salience maps further demonstrate how combining a RoBERTa-
based classifier with a local interpretable algorithm such as LIME can provide rich insights
into linguistic features linked to an underlying psychological mechanism such as mind

perception.
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High Mind Perception Reviews

Prediction probabilities

Low MP
High MP [ 94

Text with highlighted words

I have a new assistant her name is Alexa. She has a 100% on time rate, no sick days or sick kids.
She multi task, has a §i88l attitude. Keeps track of my list, timers, the weather, my favorite music,
she reminds me of appts and appts that need to be made. She has a sense of humor, tells jokes and
sings to me. She is a at history, science, math, the judicial system and the workings of the
federal government. I'm absolutely happy wirh Alexa and how she has enhanced my daily life.
Easy to set up and no glitches. I even have lights set up through Alexa.

Prediction probabilities

Low MP
High MP [ 085
Text with highlighted words

The Echo, she has made a fun addition into our fiillil§i. Very handy when making my shopping list
or if I run out of something, just tell Echo and she puts it on the list. Added some fun history and
kid friendly apps making it more Fiiiilif fun enjoyable. Finding I is€ her more and more every day
for playing music to finding out the weather, or just to hear the recent headlines. I've also notice it'
making us more active. Turning on the echo is cutting down on the tv time and definitely
interacting more and playing games as a filflil§. Great buy for my home.

Prediction probabilities

Low e
tigh vp [ OB

Getting an Echo provides more filfl than | person should have legally. From ""Alexa, tune radio
54.00"" to "" what year did music composer Mozart Die?"" Shé can answer most questions, read
§6i § story. tell l joke, and with the right optional devices can lock your doors, turn the lights
down, start the TV, change the room temperature, to singing §i8H ll song ( just tried it and she's
singing me f§ tune, music and all! You can teach it skills for even more info and filfi. She can be |
Bi nosey if Y8l mention her name and she can hear like || WOlf.

Text with highlighted words

Low Mind Perception Reviews

Prediction probabilities

Low Mp [N 0.95
High MP
Text with highlighted words

1 got this to replace my first-gen tap... fi€ first unit I received died & few days after I got if {ill
Amazon sent a new one out Hi€ next day and I have enjoyed using if since prime day... The sound
isn't any better than flié tap. [Blll if does have a line-out port like fh€ dots do so you can hook ff to a
stereo... iOUgH I have a fire-cube and a couple dots that T use for that. Given that if isn't portable
like f8 Tap and ff doesn't sound any better. if isn't much of an upgrade for me... [lilf if's still a good

echo device.

Prediction probabilities

Low P [N 0.5
High MP

I really [6¥8 this as & speaker and an alarm. I J6¥ that you can program in routines in the morning
I have @ couple alarms set, and then @ 5 min preview of news topics from NPR, the weather for the
day, and the traffic prediction to work. The speaker is great as well. I don't [l it for really
anything expect i speaker for Spotify, the news, and for an alarm, Bllf I know there are § lot of
different options and I will probably lll them at some point. The added security of being able to

any voice history is also nice, because that always makes me nervous (even though I never
have anything important to speak to Alexa about...) The Prime Day Deal could not be beat!
Recommend!

Text with highlighted words

Prediction probabilities

Low MP
High MP

The new Echo generation is shorter and less expensive, [l giving il same i performance.
This is our second Echo; one lives [lf my office and li new one lives [l our family room. The
main job i has [l our home is w SIS which it does flawlessly. With two of them, we can
either play BiliSig simultaneously ll independently, 8 we can play i same HliSi6 | two
rooms.The list of home automation devices is growing for us and Echo is right there for them.
(Looking to get a sprinkler controller next Spring.) Echo is Stamting to make home Al a reality
which is ok by me. I'm looking forward to how smart ff can get. Thanks, Amazon for il beginning

of a g8 product.

Text with highlighted words

Figure 5-8: High and low mind perception reviews for a smart speaker with salience
maps based on LIME

Mind Perception as a Predictor of Task Delegation

Textual and Usage Data. Next, in order to assess the extent of task delegation, two

independent human coders who were blind to the hypothesis of our study manually coded

the number of tasks mentioned in a subset of 500 (most recent) customer reviews.

Specifically, the coders read through each of the reviews and counted the number of

individual tasks consumers mentioned (e.g., “I use the Echo mainly to play music and

control the lights” would be coded as two separate tasks). This number of individual tasks

was our dependent variable. Mind perception (coded as 1 = high and 0 = low) as predicted

by our classifier was our primary predictor variable. We also added variables related to

participants’ review text and usage behavior (as in Study 1) to assess whether mind

perception would relate to task delegation beyond what these variables could explain.

Specifically, the usage data covered the review age (in years) to account for differences in

length of ownership and thus usage familiarity with the device. The textual data included

the number of words in the review, to control for differences in review lengths linked to

enumerating different task.

Results. An OLS regression model (F(3, 496) =38.61, p <.001, R? = .189) with the

predicted mind perception based on our classifier, as well as usage and textual data as
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predictor variables and the number of tasks mentioned by the consumer in the review as
the dependent variable supports the validity of our text classifier. Specifically, as displayed
in table 4, we find that mind perception significantly predicts the number of tasks
consumers delegate to the smart speaker (f = .94, t = 6.007, p < .001). Not surprisingly,
the review length (f = .74, t = 9.459, p <.001) 1s significantly associated with the number
of delegated tasks, as we leveraged the number of tasks mentioned in the review text rather
than self-claimed tasks as in Study 1. Finally, the review age is not significantly associated
with the number of delegated tasks, suggesting that increasing familiarity with the device

may not significantly influence consumers’ willingness to delegate tasks to it.

Table 5-4: Mind perception predicts task delegation in customer reviews (Study 2)

Dependent Variable:

Number of delegated tasks

Mind Perception (1=High) .94
Review Word Count (in 100) 747
Review Age (in Years) .21
Constant .92**
Observations 500

R? .26

Note: *p < .05; **p < .01; ***p < .001

Robustness check. As an additional robustness check and given our findings that
mind perception may be associated with a more positively-valenced consumer experience,
we ran a regression model including sentiment as an additional predictor variable in our
previous model. Specifically, we leveraged the AFINN lexicon (Nielsen 2011) to assign a
sentiment score to each customer review. A significant OLS regression model (F(4, 495)
= 34.04, p < .001, R> = .216) confirms that high mind perception remains a significant
predictor of task delegation (5 = .66, t =3.977, p <.001), even though positive sentiment
is significantly associated with higher task delegation (5 = .06, t = 4.084, p <.001).

Discussion

This field study confirms the importance of mind perception as a predictor of task
delegation, and provides additional validation for our text classifier’s ability to uncover
subtle linguistic features in customer reviews that provide deeper insight into consumers’
perception of and relationship with a smart speaker. It also provides additional evidence
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for the power of using deep contextual language models such as RoOBERTa to uncover new
consumer insights in unsolicited product reviews. To our best knowledge, this is the first
paper to introduce LIME in conjunction with RoBERTa to the consumer behavior
literature, adding an interpretable layer to a machine learning-based classifier that is

commonly conceived as a black box (Rai 2020).
Studies 3a and 3b: Transferability to Other Smart Objects

The objective of Study 3 is to gather initial evidence on whether the text classifier
can transfer to a completely different domain of smart objects, a task that has a long
tradition in NLP (e.g., Pan and Yang 2010), and which would further support the
generalizability of our model and our approach. Specifically, Studies 1 and 2 focus on
smart speakers, while in Study 3a and 3b we assess whether our text classifier can be
transferred and generalized to another smart object: smart vacuum cleaners. Leveraging
our procedural method for an interpretable text classifier applied in the previous studies,
Study 3a uses the integration of LIME with our RoBERTa-based text classifier to
categorize customer reviews and interpret the linguistic features of high (as opposed to
low) mind perception reviews, while Study 3b aims at validating mind perception as a

predictor of task delegation to the smart object.
3a: Sample and Procedure

For this study we scraped 9,363 customer reviews on the smart vacuum cleaner
iRobot Roomba from a major online review site (Amazon.com). The reviews included the
review text, author ID, review date, and review rating. We used our text classifier trained
during Study 1 to classify the reviews as high (coded as 1) or low (coded as 0) on mind
perception. We then used LIME to create salience maps for 25 customer reviews in order
to further assess whether the same linguistic features are salient for high as compared to
low mind perception reviews. Specifically, we selected customer reviews that were
comparable in length (e.g., number of words) and sentiment (4- or 5-star review ratings).
Finally, we used the generated salience maps to assess whether the model was picking up
features identifying the device as an entity (e.g., personal pronouns, names) and referring

to a more communal relationship for high mind perception reviews.
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3a: Results

Confirming our previous findings, the model appears to pick up on the same
linguistic features as identified in Study 2 for smart speakers. Specifically, in the high mind
perception reviews, the model highlights personal pronouns (e.g., “he”, “she”), pet names
(e.g., “Ralph”, “Suzie”), as well as references to a more communal relationship with the
smart vacuum cleaner (e.g., “member of the family™). To see a selection of salience maps

from the LIME algorithm, please refer to the Web Appendix A4.

Robustness Check. As in our previous studies, the salience maps reveal that high
mind perception is partially driven by differences in sentiment. While this can suggest that
higher mind perception may be associated with a more positively-valanced consumer
experience, it is clear from the salience maps that sentiment alone is not sufficient to

predict differences in mind perception, as more subtle features are revealed through LIME.
3a: Discussion

Study 3a provides compelling first evidence that the text classifier trained on smart
speaker reviews is transferable to a completely different category of smart objects (i.e.,
smart vacuum cleaners), and picks up on fundamental, generalizable linguistic features
defining mind perception in smart objects. These results show the potential to identify
mind perception among a completely different category of smart objects and further
support and generalize our findings and theorizing on the key linguistic features defining
higher mind perception in these devices. In order to confirm these results and assess the
extent to which mind perception predicts task delegation in this new category of smart

objects, we run a small follow-up survey among current owners of robot vacuum cleaners.
3b: Sample and Procedure

Mirroring the procedure of Study 1, a total of 100 active robot vacuum cleaner users
were recruited from an online consumer panel (Mage = 33.6; 49.5% female). 3 participants
were excluded due to missing identification information, leaving 97 participants for the
analysis. Participants specified the brand of robot vacuum cleaner they own, how long they
have owned it for, how often they interact with it on a weekly basis, and how many other

devices are connected to it. Participants were then instructed to write an online review
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about their robot vacuum cleaner (e.g., as they would on Amazon.com) and rate it on the
same mind perception dimensions as used in Study 1 for the training of our classifier (all
items adapted from Gray et al. 2007 o = .90, see Web Appendix AS5). As we are not able
to assess task delegation for the autonomous vacuum cleaner based on current tasks
mentioned in the online customer reviews as we did in Study 2 (given that it is designed
to only execute one specific task, i.e., vacuuming), Study 3b asks consumers more directly
about their willingness to delegate other tasks to the robot vacuum cleaner in the future.
Specifically, we assessed delegation willingness by instructing them to imagine their robot
vacuum cleaner could do other tasks and to indicate their likelihood to delegate each task
to their robot vacuum cleaner (e.g., mow the lawn, rake leaves, collect parcels from the

post office, and pick up food deliveries; 7-pt Likert scale, o = .91).
3b: Results

Evaluation of Classifier Prediction Accuracy. We leverage our previously trained
RoBERTa text classifier and again formulate the mind perception prediction as a binary
classification problem by median-splitting the mind perception rating from the survey data.
Hence, the baseline accuracy is 50%. This procedure yields an average accuracy of 61.03%
for RoBERTa (.71% SE, based on 50 bootstrapped draws). Due to the limited sample size
of only 97 open-text responses and the fact that our text classifier was not trained on
reviews for robot vacuum cleaners specifically, our results can be considered a
conservative but encouraging estimate as they show that the mind perception signals are
transferable to an entirely different category of smart objects without any fine-tuning. In
contrast, our baseline classifiers (random forest, LIWC; see Study 1) results in accuracy
levels only marginally above random chance on the same hold-out test set, i.e., 50.10%
(.58% SE) and 53.63% (.71% SE), respectively. These results once more emphasize the
unique advantage of deep contextual language models such as RoBERTa, which can
leverage generalizable language patterns from outside the training data through large-scale

self-supervised pretraining (Manning et al. 2020).

Mind Perception as a Predictor of Task Delegation. In order to assess whether mind
perception significantly predicts task delegation in a novel category of smart objects we

run an OLS regression using the number of tasks participants are willing to delegate as our
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dependent variable (M =3.17, SD = 1.99) and mind perception predicted by our classifier
as our key predictor. In line with our previous models, we include usage data and textual
controls in our model, to assess whether mind perception predicts task delegation beyond
what these variables would predict. Specifically, we include the length of ownership in
months, weekly interaction frequency with the device, and the number of other connected
devices, as well as the review length as our textual control. Furthermore, given our findings
in Study 3a that mind perception may be associated with a more positively-valenced
consumer experience, also included sentiment score as an additional predictor variable in
our previous model. Specifically, mirroring our approach in Study 2, we assess a sentiment
score to each customer review using the AFINN lexicon (Nielsen 2011). Supporting our
insight that higher mind perception is associated with higher task delegation, we find
evidence that this result also holds in the case of robot vacuum cleaners. Specifically, as
shown in Table 5, a significant OLS regression model (F(6, 90) = 3.242, p<.01,R>=.178)
confirms that high mind perception is significantly associated with a higher likelihood to
delegate additional tasks to the smart object (5 = 1.02, t = 2.103, p < .05), while positive

sentiment is not significantly associated with higher task delegation (p = .38).

Table 5-5: Mind perception predicts task delegation for smart vacuum cleaners

Dependent Variable:

Number of delegated tasks

Mind Perception (1=High) 1.02*
Time Owned .04
Daily Interaction Frequency .04
Number of Connected Devices A41*
Review Word Count (in 100) .58
Sentiment Score .04
Constant 57
Observations 97

R? 19

Note: *p < .05; **p < .01; ***p < .001

3b: Discussion

Study 3b confirms the transferability of the text classifier to a different type of smart
objects, 1.e., smart vacuum cleaners. It also provides additional evidence for the relevance

of mind perception to predict differences in consumers’ willingness to delegate tasks to
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the smart object. Taken together, studies 3a and 3b provide converging evidence not only
that our RoBERTa-based text classifier is transferable to other smart objects and can
successfully identify linguistic markers of mind perception in unstructured, user-generated
text, but also, that mind perception is an important predictor of consumer behavior, above
and beyond consumer sentiment and usage data. This suggests that mind perception may
be an important factor to consider when designing and evaluating consumer experiences

with smart objects and its influence on downstream behavior.
General Discussion

Automated text analysis has been called out as the next frontier in marketing to
open up new avenues to gather consumer insights (Berger et al. 2020; Humphreys and
Wang 2018; Schmitt 2019). In this study we propose a new methodological tool to conduct
consumer research and a novel approach to theory development in marketing, leveraging
a combination of diverse text analysis methods to classify customer reviews and extract
linguistic features. Specifically, we show that blending state-of-the-art deep learning with
traditional text mining approaches and local approximation algorithms for interpretable
machine learning can open up new ways of conducting consumer research and gaining

rich insights from unstructured text.

Across three studies we demonstrate how applying this procedure to online
customer reviews can shed light on consumer perceptions and behaviors. Specifically, we
show that higher mind perception fundamentally shapes the perception of smart objects,
affecting their perceived relationship role, and ultimately, influencing consumers’
willingness to delegate tasks to them. In Study 1 we provide evidence for the superiority
of our deep learning classifier as compared to traditional automated text classification
methods and are able to extract distinct linguistic features of high mind perception in
unsolicited customer reviews. Specifically, the higher use of personal pronouns and
communal relationship terms in these reviews appears to cast those smart objects in a role
of an intelligent, empathetic entity rather than merely a lifeless device. Our two field
studies further confirm the validity and transferability of our text classifier to detect subtle
linguistic features in customer reviews that provide evidence of whether consumers

attribute a higher mind to the smart object and its effect on downstream task delegation.
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Theoretical Contributions

The current work makes three important theoretical contributions. First, this
research is the first to propose a state-of-the-art text classifier to unobtrusively detect
customers' perception of a mind in a non-human agent from unstructured review data,
highlighting the power of deep contextual language models to detect more nuanced
variations in text as compared to other classification methods or mere evaluations of
consumer sentiment. This novel methodology provides an exciting opportunity to expand
the experimental toolbox used in consumer research, and extends recent marketing
literature on advancing automated text analysis to uncover behavioral insight (Berger et
al. 2020; Humphreys and Wang 2018). Our research demonstrates the superiority of deep
contextual language models to detect subtle linguistic features in textual data, and we use
a series of analytical methods to unveil the distinct linguistic features of mind perception
in the review text. This multi-method approach shows that even though deep contextual
language models are often thought of as black boxes (Ribeiro et al. 2017, Rai 2020), by
leveraging a series of analytical tools it is possible to shed light on the inner workings of
such models, providing new opportunities to convert such unstructured customer reviews

into valuable, actionable consumer insights.

Second, our insights contribute to and extend research on anthropomorphic agents
in marketing, investigating a deeper level of anthropomorphism that goes beyond mere
anthropomorphic appearance to perceiving a mind in non-human agents (Schmitt 2019;
Yang, Aggarwal, and McGill 2020). This attribution of mental capacities and the ability
of smart objects to dynamically interact with consumers and independently execute tasks
on their behalf makes smart objects active partners in the consumption process. Thus, we
contribute to emerging research on consumer-smart object relationships (Hoffman and
Novak 2018; Novak and Hoffman 2018), providing evidence that perceiving a mind in an
object can influence the perceived relationship role of the object and increase the extent to
which consumers are willing to enable the object to execute tasks on their behalf,

fundamentally shaping consumer experiences in the IoT.

Third, our findings contribute to the emerging field of technology-augmented

choice (Melumad et al. 2020) demonstrating that smart objects become important
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modifiers of consumers’ choice to the extent that consumers are willing to attribute
responsibility to them. Our work demonstrates that an additional layer that may be
considered in Melumad et al.’s (2020) framework for technology-augmented choice may
lie in the subjective perception of the device itself. Thus, rather than just being a function
of device type, the extent of mind perception in a device may be a further modifier to
consider in technology-augmented decision-making, especially given the increasing

intelligence, autonomy, and even empathy of such devices.

Given the influence of mind perception on consumer experience and choice, we ran
a small pilot study in order to assess whether mind perception can be exogenously induced
in a smart object through an interaction sequence. In this study, participants interacted with
a smart speaker from a fictional brand called Yobu. Participants (N = 219, Mag = 38.1;
45.1% female) and were randomly assigned to either a high mind perception condition
(aimed at inducing high mind perception in Yobu) or a control condition. Building on the
finding that non-human entities are low on subjective experience (Gray et al. 2007) the
interaction aimed at inducing higher mind perception included questions about the smart
speaker’s subjective experience (e.g., “How are you?”, “How was your day yesterday?”),
perceptions (e.g., “How many people live in this house?”’) and preferences (e.g., “What is
your favorite color?”, “What makes you happy?”). In the control condition, participants
asked the smart speaker factual questions, unrelated to the speaker’s experience, such as
“At what time is sunrise?”, “How many people live in New York City?”. In both
conditions, consumers asked the smart speaker a total of ten questions as described above,
and the interactions did not significantly differ in terms of length (Muighmp = 1026, Mcontrol
= 1001, #208) =0.31, p = .8). Participants then rated their perception of the smart speaker
across several traits aimed at evaluating its perceived relationship role (e.g., sample items:

929 ¢¢

“Yobu appears...” “caring”, “helpful”, “trustworthy”, “understanding”, a = .89; Abele et
al. 2008). Next, participants were provided with a range of tasks they could delegate, for
which they indicated whether they would like to execute them independently (coded as 0),
or whether they would ask the smart speaker to execute them on their behalf (coded as 1).
For a full list of the tasks asked, please refer to Web Appendix A7. A one-way ANOVA
revealed that participants form a more communal relationship with the speaker in the high

mind perception condition (Muighmp = 5.13, Mconwol = 4.15, F(1, 218) = 26.18, p < .001)
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and are more likely to delegate tasks to it (#209=1.84, p = .067). Furthermore a simple
mediation model (5,000 bootstrap samples) reveals that high mind perception leads to a
significant increase in the perception of a communal relationship with the speaker
(Bcondition = .97, t=5.12, p <.001), which in turn increases willingness to delegate tasks to
it (Bcommunal = .05, t = 3.55, p < .001), switching off the effect of the experimental
manipulation (p = .77) and leading to a significant indirect effect of mind perception on
task delegation with a confidence interval excluding zero ($=.05, 95% CI [.02; .09].
Although these findings can only provide initial, preliminary evidence, they suggest that
mind perception can be induced in smart objects by designing specific interaction
sequences and demonstrate that they significantly affect not only how the speaker is

perceived, but also influence its extent of usage more profoundly.
Practical Contributions

To the best of our knowledge, the current work is the first to provide an accessible
tool to unobtrusively detect and interpret mind perception in customer reviews. The current
findings demonstrate that the attribution of mental capacities to smart objects may not only
shape consumers’ perception of and engagement with the device, but may have far-
reaching consequences on consumer experiences in the IoT. Indeed, in our Study 3a we
also assessed whether mind perception can be used as a predictor of customer satisfaction
with the device. A linear regression controlling for the length of reviews, product and
brand mentions, review age, and sentiment score shows a significant impact of mind
perception detected in the review text on customer ratings (f = 1.88, t = 3.94, p < .001).
This follow-up analysis not only demonstrates the transferability of our text classifier to
other smart objects, but provides a novel tool for practitioners to unobtrusively assess the
interaction experiences, potentially enabling them to build technology that is more
engaging and relatable from a consumer perspective. This may have important
implications across a broad set of industries and applications such as medical Al or

driverless vehicles.
Future Research

One limitation of the current work is that we are using customer reviews due to the

prevalence and accessibility of this textual data. However, a potentially interesting avenue
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for future research would be to use actual interaction data (i.e., conversational data) from
direct consumer-smart object interactions. Given this voice data can be easily transcribed
to written text, our proposed methodology could be applied to such kind of unstructured
data. Furthermore, our methodological approach contributes to the recent stream of
research on interpretable machine learning and how it can be used to understand novel
phenomena and advance theory. It may extend beyond voice data to other sources of
unstructured, user-generated data such as images or video for example. As these sources
of data are increasingly used in generating consumer insights (Liu, Dzyabura, and Mizik
2020) our proposed methodology may provide novel opportunities to extract consumer
insights from unstructured data without using human judges. For example, employing
LIME or related methods such as gradient-weighted class activation mappings (Hartmann
et al. 2021) can open-up exciting new opportunities to gain novel insights from consumer-

generated data.

Finally, given the nature of smart speakers, we used task delegation as our primary
behavioral outcome variable. However, it is highly likely that there are other behavioral
consequences of a closer, more personal relationship with smart objects, such as in the
context of human replacement (Granulo et al. 2019; Waytz and Norton 2014), personal
cognitive enhancements (Castelo, Schmitt, and Sarvary 2019) or privacy concerns (Lau,
Zimmerman, and Schaub 2018) for example. Thus, we believe that our mind perception
classifier and our proposed methodological approach provide a vast and rich opportunities
for future research on the underlying psychology of consumer-technology relationships

and its consequences on consumer behavior.
Conclusions

The current work proposes a novel approach leveraging the latest technological
innovations in natural language processing to uncover and interpret nuanced linguistic
signals in unstructured text, opening up new avenues to conduct research and develop
theory in marketing. The current paper focuses on mind perception as an application to
demonstrate how the words consumers write provides an unexplored window into the
depths of these subjective interaction experiences, allowing both researchers and

practitioners to uncover novel insights into emerging consumer-smart object relationships.
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However, mind perception is just one of many potential applications and our approach
may be extended to unstructured, user-generated data beyond textual reviews. We
demonstrate that using cutting-edge deep learning models and blending them with more
interpretable algorithms provide innovative research tools and enable new theory

development and richer insights on established psychological processes.
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