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ABSTRACT

With the increased use of social robots in prominence and beyond functional performance,
they are expected to foster trust and confidence in people. Various factors involve
providing social robots with more trustworthy behavior. This dissertation aimed to
investigate the effectiveness of social robots’ different behaviors on perceived trust in
human-robot interaction. Three behaviors were studied including; 1) listening behaviors,
2) benevolence and competence attributes, and 3) self-backstory disclosure. Three studies
were conducted to inspect the effect of these behaviors on different types of general,

cognitive and affective trust.

The first study investigated whether the listening behaviors of social robots could
affect the perception of trustworthiness in human-robot interaction. The results indicated
that “active empathic listening behavior” provided the participants with the highest
impression of trustworthiness, compared to other forms of listening such as “active
listening”, specifically in affective trust. For nonverbal and verbal dimensions of listening
behaviors, it was confirmed that nonverbal behaviors such as nodding, body movement,
and eye gaze along with verbal behaviors, had a significant effect in eliciting higher
affective trust in human-robot interaction. Moreover, the social robot with active
empathic listening behavior was perceived as more alive, likable, and intelligent.

Therefore, it could enhance the anthropomorphic attributes of social robots.

The second study investigated how the competence and benevolence characteristics
of social robots affected the perception of trustworthiness and were integrated in human-
robot trust relations. The results revealed the effectiveness of both benevolence and
competence attributes in human-robot trust, as the social robot that behaved as competent-
benevolent, competent-nonbenevolent, and benevolent-noncompetent was assessed to
have higher general trust than that of the noncompetent-nonbenevolent robot.
Furthermore, the results confirmed the primacy of benevolence in fostering affective trust,
and modulating general and cognitive trust. However, the perceived competence of the
social robot did not significantly influence cognitive trust.

The third study examined the influence of a social robot which disclosed its own

backstories and experiences, on the development of trust in human-robot interaction. The



results indicated that the social robot disclosing a happy backstory provided the
participants with higher impression of trustworthiness in general and affective trust
compared to the social robot telling no backstory. However, the social robot disclosing
sorrowful backstory was not evaluated to lead to higher trustworthiness than the social
robot with no backstory. Furthermore, the social robot with happy backstory scored
higher than the one with sorrowful backstory in all types of general, affective and

cognitive trust.

Overall, the results indicated the importance of social robots’ behaviors in human-
robot trust, and confirmed that social robots’ behaviors influence people’s perceived trust
in different ways. It was appeared that influential factors and behaviors in interpersonal
trust could be comparable to human-robot trust, and participants treated social robots in
a manner similar to human beings. Moreover, empathic and emotional behaviors of social
robots played a significant role in enhancing trustworthiness of robots, specifically in
terms of affective trust, which emphasizes the importance of developing emotional robots

in future.
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GLOSSARY OF WRITING TERMS

Social robots: Type of robots designed to interact with human users in a natural, and

interpersonal manner, and to operate in human environments alongside people.

Human-robot interaction (HRI): A research field to understand, design, and evaluate

robot systems used by humans.

Human-robot trust (HRT): A measure of how much users rely on an automated system

or robots to achieve a goal.

General trust: The attitude that an agent will help to achieve an individual’s goals in a

situation characterized by uncertainty and vulnerability

Affective trust: Type of trust based on emotions, feelings and moods

Cognitive trust: Type of trust based on rational decision-making, knowledge and good
reasons

Active listening (AL): A form of carefully and attentively listening and responding
verbally and nonverbally to the speaker, to achieve a deeper understanding of the message

and context.

Active empathic listening (AEL): A form of listening in which conventional AL is

combined with empathy to achieve a superior and more effective form of listening.

Benevolence: An attribute which a person shows positive intention toward others,

without any bad intentions behind it.

Competence: An attribute which refers to someone’s ability to provide accurate
information, including characteristics such as intelligence, capability, expertise,

knowledge, skill, and efficiency.

Self-backstory: A story is told about oneself including experiences, capabilities,

limitations, and any other personal information that might be disclosed.

Xl



LIST OF ABBRIVATIONS

HRI: Human-Robot Interaction

HRT: Human-Robot trust

AL: Active Listening

AEL: Active Empathic Listening

NAL.: nonactive-nonempathic listening

AELvo: Verbal-Only Active Empathic Listening
NB-NCc: NonBenevolent-NonCompetent condition
NB-Cc: NonBenevolent-Competent condition
NC-Bc: NonCompetent-Benevolent condition
B-Cc: Benevolent-Competent condition

H-Bc: Happy Backstory condition

S-Bc: Sorrowful Backstory condition

N-Bc: No Backstory condition
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Chapter 1 I Introduction

CHAPTER 1
INTRODUCTION

1.1 TRUST IN HUMAN-ROBOT INTERACTION

Robots emanate from the field of automation, and the definitions range from
programmable automation to automated systems that acts on its own decisions with input
from a human operator, and may have human characteristics such as complex actions and
anthropomorphic features (Schaefer, 2013). Robots development and utilization is
expanding from the traditional and passive tool-based robots to that of active social robots
that interact and integrate with humans in various contexts (Chen & Terrence, 2009).
Indeed, we see robots becoming social entities, designed to serve as our companions, aid
us in various tasks, and even provide entertainment. These robots, commonly referred to
as social robots are designed to interact with human users in a natural, and interpersonal
manner, and they communicate and coordinate their behavior with humans through verbal,
nonverbal, or affective modalities (Breazeal et al., 2016; Mahdi et al., 2022). Social robots
represent a special technology, as they are purposefully designed to accompany and assist
individuals in their daily lives, and become a ubiquitous aspect of modern society.
Consequently, they are integrated in various domains as close to people as possible, and
currently are becoming popular in several contexts, such as healthcare, education, service,

entertainment, and research (see Mahdi et al., 2022).

Furthermore, Scholtz (2003) has suggested that the type of interaction with robots,
beside other qualities such as physical nature of the robot, differentiate human-robot
interaction from other human-computer or human-machine interactions. For human-robot
cooperation to be successful, it must not only be physically safe, but also psychologically
comfortable for the person and socially acceptable (David et al., 2022). Meanwhile, as
the applications of robots evolve toward greater social roles, it becomes imperative to
explore how humans perceive these social robots with whom they are meant to interact
with. Moreover, if social robots are to be used in everyday environments, they will have
to encounter and interact with people, and they must be capable of operating in chaotic

and unpredictable environments, ensuring safety and efficiency while performing tasks
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(Lum, 2020). Thus, the field of human-robot interaction (HRI) strives to enhance the
quality of interactions between social robots and humans across multiple dimensions,
encompassing the social, behavioral, emotional, cognitive, and psychological aspects.
Furthermore, HRI has attempted to design social robots that are useful, intuitive, and user-
friendly to interact and collaborate with humans (Beer et al., 2017), though HRI research
is still relatively new in comparison to traditional robotics fields.

However, social robots are being introduced more and more into our daily lives, it
does not necessarily guarantee that they are well accepted. Meanwhile, the willingness of
people to accept robot-generated information and the robot’s suggestions are strongly
associated with the perceived trust of the robot, and people intervene the robots sooner if
they are not trustworthy (Stanton & Stevens, 2017). Human’s trust of robots will influence
whether they are accepted to engage in social interactions with humans. It is also argued
that trust mediates the relationship between people and technology, just as it mediates
relationships between people (Lee & See, 2004). Trust plays a pivotal role in overcoming
the cognitive complexity individuals encounter when interacting with sophisticated robot
technologies. People tend to place their trust in social robots they find reliable, while often
rejecting social robots they don't trust. Ultimately, trust in robots shape how much humans
rely on robots in various domains. Therefore, trust is crucial in maintaining the utilization
of robot systems by users and for fostering effective relationships with robots (Kim et al.,
2020). In HRI, despite the obvious need to investigate the trust, the primary focus was
placed on the technical design of robots and recently, the concern for this issue is
increasing with advancements in robot functionality (Hancock et al., 2011; Schaefer,
2013).

Trust is a topic in human communication (Robbins, 2014), and the foundation of
interpersonal cooperation. Many interpersonal relationships in marriage, friendship, and
management, as well as important personality traits and survival of social groups, depend
on the presence of trust (Simpson, 2007). The significance of trust has been a subject of
inquiry in various contexts throughout the history (see Robbins, 2014). Some common
areas of research on trust include trust in interpersonal relationships, trust in organizations
and institutions, and trust in government. There are also many studies that explore the
antecedents and consequences of trust, as well as how trust can be measured, developed,

and maintained (see Hasnain, 2018). While there is a significant body of research on

2



Chapter 1 I Introduction

human-human trust, the study of human-robot trust is a relatively recent and emerging
field, and the earliest empirical research did not occur until the latter half of the 1990s
(Schaefer, 2013). Therefore, there remains a substantial opportunity for further
investigation into the antecedents of trust in social robots. This is particularly pertinent
when considering the behavioral aspects of social robots, that possess the capacity and
probability of dissatisfaction and harmful usage of technology and social robots. Thus,
the primary focus of my dissertation has been to research trust in human-robot interactions,
with the aim of establishing and enhancing trustworthiness in humans' interactions with

future social robots.

1.1.1 Two approaches in human-robot trust

Trust in technology, and specifically in HRI is a relatively new field of study with ongoing
research. Indeed, trust in HRI was derived from human communication and interpersonal
trust. However, there are several controversial debates as to whether or not interpersonal
trust can be useful and applicable to technological and robotic domain. Muir (1987) stated
that individuals’ trust in machines can be affected by similar factors in interpersonal trust;
therefore, the model of trust between humans can be useful and valuable to designers of
HRI in general. Certain researches have indicated that the social norms and social
psychological principles governing human-human interaction may also apply to human-
computer interaction, as users tend to respond to machines as independent entities (see
Madhavan & Wiegmann, 2007). Sheridan (1975) argued that trust can mediate relations
between people and automation, as it does between individuals. However, other
researchers such as Lewandowsky et al. (2000) believe that individuals trust to
technology different than people and it is unclear whether findings related to trust in
human communication can be transferred and applied to automation and HRI field. Jian
et al. (2000) described that people are convinced differently of human-automation
interaction from human relations because the negative outcome of distrust in humans
seems larger than non-human entities. Furthermore, Madhavan and Wiegmann (2007)
revealed that while humans may react socially to machines, there are still subtle

differences in the manner in which humans perceive automated aids vs human advisors.

Furthermore, human-robot trust (HRT) have been considered an extension of the

factors affecting human-automation trust and share similar characteristics. However,
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Hancock et al. (2011) stated that robots differ from most of other automated systems in
that they are interactive, mobile, designed to effect at a distance, and approximate human
and animal forms, which suggests a different paradigm for HRT compared with other
forms of automation. Unlike automated systems and computer interfaces used in
industrial fields, social robots are supposed to have a characteristic in that it is designed
by imitating the tasks or behaviours performed by humans. Moreover, robots are
perceived to respond to situations self-governed and not anticipated in contrast to
automation which is supposed to be pre-programmed (Natarajan & Gombolay, 2020).
Therefore, the type of interactions with robots requires different issues of trust than the

general domain of human-automation trust.

Thus, the domain of HRT is still demanding and it needs further research about the
factors and behaviors causing interpersonal trust and human-automation trust, and
examining those factors and behaviors in HRI applications across multiple dimensions
(i.e., cognitive, affective, physical, and behavioral). Improving trustworthiness of social
robots is necessary to design reliable social robots with beneficial roles and as

contributors to human decisions.

1.2 TRUST DEFINITIONS

Trust has been conceptualized in various ways across different fields of study (see
Robbins, 2014). According to Schaefer ( 2013) there are over 300 distinct definitions of
trust that have been documented across different research domains, with 32 definitions
specifically related to the domain of HRI. In the field of psychology, the definition by
Rotter (1967) has been predominantly used, which defines trust as “an expectancy held
by an individual or a group that the word, promise, verbal, or written statement of another
individual or group can be relied upon” (p. 651). The primary definition used in the
sociology is from Baeber (1983), who defines trust as two expectations: “(that) of
technically competent performance and of fiduciary obligation and responsibility ” (p.
165). Among the scholars, the definitions of Moorman et al. (1993) and Morgan and Hunt
(1994) have been the most influential (Castaldo et al., 2010). The first authors conceived
trust as a “willingness to rely on the other party in whom one has confidence” (Moorman
et al., 1993). Morgan and Hunt (1994) defined trust as “confidence ” in the other party's

“reliability ” and “integrity.”
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In automation and HRI, trust is defined in various ways (Table 1.1). In one of the
most cited and thorough definitions, trust is defined as “the attitude that an agent will
help to achieve an individual’s goals in a situation characterized by uncertainty and
vulnerability” (Lee & See, 2004). In this definition, an agent can be automation or another
entity that actively interacts with the environment on behalf of the person. This definition
addressed the importance of vulnerability similar to one of the most accepted and used
definitions by Mayer, Davis and Schoorman (1995) in interpersonal trust, which defined
trust as “the willingness of a party to be vulnerable to the outcomes of another party based
on the expectation that the other will perform a particular action important to the trustor,
irrespective of the ability to monitor or control that other party” (Mayer et al., 1995).
This view suggested that vulnerability is significant for trust and without it, trust becomes
unnecessary for the trustor because outcomes seem to be inconsequential. Lee and See’s
definition also suggested that uncertainty is critical to trust, because trust loses its
necessity if the trustor can control the trustee’s actions or has complete knowledge about
them (Moorman et al., 1993). Furthermore, Sheridan (2002) who argued about the
similarities of trust in automation and interpersonal trust, stated that “trust is an effect or
outcome of certain automation characteristics, and trust is a cause of operators’
behaviour when utilizing automation” (Madhavan & Wiegmann, 2007). This definition
focused on the attributes of an automated system and considered trust as an outcome of
its characteristics. This implied that certain characteristics of an automated system, such
as robots, can significantly influence its trustworthiness. This definition closely aligned
with the core objective of my dissertation, as we aimed to explore and understand the
factors contributing to the perceived trustworthiness of social robots.

Overall, trust has been predominantly conceived in different ways in definitions: as
a reliance, a belief, a willingness, an expectation, a confidence, and an attitude, and it is
distinguished by specific characteristics such as benevolence, competencies, honesty and
etc., which establish future actions in situations of consistent perceived risk and
vulnerability (Castaldo et al., 2010). Moreover, there are two main approaches which
consider trust as a belief or a behavior (action) (Reiersen, 2017). Belief-based approach
that originates from Hardin (2001) in which trust and distrust are seen as beliefs about
others’ trustworthiness (Reiersen, 2017). Actions are not trust or mistrust, but only

measurable indicators of these. Hence, trust is not a behavior but rather something that
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underlies a particular behavior and is characterized by what people think or know, not
what they do. On the other side, behavior-based approach is characterized by what people
do. Typically, when trust is regarded as a learned behavior, it is developed through a
gradual process over time, evolving from past experiences or interactions rather than
being an inherent trait (Hupcey et al., 2001). In this study, we mainly focused on
evaluating participants’ trust beliefs or perceptions of social robots, as participants’ trust

actions are diverse and change according to the context and the duration of interaction.

Table 1.1 Some of most cited and important definitions of trust in automation (Schaefer, 2013)

Trust definition Definition citation

An expectation or mental attitude an agent maintains regarding its social Barber (1983)
environment.

Trust is a particular level of subjective probability with which an agent assesses Gambetta (1988)
that another agent or group of agents will perform a particular action, both before
he can monitor such action and in a context in which it affects his own action.

Trust as an effect or outcome of certain automation characteristics (e.g. Sheridan (2002)
reliability) and trust as a cause of operators’ behaviour when utilizing automation.

System automation trust is defined as having confidence in and entrusting the Biros, Daly, and
system automation to do the appropriate action. Gunsch (2004)

The attitude that an agent will help achieve an individual’s goals in a situation Lee and See (2004)
characterized by uncertainty and vulnerability.

The reliance by an agent that actions prejudicial to their well-being will not be Hancock, Billings,
undertaken by influential others. & Schaefer (2011)

1.3 TYPES OF TRUST

There are different categories and types of trust in human communication (e.g., Johnson-
George & Swap, 1982; Rousseau et al., 1998; Yamagishi & Yamagishi, 1994). Each type
of trust relates to a belief about a specific configuration of trust-warranting properties
(Riegelsberger et al., 2005). Table 2.1 lists some of the most cited and important
categories of trust. One of the most valuable, beneficial and the most frequently used
categories is affective and cognitive trust established by Lewis and Weigert (1985), and
extended by McAllister (1995). According to the classification of trust into cognitive and
affective dimensions, trust can be based on rational decision-making or an emotional,
affective foundation. In cognitive trust, “we cognitively choose whom to trust in which
respects and under which circumstances, and we base the choice on what we take to

be ’good reasons’, constituting evidence of trustworthiness” (McAllister, 1995, p. 970).
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The amount of knowledge necessary for trust is somewhere between total knowledge and
total ignorance. Lewis and Weigert (1985) stated that “if one were omniscient, actions
could be undertaken with complete certainty, leaving no need, or even possibility, for
trust to develop. On the other hand, in the case of absolute ignorance, there can be no
reason to trust. When faced by the totally unknown, we can gamble but we cannot trust”
(p. 970). McAllister (1995) defined knowledge and good reasons as the basis for trust
decisions. Cognitive trust is performance-based, and strongly relates to the trustee’s
expertise and competence. It results from accumulated knowledge, and warrants trusting
the trustee with certain level of confidence. Affective trust, which is complementary to
its cognitive type, consists of the emotional bonds between individuals in the relationship
that reciprocally express care and concern. Affective trust relies on a partner’s emotions
and perceived similarity with the interaction partner, and it may go beyond the available
knowledge. It is characterised by the perceived strength of the relationship, the sense of
security felt in the relationship, a high level of emotional investment, mutual caring, and
a willingness to be vulnerable with one another. Affective trust is more difficult to
quantify and assess, as it is based on the feelings, emotions, and moods of the other. The
partner usually acts with benevolence to elicit an emotional bond of trust. Regarding the
relation of cognitive and affective trust, cognitive trust is considered one of the
antecedents of affective trust, and emotions, on the other side, do influence the perception
and cognitive evaluations, even after the dissipation of emotions (Bernotat et al., 2019;
Duncan & Barrett, 2007; Johnson & Grayson, 2005; Lewis & Weigert, 1985; McAllister,
1995; Zur et al., 2012). Therefore, the reciprocity of cognitive and affective trust is
intertwined and they cannot be counted individually.

A number of studies have considered cognitive and affective trust in the context of
HRI (e.g., Bernotat et al., 2019; Gompei & Umemuro, 2018). Affective trust can be
established through various means, such as personalization of the robot's appearance,
using natural language processing to enable more natural and engaging conversations, or
by providing emotional feedback through facial expressions and body language.
Cognitive trust, on the other side, can be developed by providing evidence of the robot's
performance, reliability, safety, and by designing the robot to be transparent about its
decision-making process. Gompei and Umemuro (2018) found that factors such as

security, teammate, and performance related with cognitive trust, while factors such as
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teammate, performance, autonomy, and friendliness appeared to relate with affective trust.
Cognitive trust refers mostly to people’s confidence in robot’s performance, whereas
affective trust involves robot-related attributes, such as personality traits, robot’s motives,

benevolence, and user’s attitudes and emotions towards HRI (Schaefer, 2013).

Table 2.1 Some of most cited and important types of trust (Hasnain, 2018)

Citation Types of trust Definition
- Deterrence based trust - related to fear of punishment
Shapiro, - Knowledge based trust - based on the prediction on the behaviour of
Sheppard and another party
Cheraskin (1992) - Identification based trust - based on shared values, and empathy and

considerations for each other

- Calculus base trust

Lewicki . N
ewie - Knowledge based trust Same to previous classification
and Bunker (1996) e
- Identification based trust
- Dispositional trust - common belief about other people
- Category-based trust - based on information regarding a trustee’s
membership in ial or organisational
Kramer (1999) embership in a social or organisationa
category
- Rule- based trust - based on a conscious calculation of
consequences and shared understandings
- Characteristic based trust - based on the person and their character,
qualities, background.
Zucker (1 . .
ucker (1986) - Process based trust - develops on the past and expected interactions
- Institutional trust - attached to the formal social structure
- Target based trust - distinguishes the application of trust
- Conten r - is an n Iculative, rational, an
Castaldo (2003) Content based trust s a _t?cede t based, calculative, rational, and
- Strength based trust cognitive
- based on the quality and consistency of trust
. . - Cognitive trust - based on good reason and knowledge
Lewis and Weigert g . g . g
(1985) - Emotional trust - based on emotions
- Behavioural trust - based on the expected actions of the parties
. - Affect based trust - based on perceived emotions and affection
McAllister (1995 .
( ) - Cognition based trust - based on knowledge and competence
1.4 TRUST ANTECEDENTS

Several factors from cognitive to emotional, physical, and behavioral incorporate the
building of trust. Rempel et al. (1985) introduced three basic factors, including
predictability, dependability, and faith, that promote the growth of interpersonal trust.
According to this model, the most concrete component of trust is based on the
predictability or the stability of an individual’s performance over a period of time. The
second component of trust, dependability, is built upon a person's innate dispositional

characteristics, which is appeared in the level of confidence one has in the trustee.
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Finally, faith is based on beliefs about the future behavior or accuracy of an information
source, which can be reflected in a person’s willingness to trust the trustee again or to
use a particular support in the future (Madhavan & Wiegmann, 2007). Similar to
Rempel’s model, Lee and See (2004) identified three general bases of trust in human-
automation field which includes performance, process and purpose. Performance refers
to the current and past operation of automation and includes dimensions such as
reliability, predictability and ability. Process, which corresponds to Rempel et al.’s
component of dependability, primarily describes how the automation operates and
which algorithms of automation are appropriate for a situation. Finally, purpose refers
to the extent to which automation operates based on the designer’s intent and describes
why the automation was designed. Purpose roughly corresponds to the component of

faith and benevolence in the Rempel et al.’s model.

Mayer et al. (1995) concluded three bases of trust: ability, integrity, and
benevolence. Ability is the group of skills, competencies, and characteristics that enable
the trustee to influence the domain. Integrity explains if the trustee adheres to a set of
accepted principles by trustor. Benevolence is the extent to which the intents and
motivations of the trustee are in alliance with those of the trustor. These factors have

been examined in different ways in human-automation and HR1 domain (Chapter 3).

Finally!, Hancock et al. ( 2011) provided a meta-analysis of factors affecting trust
in HRI and concluded three main categories each consist of two subcategories that affect
the process by which trust develops in HRI: 1) human-related factors (ability and human
characteristics), 2) environmental factors (team collaboration and task-based factors),
and 3) robot-related factors (performance-based, attribute-based factors). (Schaefer et
al., 2016) revealed a revised three-factor model of Hancock et al.’s HRT model in which
the robot-related factors were considered in terms of features and capability. They
revealed that robot characteristics, and in particular, performance-based factors are
predominant in perceived trust in HRI. Attribute-based factors covers various behaviors
originating from human communications to human-machine interactions that affect trust

(Sanders et al., 2011), and studies in this context are restricted, as the primary focus of

! Different trust antecedents in HRI have been discussed by other researchers. We only mentioned the
main and the most cited ones. More researches can be found in related literature, e.g., (Nam & Lyon,
2021).
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trust development in HRI has been on enhancing functional features. Finally, Khavas et
al. (2020) updated the previous models and introduced a model with three categories: 1)
robot-related factors, 2) human-related factors and 3) task and environment-related
factors. The authors classified robot related factors under three subcategories including;
robot-performance, robot-appearance, and robot-behaviors. The last category was the
basis in this dissertation, with a primary main focus on robot behaviors.

1.4.1 Robot-related antecedents of HRT: Related work

As mentioned in the part 1.4, robot-related antecedents of trust have broadly categorized
into performance-based and attribute-based factors. Performance-based factors refer to
how the robot functions, while attribute-based factors associate with how the robot looks,
feels and behaves (Kaplan et al., 2021). Robot-related antecedents, specifically those
related to performance, have been extensively studied and found to be strongly related
to the development of trust. there is a limited and insufficient body of research on factors
related to robots’ personality and behaviors which do paly a very significant role in
establishing trust. Thus, my primary focus centered on robot attributes, encompassing

three subcategories: appearance, behavior, and emotion.

1.4.1.1 Physical factors

Pak et al. (2012) found that increasing the physical anthropomorphic appearance of an
automated system significantly impacted trust development through subjective
assessment as well as objective/behavioral assessment. In HRT, Schaefer et al. ( 2016)
examined that physical form of robots could impact on initial evaluation of users toward
robot’s trustworthiness. The physical presence of robots is another significant factor
influencing trust and the overall quality of interaction between humans and robots.
Embodied robots have been proven to have stronger influence on user performance and
also improve the quality of interaction (e.g. Powers et al., 2007; Wainer et al., 2006).
However, some studies showed contrary results and did not approve the relation of robot

embodiment and trust (e.g. Herse et al., 2018; Natarajan & Gombolay, 2020).

Certain number of studies have explored the role of gender and appearance of
robots in HRT; shape of robot, facial characteristics, gender similarity and gender
stereotypes (e.g., Bernotat et al., 2019; Ghazali et al., 2018; Kraus et al., 2018).
Furthermore, John and Catherine (2017) investigated how gaze can influence trust,

10
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likability, and compliance, and indicated that participants would be most likely to be
persuaded by a robot with situational gaze which means only gazed during
disagreements. Finally, You and Robert (2018) showed how facial similarity leads to
increased attributions of trustworthiness in a robot and willingness to work with robots.
Although, further studies have been conducted considering other influential factors like
body posture or gestures of robots in HRT (see Khavas et al., 2020), researches in this

area are still ongoing and demands further studies.

1.4.1.2 Behavioral factors

Behavioral and emotional factors are the most complicated and neglected factors that
are currently developing with new advancements in robot’s intelligence and autonomy.
People tend to consider the intention of a robot's behavior more when interacting with
robots that resemble humans or exhibit more human-like characteristics. This makes
behavioral factors especially important in trust calibration. Natarajan and Gombolay
(2020) investigated how the type of robot, robot presence and different forms of
behavior; apologetic (the agent apologizes after making a mistake), accountable (holds
the human liable for the error), and indifferent (does not provide any feedback on whose
side the error was committed), can impact overall trust. They found significant influence
of robot’s behavior on trust, however the results did not prove statistical significance for
robot presence on trust. Salem et al. (2015) studied whether participants follow
instructions given by a faulty robot in a home environment. Similarly, the results by
Robinette et al. (2016) showed that people over-trusted a robot in fire emergency

evacuation scenarios, although the robot was shown to be defective in various ways.

Martelaro et al. (2016) focused on vulnerable behavior of robots and indicated that
students had more trust and feelings of companionship with a vulnerable robot, and
reported disclosing more with an expressive robot. Herse et al. (2018) explored whether
robots showing preference elicitation feature could develop trust and the results revealed
a positive and significant relation. Sebo et al. (2019) evaluated different trust repair
behaviors by robot including apology or denial in repairing a human’s trust to a robot
after the violation framing (competence or integrity). They concluded that participants
interacting with a robot employing the integrity trust violation framing and the denial

trust repair strategy are significantly more likely to exhibit behavioral retaliation toward

11
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the robot. Moreover, extroverted social robots are perceived more trustworthy than
introvert ones (Kaplan et al., 2021). In a study, Lee et al. (2021) explored whether polite
behavior of robot could provide more social and enhanced interaction experience for
children. They manipulated different behaviors in the robot, and the results showed
improvement in the children’s evaluation of the robot for sociality, likability, perceived

ease of use, trust and perceived usefulness.

Furthermore, the effects of robots’ other behaviors and attributes on trust, such as
cooperation and altruistic behaviors (Kumar et al., 2020), reciprocity (Sanders et al.,
2011), apologizing (Xu & Howard, 2022), proximity (e.g., physical and physiological
proximities) (Kory-Westlund & Breazeal, 2019), speech entrainment and self-disclosing
(Kory-Westlund & Breazeal, 2019), turn-taking, and emotional expressions (van

Pinxteren et al., 2019) have been examined in prior studies.

Finally, one specific aspect of both robot appearance and behavior is the degree
of anthropomorphism in social robots. Anthropomorphism of the agent or the robot is
perceived one significant factor in establishing trust between humans and robots, as
human’s perception of physical or virtual robots differ (see Powers et al., 2007).
Anthropomorphism refers to the attribution of a human form, human characteristics, or
human behavior to nonhuman things such as robots, computers, and animals (Bartneck
et al., 2009). Prior work has shown that increased anthropomorphism of a robot or a
software agent leads to a more positive interaction experience, and increased empathy
(see Natarajan & Gombolay, 2020). Human-likeness of robots have a positive effect on
trust and people trust a more humanoid robot over a less humanoid robot (Kim et al.,
2020).

1.4.1.3 Emotive factors

New advancements in Al and robotic technologies support creating robots that display
overt signs of empathy. In order to emulate empathy, a robotic system should be capable
of recognizing and understanding the user’s emotional state, behaving as if the others’
emotions affect it, displaying emotion, mimicking emotions and conveying the ability
of taking perspective. People experience emotions and express those emotions to

communicate to others. Thus, scholars assume that the understanding and exchanges of
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emotional expressions between people and robots could reinforce the formation of
friendly, effective and more trustworthy communication (Tapus et al., 2007).

Few studies exist in this domain and the opportunity remains for new ideas in
future researches, as expressions and demonstrations of openness, empathy, and
goodwill may increase trust towards robots. Generally, Leite et al. (2013) argued that
the robots which behaved empathically and could recognize another's affect and respond
appropriately, are more successful at establishing and maintaining a positive relationship
with users and are perceived as friendlier. Mathur and Reichling (2016) stated that
people tended to trust robots that showed more positive emotion. Likability and warmth
had a positive effect on intentions to trust the robot and people tended to trust robots that
had likeable features (Oksanen et al., 2020). Social robots exhibited empathy, kindness
and a social personality are deemed more trustworthy (Kaplan et al., 2021). In a pilot
study, Charrier et al. (2018) explored how an artificial empathy module could affect
HRIs in different metrics, and according to the results participants in the empathic
condition felt the robot to be more trustworthy. Tapus et al. (2007) also suggested that
empathic language and physical expression enable more trustworthiness in robots.
Martelaro et al. (2016) discussed that people tend to disclose about themselves, and feel

companionship toward robots with expressive behaviors.

1.5 PURPOSE OF DISSERTATION

In various research fields, including HRI, a significant portion of trust-related studies
hinges on evaluating the influential factors and determinants of trust. This exploration
is essential for gaining a profound understanding of the concept of trust, knowing how
to establish, enhance, and repair trust, as well as to prevent distrust. Understanding the
antecedents of trust provides better prediction of when humans will accept and or reject
new social robots. As it was discussed in previous sections, robot-related factors have
been recognized as highly influential factors in HRT, with robot attributes standing to
be a relatively recent and less-explored area within this domain. A number of studies
aimed to explore trust-related robot attributes and characteristics in terms of appearance,
behavior and emotions, as mentioned in section 1.4.1. Moreover, there are numerous
influential behaviors in interpersonal trust that have not been studied and analyzed in

the context of HRT. As discussed in section 1.1.1, many principles and behaviors related
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to trust in interpersonal relationships apply to HRT, as individuals tend to interact with
social robots as if they were social entities.

Thus, the primary aim of this dissertation was “to identify some of trust-related
behaviors from the interpersonal domain, apply them to social robots and assess
their impact on human’s perceived trust of social robots in HRIs.” Figure 1.1 shows
the current research position in relation to previous studies on HRT. There were three

major components necessary to meet this end:

- determining the underlying theory of trust and influential factors as it applies to
human-human relationships

- designing social robots’ behaviors based on the identified factors in interpersonal
trust as it coordinates to human-robot interactions

- evaluating the influence of social robots’ behaviors on different types of trust

Social robots' behaviors may be specific in automation and robotics domain such
as level of automation, or resemble human-like behaviors. The main scope of this
dissertation was related to behaviors of social robots and their contribution to HRT. To
accomplish this objective, we observed numerous behaviors in human communication
which are crucial in building interpersonal trust. We identified several behaviors in
interpersonal trust including; “listening behavior”, “benevolence and competence
characteristics” and “self-disclosing personal stories and experiences” as three
candidates to be implemented and analyzed in social robots and HRT. We designed and
implemented each behavior for a social robot and evaluated participants perceived trust
of the social robot in terms of general, affective and cognitive trust. We provided a real
interaction environment between participants and social robot which could warrant the

feasibility of results in real social situations and outside of the experimental conditions.

In conducting this research, we expanded the scope of investigating robot-related
factors influencing trust between humans and social robots. This exploration opens up
new possibilities for designing human-like and novel behaviors for future social robots.
While previous studies have explored numerous behaviors and attributes in HRT, there
remain unexplored behaviors that can enhance the anthropomorphic features of social
robots, making them more trustworthy. Enhancing the trustworthiness of social robots
is crucial for their improved acceptance, operation, interaction, and engagement by
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humans. If we envision integrating social robots into our daily lives in the future,

ensuring their trustworthiness becomes a necessary pursuit.

...............................................................................................................
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Figure 1. 1 The position of current study in the literature of human-robot trust

1.6 STRUCTURE OF DISSERTATION

This dissertation is divided into three main parts: the first part introduced the theoretical
background of trust in HRIs and influential factors (Chapter 1), the second part included
three studies conducted to evaluate the influence of social robots’ behaviors on HRT
(Chapter 2-4), and the third part discussed results of studies in general and concluded
the dissertation (Chapter 5). Figure 1.2 depicts linkages of each chapter of this

dissertation and the detail is described as follows.
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Chapter 1 introduced the background of trust research in HRI and provided some
crucial information in this domain. Two different approaches to HRT have been
discussed in this part and the most important and known trust definitions were reviewed.
an important contribution of this chapter is allocated to review the influential factors in
HRT and find the possible research area respectively. Different robot-related factors to
enhance trust in social robots have been discussed and the purpose of study have been
concluded. The scheme of the dissertation as well as the contribution of the research is

enclosed in this chapter.

Chapter 2 aimed to explore the influence of listening behaviors of social robots
on trust. It presented the concept of different listening behaviors in human relations and
their relation to trust. Thereafter, listening behaviors’ components and structure were
discussed to implement them in social robot. Finally, the influence of social robots’
listening behaviors on human’s trust evaluations were investigate and the results have

been reported.

Chapter 3 examined the second set of social robots’ behaviors in this dissertation
including benevolence and competence attributes. The main definitions of two concepts
and their contribution to interpersonal trust as well as HRT have been considered. The
experiment conducted during the study was introduced and concluded results were

presented and discussed.

Chapter 4 reported the results of the third experiment conducted to explore
whether a social robot which disclose self stories is more trustworthy. The idea of telling
story by social robots while interacting with humans were exchanged. Different types
of stories including happy and sad stories were evaluated in association with trust in

HRI, and the results were reported.

Chapter 5 discusses general findings in this dissertation by considering the three
presented studies. Among the discussion points are the importance of social robots’
behaviors and the necessity of improving human-like and emotional behaviors for future
robots. It deduces the dissertation with a summary of outcomes, possible implications

and limitations of the research.
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CHAPTER 2

2.1 Effect of Different Listening Behaviors of Social Robots on
Perceived Trust in Human-Robot Interactions

2.1.1 INTRODUCTION

Listening behavior is one of the influential factors in interpersonal trust, and numerous
studies have approved it. For example, McGarvey (1996) stated that trust is an important
element of listening and an outcome of good active listening behavior (Brunner, 2008).
Ramsey and Sohi (1997) counted effective listeners as more trustworthy. Among the
different listening behaviors, active listening (AL) and active empathic listening (AEL)
are more closely related to trust (Figure 2.1). AL builds trust by showing attention and
confirming the emotions and experiences of the speaker (Lester, 2002). When AL is
accompanied by empathy, it results in AEL and acts even more powerfully than AL,
enhancing trust, because it is equipped with empathic reactions. Studies in different fields
showed that AL and AEL build up trust, for instance, between patients and their
psychotherapists, in education and formation of trust between students and supervisors,
in management and business, or controlling pessimism in marital conflicts between
couples (e.g., Aggarwal et al., 2005; Gordon, 1975; Lloyd et al., 2015; Nadler & Simerly,
2006; Weger et al., 2014).

( o \
g ’)) g ’)) +
Active Listening is a form Active Empathic Listening happens when
carefully and attentively listening  Active Listening is accompanied by empathy
L J

Figure 2.1 Two types of listening

AL and AEL are emerging as novel concepts in HRI. Recently, research has been
conducted on the listening behavior of social robots. Some researchers tried to simulate

natural listening in robots (Ee et al., 2008; Mohammad & Nishida, 2008; Ogasawara et
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al., 2005; Ogawa & Watanabe, 2000), while others have emphasized on more AL in
robots (Kobayashi et al., 2010). In a valuable study, Inoue et al. (2020) implemented
attentive listening system for the android ERICA and the proposed system generated
several types of listener responses: backchannels, repeats, elaborating questions,
assessments, generic sentimental responses, and generic responses. They compared the
performance of the system with a “Wizard-of-Oz” (Wo0Z)! operated system and found
that the generated system was comparable in terms of perceived basic listening skills with

the WoZ system, but still primitive for sophisticated skills such as displaying empathy.

Certain studies have focused only on the verbal part of listening behaviors using
backchannels or fillers to conduct attentive listening and produce coherent dialogues
during conversations (Johansson et al., 2016; Lala et al., 2017), or in large-scale projects
such as SimSensei (DeVault et al., 2014). Others have searched for both verbal and
nonverbal components of listening behaviors to evaluate body movements and utterances
simultaneously (Kanda et al., 2007). Some studies explored the outcome of robots’
listening approaches in improving human’s interactions with robots. For example, Lee et
al. (2021) tested different behavioral approaches in child-robot interaction and predicted
careful listening to increase older children’s sociality perception of robots. Another study
by Nakamura and Umemuro (2022) aimed to clarify the effect of robot’s listening attitude
on elderly’s self-disclosing and they found that a robot listened with neutral behavior first
and subsequently with positive behavior, could encourage the participants to self-disclose
more. Another interesting study by Nishio et al. (2021) developed talking twin robots
with a previously proposed active listening function that could converse with elderly
people, and the authors found that elderly subjects talked more with the proposed robot
system than that with the control system. Yonezawa et al. (2010) developed an assistant
robot showing AL by changing robot’s eye gaze, nodding and back-channel feedback,

and evaluated its effect on video communication. The results showed the effectiveness of

1WoZ is a widely accepted and used method for experiments in HRI (see Riek, 2012). The method is
specially used when the robot is required to demonstrate a certain level of intelligence or consistent
behavior (Hinwood et al., 2018). Usually, a human operator in a laboratory setting, simulates the
behavior of a theoretical intelligent system (often by going into another room and intercepting all
communications between participant and system), and remotely operates the intelligent system like a
robot and controls its movements, speech utterances, gestures, etc., while the participants are not aware
of it (Rietz et al., 2021). Considering the complexity of natural dialogue, the WoZ technique gives
subjects more freedom of expression or constrains them in more systematic ways (Dahlbéck et al., 1993).
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robot’s attitude on the impression of the robot itself and improvement of video
communication. Sundar et al. (2017) compared a companion and assistant robot’s
different speech style (playful, serious), and the results indicated that the robot’s roles and
speech styles interact with each other in promoting user experience; A companion robot
that spoke in a calm tone was perceived to be the most attractive, while a serious assistant
was the least attractive. Moreover, participants moderately liked playful robots regardless
of their roles. Listening behaviors of social robots beside other cues like asking a user’s
emotional state, appropriate rephrasing of user’s emotional disclosure, and a
communicated sense of understanding, create the robots to be perceived as empathetic by
users (Johanson et al., 2021). However, we could not find a thorough research which has

investigated the role of AL or AEL behaviors of social robots in establishing trust.

Therefore, during the first study, we attempted to investigate the effect of different
listening behaviors of social robots on people’s perceived trust. We conducted an
experiment, asking participants to have a conversation with a social robot while showing
AL and AEL behaviors. Different types of trust, including general, cognitive and affective
trust were measured as variables to capture the perceived trustworthiness of participants.
With a better understanding of the effect of listening behavior of social robots on trust,
we can design more trustworthy, cooperative, and friendly robots and effectively enhance
HRI.

2.1.2 DEVELOPING HYPOTHESES

2.1.2.1 AL and AEL behaviors and trust

Listening is a part of interactive process and the foundation of effective communication
in all social environments, which enriches the relations and improves morale and
productivity of the communication. It is a very complex process that requires both
reactive and deliberative procedures, and involving cognitive, affective and behavioral
activities (Johansson et al., 2016). Listening includes at least three components: sensing,
evaluating and responding (Ramsey & Sohi, 1997). Sensing refers to the actual receipt of
messages, evaluating refers to activities that take place in the mind of the listener, while
responding involves acknowledging the receipt of messages. Table 2.1 shows the

description of different dimensions of listening behavior.
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Table 2. 1 Components of three levels of listening behavior (adopted from Comer & Drollinger, 1999)

Sensing

Verbal component: Non-verbal component:

Receiving all verbal cues including words, Receiving all non-verbal cues (body language,
inflection, paralanguage. facial expressions, proxemics).

Involves hearing, noting inflection, attending to Receiving by all senses, not just hearing.

the message, sensing the tone of the message.

Processing

Understanding: Ascribing accurate meaning to the words, meaning of messages underlying the words
including emotions, thoughts, feelings.

Interpreting: Assessing the implications of the messages. Comparing incoming messages to those in
memory. Being alert to discrepancies.

Evaluating: Assessing appropriateness, placing value, and prioritizing importance of messages.
Determining key messages.

Remembering: Committing new material to memory. Updating knowledge structures.

Responding

Verbal component: Non-Verbal component:
Giving appropriate verbal responses (e.g., Maintaining appropriate eye contact, facial
acknowledging, agreeing), short prompts, expressions, head nods, and body language.

paraphrasing, questioning.
Using appropriate tone of voice, inflection and
using familiar terminology.

Several modes of listening have been studied in the literature (e.g., Bauer & Figl,
2008; Weissglass, 1990; Worthington & Bodie, 2018), and we recognized two notable
concepts of AL and AEL in relation to interpersonal trust. AL goes back to Thomas
Gordon (1975) and Carl Rogers (Rogers & Farson, 1957). AL is a form of carefully and
attentively listening and responding, to achieve a deeper understanding of the speaker’s
message and context (Bauer & Figl, 2008; Browning & Waite, 2010). AL is not limited
to aural messages, but includes receipt of nonverbal messages as well. Although active
listeners try to be attentive to verbal and nonverbal cues, they sometimes appear
mechanically and fail to project emotions to the speaker (Comer & Drollinger, 1999).
Therefore, a listener sometimes acts with empathic tendencies to make the functional
components of AL more emotional and insightful (Gearhart & Bodie, 2011), resulting in
the behavior of AEL. AEL was originally defined in the context of product sales as a form
of listening practiced by salespeople in which conventional AL is combined with
empathy to achieve a superior and more effective form of listening (Drollinger et al.,
2006, p. 162). Thus, in AEL, the listener attempts to evaluate the underlying meaning of
the message intuitively and empathize with the person, in addition to responding verbally
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and nonverbally. It is common in counseling, therapy, and marketing literature to help
them better understand their clients and customers.

For AL and trust incorporation, evidence shows the effectiveness of AL on trust in
HC and its impact on being friendly (Bodie et al., 2012) or socially attractive (Weger et
al., 2010). Nugent and Halvorson (1995) stated that AL builds trustworthy relationships
with clients during therapy. Fassaert et al. (2007) showed that good listeners are more
liked and trusted, and Lasky (2000) established AL as an important first step in
communication for developing trust. It is widely recognized that trust plays a vital role in
seller and buyer relations, as Ramsey and Sohi (1997) proved in their research that
salespersons with better listening behavior are considered more trustworthy. Additionally,
AEL is positively related to salespersons’ trust in marketing, and the findings support the
notion that salespeople with higher levels of AEL would have higher quality relationships
and are regarded as trustworthy (Drollinger & Comer, 2013).

AL and AEL for social robots, are both new concepts in HRT and their effect on
trust have not been previously investigated and confirmed. Therefore, we proposed the
first hypotheses considering the impact of AL and AEL behaviors of social robots on trust,
to know if these listening behaviors can contribute toward enhancing HRT. It should also
be emphasized that it is important to know the impact of AL on trust individually, as
sometimes we may only rely on AL, because of limitations in making empathic responses
between humans and robots. To investigate the influence of AL and AEL on trust
perception of robots, we assumed comparing them with nonactive-nonempathic listening
behavior (NAL), as control condition, that is “just listening” without showing attention

or empathy to the speaker. Thus, the following hypotheses were derived.

H1a: Social robots with the behavior of AL results in more (general) trust perceived
by the user toward the robot than social robots with the behavior of NAL.

H1b: Social robots with the behavior of AEL results in more (general) trust perceived
by the user toward the robot than social robots with the behavior of NAL.

Although, some authors have used the terms AL and AEL synonymously and
interchangeably (Nugent & Halvorson, 1995; Weger et al., 2014), AEL is considered
superior to AL in selling (Comer & Drollinger, 1999), as it is empowered with empathy.
Empathy is perceiving another’s emotional state and its meanings as if one were the other
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person, and is likely to play a particularly important role in earning trust in medical
services, marketing environment, individual relations and etc. (Aggarwal et al., 2005).
Comer and Drollinger (1999) admitted that, as empathy increases in salesperson behavior,
the level of listening increases. Aggarwal et al. (2005) also established a strong positive
correlation between a salesperson’s empathy and listening behavior with trust and
satisfaction. In HRI, empathy is a demanding and growing field of research, and it is
proposed that people would perceive their relationship with empathic robots differently.
Number of studies presented the effectiveness of empathy in trustworthiness, human-
likeness, attractiveness, likeability, and familiarity of the robots (see (Park & Whang,
2022)). Therefore, based on the aforementioned arguments, the next hypothesis was
added to the comparison of AL and AEL of social robots, to measure how much empathy

in listening behavior of social robots can be influential in making higher trust perception.

H1c: Social robots with the behavior of AEL results in more (general) trust perceived

by the user toward the robot than social robots with the behavior of AL.

2.1.2.2 Listening behaviors and types of trust

As discussed in section 1.3, various types of trust are identified, with affective and
cognitive trust being among the most frequently referenced categories in the literature.
Considering the definitions of AL and AEL, it was mentioned that AEL is characterized
by the inclusion of an empathetic and emotional overlay. The empathetic component of
AEL constructs an emotional link between individuals, as Floyd (2014) argued that
empathic listening operates as a form of indirect nonverbal affection and conveys a
message of care, love, and tenderness for the partner. However, AL attempts to deeply
understand the sender’s point of view by confirming, rationalizing, or seeking more
details (Bauer & Figl, 2008). Thus, considering the relationship between affective trust
and emotional clues, as well as the potential of AEL in conveying emotions and empathy,

we proposed the next hypothesis.

H2a: Affective trust is significantly higher for social robots exhibit the behavior
of AEL than social robots with the behavior of AL.

Regarding the relation of cognitive and affective trust, cognitive trust is considered
one of the antecedents of affective trust in some studies (e.g., Johnson & Grayson, 2005;
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Lewis & Weigert, 1985), and emotions, on the other side, do influence the perception and
cognitive evaluations, even after the dissipation of emotions. Therefore, the reciprocity
of cognitive and affective trust is intertwined and they are highly interdependent.
Additionally, according to modern psychology, affection involves several basic cognitive
functions and appears to be necessary for normal conscious experiences. It influences,
modulates, and mediates basic cognitive processes (Duncan & Barrett, 2007).
Furthermore, empathy, has both cognitive and affective components which are relevant
and influential to each other. Cognitive component of empathy involves understanding,
while affective component consists of an internal emotional reaction that results in
understanding of the other’s feelings (Comer & Drollinger, 1999). Therefore, considering
the cognitive and affective components of empathy in AEL, and additionally, due to the
substantial influence of affection on the cognitive processes in humans, we concluded
that AEL would be more influential in eliciting cognitive trust as well. Based on the above
arguments, the next hypothesis was derived.

H2b: Cognitive trust is significantly higher for social robots exhibit the behavior of
AEL than social robots with the behavior of AL.

2.1.2.3 Verbal and nonverbal dimensions of listening behaviors

Listening behaviors have two components which provide verbal and nonverbal feedback
to the speaker (Comer & Drollinger, 1999; Robertson, 2005). Different aural techniques
such as paraphrasing, restating a version of the speaker’s message, asking clarifying
questions, and nonverbal messages such as nodding when talking, proper posture and
body positioning, facial expressions and eye contact, as well as summarizing, paying
attention, or encouraging and balancing are used to fully catch the speaker (Bauer & Figl,
2008; Browning & Waite, 2010; Buschmeier et al., 2014; Comer & Drollinger, 1999;
Weger et al., 2010). Table 2.2 summarizes some examples of verbal and nonverbal

components of listening behaviors.

Some researchers claimed that regardless of the specific verbal responses of
listeners, showing concern and attention to a person produces positive perceptions (Libow
& Doty, 1976). Furthermore, concise findings showed that 55% of the total impact of a
message is associated with nonverbal aspects and only seven percent is due to verbal

segments (Mehrabian, 1971). Specifically, many studies have confirmed the
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incorporation of nonverbal behaviors and effective empathic listening (Jones & Guerrero,
2001). As Weger et al. (2010) stated that listeners receive more care and concern from
nonverbal behaviors of listening than specific verbal behaviors such as paraphrasing,
questioning, giving advice, or reflecting the emotional content of messages. Additionally,
Floyd (2014) argued that listeners who use nonverbal behaviors convey empathy and
support more effectively than those who do not. In relation to nonverbal behavior and
trust, it was also confirmed that, although verbal messages of physicians influence
patients’ interpersonal trust, nonverbal behavior is most likely to have a more crucial
influence on trust (Hillen et al., 2014). Thus, owing to nonverbal behaviors’ empathic
effect, the importance of these behaviors in enhancing trust should be particularly
dominant in AEL.

Table 2. 2 Some of verbal and nonverbal components of listening behavior

Verbal

1. Backchanneling (e.g., Hmm, ah ha, Uh-huh...,) (Gearhart & Bodie, 2011; Lala et al., 2017)

2. Affirmative statements (e.g., OK, yes, | understand, sure, Keep going..., | see, | know,
good, Really?, That’s very interesting, Then?, Sounds good, right, please go on)
(Gearhart & Bodie, 2011; Lala et al., 2017)
3. Making encouraging comments (Bauer & Figl, 2008; Browning & Waite, 2010;
Weger et al., 2010)
4. Paraphrasing (both content and feelings) (Bauer & Figl, 2008; Robertson, 2005;
Weger et al., 2010)
5. Summarizing (Bauer & Figl, 2008; Kobayashi et al., 2010; Robertson, 2005)
6. Asking questions (open ended questions) (Bauer & Figl, 2008; Browning &
Waite, 2010; Weger et al., 2010)
7. Making inferences (Browning & Waite, 2010)
8. Making associations and analogies (Robertson, 2005)
9. Calling by name (Robertson, 2005)

Nonverbal

1. Facial expressions, e.g., smiling, furrow-brow, frown, and lower eyes, raising

eyebrows (Bodie et al., 2012; Comer & Drollinger, 1999; Robertson, 2005)

2. Voice, e.g., pace, loudness, tone (Floyd, 2014; Hadar et al., 1985)

3. Eye contact (Comer & Drollinger, 1999; Floyd, 2014; Robertson, 2005)

4. Head movement, e.g., nodding, tilted head (Buschmeier et al., 2014; Hadar et al., 1985)
5. Gestures (Buschmeier et al., 2014; Floyd, 2014)

6. Body posture and movement (Comer & Drollinger, 1999; Floyd, 2014; Robertson, 2005)
7. Personal space and territoriality (Bodie et al., 2012)

8. Sitting position (Bodie et al., 2012; Floyd, 2014)

9. Physically displaying emotion (Kobayashi et al., 2010)

Moreover, several studies have considered the influence of nonverbal behaviors of
social robots in different HRI fields (see Rifinski et al., 2021) ; for example, some studies

demonstrated how a nonverbal cue, such as the robot’s gaze, could influence participants’
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roles, turn-taking and people’s interpersonal evaluation on robot in human-robot
conversation. Furthermore, responsive robots with gestures were more attractive and
liked. Although, the inclusion of nonverbal behaviors is confirmed as essential, it is not
clear how effective the nonverbal component of AEL behavior of social robots
contributes to HRT. The importance of this issue increases when considering the
limitations of robots’ nonverbal behaviors, as they mostly lack facial expressions, as an
important source of conveying emotions. Therefore, for the third set of hypotheses, we
considered the comparison of AEL behavior of social robots without nonverbal
components (AELvo = AEL-verbal only) with the behavior of AEL which includes both
verbal and nonverbal components, to assess the power of nonverbal behaviors of AEL of
social robots in enhancing HRT. Therefore, considering the abovementioned aspects, the

following hypotheses were developed.

H3a: Trust is significantly higher for social robots with the behavior of AEL than
social robots with the behavior of AELvo.

H3b: Affective trust is significantly higher for social robots with the behavior of
AEL than social robots with the behavior of AELvo.

H3c: Cognitive trust is significantly higher for social robots with the behavior of
AEL than social robots with the behavior of AELvo.

2.1.3 METHOD

2.1.3.1 Overview

According to the derived hypotheses, we concluded four listening behaviors for the robot.
For the set of hypotheses 1 and 2, three listening behaviors were considered: 1) nonactive,
nonempathic listening behavior (NAL), 2) active, nonempathic listening behavior (AL),
and 3) and, active, empathic listening behavior (AEL). For hypotheses 3, we considered
4) verbal-only active, empathic listening behavior (AELvo) compared to active, empathic
listening behavior (both verbal and nonverbal). Therefore, we developed four different
listening behaviors for the robot. Table 2.3 lists the components of each listening behavior,
and we explain design of each behavior in section 2.3.6 in more details. Testing the
hypotheses, a between—subject experiment with four conditions was designed. The four

experimental conditions were defined regarding the listening behaviors of the robot.
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NAL condition: Participants talk with the robot acting with the behavior of NAL.
AL condition: Participant talk with the robot acting with the behavior of AL.

AEL condition: Participant talk with the robot acting with the behavior of AEL.
AELvo condition: Participant talk with the robot acting with the behavior of AELvo.

Table 2. 3 Four listening behaviors of the social robot and their components

Listening behavior components

Listening behavior | attention(active) empathy verbal nonverbal
NAL none none low low
AL high none high high
AEL high high high high
AELvo high high high none

The interaction between the robot and participants was designed by conducting a
conversation and questionnaire-based evaluation. The idea was to simulate a dyadic
conversation between participants and the robot, in which the robot showed different
listening behaviors. Most of previous researches and studies have considered active
listening behavior in conversations (see Weger et al. 2010; Bodie, 2018), as a good
listening behavior is the process of listening and responding, and it is basically a matter
of better communication. The conversation was about living experiences in Japan, which
was a familiar topic for all international students in Japan. The topic was chosen from
various topics based on familiarity, popularity, and security of information regarding
potential participants. During the experiment, the robot tried to speak with the participant
asking questions and showing different listening behaviors through the conversation. The
conversation between the robot and participants, consisted of greeting in addition to 9
questions: 1) “Why did you decide to come to Japan for studying?”, 2) “Have you
travelled in Japan?”, 3) “Do you speak Japanese or like to learn?”, 4) “What did you find
most interesting about Japan?”, 5) “Do you miss your family or friends here?”, 6) “What
did you find most difficult in Japan?”, 7) “How did you find Japanese people and culture
different with your country?”, 8) “Any plan for near future in Japan?”, and 9) “How long
have you been here?”. According to four experimental conditions, appropriate verbal

statements along with nonverbal behaviors was designed for each question.

“Wizard-of-Oz” (WoZ) methodology was employed in the experiment, through

which the participants believed that they were interacting directly with the robot by
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utilizing a natural language interface; however, in reality they were communicating with

an operator. The experiment was conducted in English.
2.1.3.2 Participants

A total of 120 international students, aged between 19 and 47 years (male: 54,
female: 66; Mage = 25.71, SDage = 4.28) from Tokyo Institute of Technology in Japan,
participated in the experiment. Participants were recruited by distributing flyers in the
library and various laboratories of Tokyo Institute of Technology. Additionally, we
approached international students in person on the Ookayama campus and in the
Senzokuike dormitory of the university. Moreover, online platforms, such as LINE and
Telegram, was utilized to share digital flyers in various international groups. We also
sought assistance from friends, encouraging them to share information about the
experiment with their respective networks and friends as extensively as possible. Any
particular educational or cultural background requirements was not specified for
participants. As a result, the final participants were diverse, representing various majors

and countries. Figure 2.2 displays information regarding the participants' home countries.
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Figure 2. 2 Country disposition of participants during the experiment. (Total number of participants=120)
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The participants were assigned to four experimental conditions. The participants
were initially assigned through random assignment. However, we endeavored to
counterbalance gender distribution across conditions as much as possible. Consequently,
we aimed to assign an equal number of female participants to each group as the
experiment progressed. Although the number of female participants could not be
predicted in advance, so equal numbers of men and woman could not be completely
achieved. Finally, thirty participants were allocated to each of the four experimental
conditions. Table 2.4 listed the number and gender disposition for each of the four
conditions. Because the experiment was conducted in English, a high level of fluency was
required; thus, the participants were asked about their level of English proficiency (native
speaker: n = 5, non-native speaker: n = 115; fluent professional = 55.8%, working or
studying English = 44.2%). Thirty-five participants (29.2%) had seen the robot previously.
Among the participants who knew the robot, only a few participants (n = 7, 5.8%) had
prior interaction with the robot, similar to talking with the robot in exhibitions or attending

other experiments.

Table 2. 4 Number of participants for the four experimental conditions.

Condition Age Mean (SD) Male Female Total
NAL 25.40 (3.59) 13 17 30
AL 25.17 (4.21) 11 19 30
AEL 26.30 (5.22) 14 16 30
AELvo 25.97 (4.06) 14 16 30

2.1.3.3 Ethical considerations

The experiment received the approval of all ethical and experimental procedures
and protocols from Human Subjects Research Ethics Review Committee of Tokyo
Institute of Technology (Project No. A19145). All participants submitted a written
consent form and were informed of the experimental procedures and ethical concerns
prior to the experiment. The experiment was anonymous and the participants were
identified by IDs.

2.1.3.4 Equipment

For the experiment, we used the humanoid robot, NAO, previously was developed by
Aldebaran Robotics and now by Softbank Robotics. NAO is a small (58 cm tall)
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programmable and popular robot in education and research. For this study, we required a
robot that could talk and move. Considering the abilities of NAO and its ease of

programming, it was selected for the experiment.

Four listening behaviors consisting of verbal and nonverbal components were
designed for NAO. During the conversation, NAO was controlled by an experimenter
using the WoZ method through an interface developed in the HTML. However, a small
greeting and conversation were programmed to be executed autonomously prior to the
main conversation between the robot and participants, to be realized as intelligent and
autonomous robot for participants. NAO communicated verbally using NAO’s default
text-to-speech settings. Body movements involving head, arms, eyes, and other parts were
designed and developed using Choregraphe 2.1.4, based on the behaviors needed for each
listening behavior. The behaviors were then attached to specific texts for each listening
behavior. The speech rate was set at 100% to represent a normal speaking speed. Several
pauses were incorporated into its speech to make it more understandable and natural.
NAO can be operated in two sitting or standing situations. The latter was chosen in this
study owing to the size of the robot and the variety of behaviors in a standing situation.
NAO was placed on a table in front of the participant to make an almost parallel viewpoint

between the robot and the participants.

2.1.3.5 Common experimental setup

The experiment was performed in a room separated into three parts: 1) where the
experimenter controlled NAO; 2) where participants answered questionnaires before and
after conversation; and 3) where NAO was set down and a conversation was held. Figure
2.3 and 2.4 shows the experimental setup. Sitting behind a partition, the wizard team
could observe and hear the participants interacting with NAO and control it by
considering what participants asked or answered to the robot. The experiment was
recorded by using a camera placed on the side of the robot. NAO was positioned in the

user’s personal space (between 0.3 and 1 m) according to Rossi et al. (2017).
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participant ]

T NAO robot

Figure 2. 3 Experimental setup, where the user talked with NAO and the experimenter controlled NAO
behind the partition

Figure 2. 4 Real experiment environment
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2.1.3.6 Procedure

The experiment was held during three months between January-March 2020 at the
Ookayama campus of Tokyo Institute of Technology. Before initiating the experimental
session, participants were given documents explaining the experiment to review freely
and decide voluntarily if they desired to participate in the experiment. The experimenter
then explained the procedure and highlighted important points, such as the video
recording of the session, to ensure that everything was clear to participant prior to signing
the consent form. None of participants opted out of the experiment. Each participant was
assigned to one of the four conditions corresponding to NAO’s different listening

behavior styles.

Participants were asked to fill out their demographic information (i.e., gender, age,
nationality, English proficiency, and prior interactions with NAO robot). First,
participants learned about NAO through a picture in the explanation form and
demographical questionnaire. After completing the primary questionnaire, the
experimenter introduced NAO to participant, and NAO shortly greeted autonomously to
create first impression before initiating the main conversation. The short greeting of NAO
was; “Hello, I am NAO, nice to meet you.” Before starting the main conversation with
NAO, participants rated their trust in the robot on 56-item pre-trust questionnaire, which
included 40 items on robot-human trust, 9 items on cognitive trust, and 7 items on
affective trust. Thereafter, they were asked to sit in front of NAO to begin the

conversation.

Before starting the conversation, the experimenter solicited NAO to start the
conversation, and NAO replied to the experimenter autonomously. Thereafter, NAO was
left alone with participant. The first short greeting and brief talk before starting the
conversation was programmed to be done autonomously to ensure that the participants
considered NAO as an intelligent and autonomous robot. The conversation lasted
approximately 8-12 min. After completing the conversation as planned, participants were
asked to rate their trust in the robot on post-trust questionnaires. The entire experiment
was completed in an average of approximately 30-40 min for each participant. Figure 2.5

and 2.6 illustrates the experimental procedure.
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Figure 2. 5 Experimental procedure

Figure 2. 6 Experiment procedure; (left-top) robot initial greeting, (right-top) answering pre-trust questionnaires after
initial robot greeting, (left-bottom) talking with the robot, (right-bottom) answering post-trust questionnaires.

2.1.3.7 Measurement

The quantitative measures of this study included the general trust scale for evaluating
participants’ general trust perception of the robot; the affective trust scale for assessing
participants’ affective trust of the robot; the cognitive trust scale for rating participants’

cognitive trust of the robot.
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2.1.3.7.1 General Trust

There is a scarcity of validated measures to evaluate HRT and none of the existing
measures covers all extant measures of HRT. The measurement tools currently available
for HRT are heavily skewed toward performance trust and do not consider the emotional
or moral aspects. Schaefer (2016) offered the more comprehensive developments of a
trust measure that is widely used to evaluate HRT in previous studies (e.g. (Beelen et
al., n.d.; Bernotat et al., 2021; Correia et al., n.d.; Savery et al., 2019; Volante et al.,
2019; Xie et al., 2019)). The scale offered by Schaefer (2016) covers different features
of the robot, the human and the environment in HRT (Chita-Tegmark et al., n.d.; Malle
& Ullman, 2021), that represents accuracy and wide applicability of the scale. Therefore,
Shaefer’s human-robot trust scale was chosen to be used in this study as it is specific to
HRT field, and it thoroughly measure the human’s trust perceptions in robots in general
(Chita-Tegmark et al., n.d.). (Note; we used the term of “general trust” for Schaefer’s
human-robot trust scale during these studies to differentiate it from other affective and
cognitive trust scales). Schaefer’s human-robot trust scale consists of 40 items, measures
a human’s general trust in robots without identifying any specific types of trust.
Participants rated their trust in the robot in the range of no trust (0 %) to complete trust
(100 %) according to each of the 40 items. The sum of the responses for the items yielded
scores on the human-robot trust scale. This score was used as perceived trust to test H1a,
H1b, Hlc, and H3a. The Cronbach’s alpha value of the questionnaire was 0.947 which
showed high reliability.

2.1.3.7.2 Affective and cognitive trust

Human-robot trust measure of Schafer (2016) has no reference to cognitive or affective
trust. Moreover, there are no other measures to evaluate cognitive and affective
dimensions of HRT. Thus, we adopted affective and cognitive scales from interpersonal
trust as another individual measure. The measure proposed by Johnson and Grayson
(2005) and Mcallister (1995) are the most cited and used measures to evaluate affective
and cognitive trust in different fields. This measure has also been modified and used in
other HRT studies (Gompei & Umemuro, 2018). Therefore, we modified Johnson and
Grayson, and McAllister’s affective and cognitive trust scale in this study due to the

validity and popularity of the them. The descriptions of the original question items
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referring to a person, were modified to refer to a robot. The final scale consisted of 16
items, 9 items for cognitive trust, and 7 questions for affective trust. Participants
evaluated their feelings and perceptions of trust using a seven-point Likert scale (1=
“strongly disagree,” 7= “strongly agree”). The averages of the responses for the
corresponding items provided the scores for cognitive and affective trust. Hypotheses
H2a, H2b, H3b, and H3c were tested using these scores. The Cronbach’s alpha value

of the affective trust questionnaire was 0.934 and of cognitive trust was 0.817.

2.1.3.8 Manipulation of the robot

As described in section 2.3.1, we concluded to design four listening behaviors for NAO.
Listening behaviors included active or empathic behavior together with verbal and
nonverbal components. Therefore, we required to know how active and empathic
listening behaviors are different in verbal and nonverbal components. To accomplish this
requirement, we first described about the types of verbal and nonverbal behaviors of
listening behaviors which were applicable to the robot. Table 2.5 lists the summary of
four experimental conditions in terms of listening behaviors. Figure 2.7, 2.8 and 2.9

shows the model of NAO’s behavioral mode for each listening behavior.

2.1.3.8.1 Nonverbal components of listening behaviors

Several nonverbal behaviors contribute to conveying message and empathy in listening
behaviors (refer to Table 2.2). However, due to the limitations of NAO, we relied on
certain nonverbal behaviors: eye contact, head and body movements (gestures). Although,
facial expression is universal means of communicating and expressing emotions, because

NAO has an inelastic rigid face, the display of facial expressions was unfeasible.

Eye contact. Eye contact is a powerful cue for effective listening behavior through
which we transfer a large part of the message. Different types of eye contact have been
established depending on duration, direction, frequency and timing. Too little or averted
gaze is associated with ignoring, lying and not listening, and evokes negative feelings in
conversations (Ho et al., 2015). Eye gaze is also one of the most studied social behaviours
in HRI research. The robots with appropriate eye gaze are more likely to be interacted by
people and affected verbal comprehension, turn-taking, and joint attention (Johanson et
al., 2021). Stanton and Stevens (2017) found that situational gaze (robot face to people
and make eye contact to show disagreement), acted as averted gaze and was not
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trustworthy in HRI. Other research replicated that individuals hold constant gaze on their
partners, with few averted gazes, while active listening. Furthermore, constant gaze was
associated with increased positive valence in the positive and neutral conditions and with
increased positive empathy ratings (Ho et al., 2015). Therefore, averted and situational
gaze are associated with NAL, and constant gaze contributes to AL and AEL.
Accordingly, we differentiated four experimental conditions in terms of eye contact as

following:

NAL condition:
averted gaze= NAO did not look at participant while he/she was talking, and turned
its head to left, right or top and down.
Situational gaze= NAO gazed at participants when expressed disagreement or
negative statement.

AL condition:
constant gaze= NAO built constant and direct eye gaze with participants during
conversation.

AEL condition:
constant gaze= NAO built constant and direct eye gaze with participants during
conversation.

AELvo condition:
constant gaze= NAO built constant and direct eye gaze with participants during

conversation.

Head movements. Head movements, mainly nodding and shaking, which signals
“yes” and “no” answers or showing interest, confirmation, and attention, are a major
mode of effective listening (Hadar et al., 1985). Turning head to different directions to
avert eyes during conversation shows ignorance (McClave, 2000). Studies have found
that head movements encode emotions during conversation. For example, downward-
tilted rotational head to show sadness, head shaking to show regret or sadness, upward-
nodding head to show happiness and surprise (Hadar et al., 1985). Hence, different head
movements were designed for NAO according to McClave (2000), and their relation to
listening behaviors. Head movements were also incorporated into suitable verbal

expressions. Figure 2.10 shows different head movements of NAO in the experiment.
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NAL condition:
NAO turned its head to right and left, top and down to show ignorance.

AL condition:
NAO nodded when saying “yes”, “I see” and similar backchannels, and while
participants talked, to show attention. NAO showed head shaking while saying “no”
or similar disagreement statements.

AEL condition:
In addition to AL condition head movements, turning head down, and shaking
downward-head to show sadness, upward-tilted and repetitive nodding to show
happiness.

AELvo condition: No specific head movements.

Body movements. Except for the head, we could move other parts of the NAO, such
as arms, hands, fingers, and kneels, to obtain an extensive number of movements. Body
movements and postures can represent certain emotions and they are widely researched
for human-like robots. A forward lean body posture, for example, is a salient way to show
attention towards a speaker during social interactions, and is often recommended for use
by clinicians to demonstrate attention or active listening towards patients (Johanson et al.,
2021). Furthermore, certain nonverbal behaviors are positively associated with empathy
including; head nodding, smiling, and inappropriate use of eye contact, body orientation
away from the patient, and a backward lean indicates a lack of empathy (see (Johanson et
al., 2021)). Different kinds of robot gestures have been shown to have different effects.
Some studies (e.g., (Salem et al., 2015)) found that a robot using incongruent hand
gesturing behaviour with its speech were rated higher by users in terms of likability,
human-likeness, shared reality, and future contact intentions, compared to a robot using
gestures congruent with its speech. We modulated the body movements of NAO
according to the works of McColl and Nejat (2014) and Thimmesch-Gill et al. (2017),
designing movements such as opening and closing arms, crossed arms, opening palms,
and pointing finger. Some movements were synchronized with utterance, whereas others
were free movements in reaction to participants to show the activeness and emotional
state of the robot. Figure 2.11 and 2.12 shows different body movements of NAO for AL

and AEL conditions in the experiment.
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NAL condition:
NAO pretended to look at watch or playing with hands to show ignorance.

AL condition:
Appropriate movements along with verbal components: for example, NAO opened
arm and hand when asking a question, pointed fingers toward itself when expressing
its opinions.

AEL condition:
In addition to AL condition movements, NAO showed additional body movements
in accordance with emotional statements: for example, NAO opened its arms
together or moved arms up and down to show happiness and surprise.

AELvo condition: No specific body movements.

2.1.3.8.2 Verbal components of listening behaviors

Verbal components of listening behaviors in this study included two parts: 1) the main
content of conversation including questions, answers, comments, attentive and emotional
statements, 2) specific verbal techniques to show attention or emotions. Following is the

main verbal techniques were used:

Backchannels. Active listeners give more feedback to speakers, which coordinates
the speaker’s narratives with what the listener needs to know. A common form of
feedback in such settings is backchannels (Kraut et al., 1982), which is short
acknowledgement utterances, such as “uh-huh” or “ummm,” or nonverbal gestures, such
as head nods or brief smiles (Johansson et al., 2016). Using backchannels encourages the
speakers to continue, but this technique should be followed by asking other questions
(Kobayashi et al., 2010). We used backchannels for AL, AEL and AELvo conditions.

Affirmative statements. Good listeners also use short positive statements to express
agreement and understanding of the speaker’s content and encourage them to continue
their speech. These statements affirm or assert a particular idea, belief, or state of affairs.
They are opposite to negative statements and are often used to convey approval, support,
agreement, or confirmation. Affirmative statements contribute to a positive and
constructive communication style. We used short affirmative statements like “yeah,”
“OK.,” “I see,” “Really?”, “oh,” and “good.” for AL, AEL and AELvo conditions.

44



Chapter 2 I Effect of social robots’ listening behavior on trust

Paraphrasing. Paraphrasing shortens and clarifies the speaker’s statements (both
content and feelings) by restating the information received in another from (Bauer & Figl,
2008; Ivey & Daniels, 2016; Kobayashi et al., 2010; Weger et al., 2010). Paraphrasing
was used for AL, AEL and AELvo conditions. An example from AL condition is as

follows:

NAO: What did you find most difficult in Japan?
Participant: Maybe Japanese Language ....

NAO: Yeah, Japanese language specifically kanjis are difficult.

Summarizing. Summarization is a concise overview of several statements, the
content, or even feelings of a conversation (lvey & Daniels, 2016) to bring together
important ideas and establish a basis for further discussion (Bauer & Figl, 2008).
Summarization was used for AL, AEL and AELvo conditions. An example from AEL

condition is as follows:

NAO: Have you travelled in Japan?
Participant: Yeah, | went to Kyoto last year. | wore traditional clothing of Japan
and ate many foods.

NAO: So, it seems you enjoyed a lot.

Asking. Clarifying questions that can be open or closed is part of good listening
(Kobayashi et al., 2010). Most active listening treatments suggest that the listener asks
questions to encourage the speaker to elaborate on his or her beliefs or feelings (Weger
et al., 2010). We prepared some questions for NAO, for example like, “what did you do
then?” for AL condition, or “did you like it?” for AEL condition. Other verbal techniques,
such as encouraging statements, demonstrating concern, and sharing similar emotions,

were also used to design the verbal behaviors of NAO.

Moreover, according to the literature (see (Johanson et al., 2021)), verbal behaviors
such as; expressions of understanding, statements of support, encouraging questions,
positive reinforcement, humour, and information giving, show empathy. However,
interrupting the speaker, chatting with other people, and ignoring questions are some of

verbal behaviors that indicate a lack of empathy.
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Table 2. 5 Summary and examples of verbal and nonverbal components of listening behaviors of robot in

experimental conditions

behavior  Verbal Nonverbal

Limited verbal responses in addition to statements to - Averted, situational gaze
show that NAO is not listening carefully, such as: - Head down, right or left
- Sorry, | was distracted - Looking at watch

NAL - 1 didn't get your point - Playing with hands
- Sorry | didn't understand what you said
- Would you please repeat once again
- | misunderstood
active empathic active empathic
Attentive verbal - Constant gaze
responses and - Nodding
statements to show that - Shaking head
NAO is actively - Some arm and
listening, such as: hand movements

AL - Yes, | see. none to ask questions none
- Yes, | agree with that or express
- | know about it opinions
- | understand your
point
- Good
Verbal responses to Emotional verbal responses - Constant gaze - Turning head down,
show understanding and statements to show - Nodding and shaking
such as: empathy, such as: - Shaking head downward-head to
- Yeah, that is true - | also feel like you - Some arm and show sadness
- Ok, great - Then, you enjoyed being hand movements - Upward-tilted and
- Yes, | see. here to ask questions - Repetitive nodding to

AEL - Yes, | agree with that - Amazing, | know your or express show happiness.
- Cool feelings opinions - Open arms
- | know about it - Glad to hear that - Joint hands
- | understand your - You must feel so happy of - Leaning forward
point it - Swing arms
- Interesting - You are emotionally - Bowed, wrap arms
- Good strong - Nudging

- Don’t feel regret about it
AELvo Same as AEL condition ~ Same as AEL condition Constant gaze none

All video of the experiment are accessible at:
https://osf.io/paf69/?view_only=fa34adaae24343ef9431b04b7b8daee8
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/

-

Question 9: Do you miss your family or friends here?

~

Listening mode

Answering mode

/ Question 2: How long

have you been here then? \

Listening mode

Answering mode

Averted gaze
Head up and right

No specific reply

/ Question 3: Do you have

any plan to stay here more? \

Listening mode

Answering mode

Averted gaze
Head down

No specific verbal or
nonverbal behavior

So, you didn’t find any Japanese
friend?
Thank you so much for your time

/

Question 8: how did you find Japanese people and culture different? \

Listening mode

Answering mode

Greeting
Questioning mode A Listening mode Answering mode
Thank you for coming here Head down OK!
May | kindly know which country are
you from?
/ Question 1: So, why did you choose Japan for studying? \
> Backchannels
Listening mode Answering mode OK!
Yeah
No specific verbal or Oh, why did you think like that. | do Maybe
nonverbal behavior not accept Good
A

Playing with hands

Could you explain more about it?
So, you didn’t like it

N

~

Question 7: Do you speak Japanese or like to learn?

Listening mode

Answering mode

Ah, | didnt understand what you said

| was distracted
Would you please say again?

/ Question 4: what did you find most interesting in Japan?

~

No specific verbal or
nonverbal behavior

No specific reply

N

-

Question 6: What did you find most difficult in Japan?

Listening mode

Answering mode

Head right and up
Averted gaze

Yeah, it is difficult
I know

Listening mode

Answering mode

Look at the watch
Can you explain more

| was distracted
Would you please say again?

Ah, | didnt understand what you said

Figure 2. 7 The procedure of conversation in NAL behavior

Verbal statements

Question 5: have you travelled in Japan?

I don’t agree with you

O, | asked this question before

| forgot it

1 was lost, what we were talking
about

Sorry, | misunderstood

Listening mode

Answering mode

il (I

Situational gaze

You said Tokyo/Kyoto/Osaka?
How about places you visited in
Tokyo?
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Greeting

Questioning mode Listening mode

Answering mode

Good morning/Good evening
Thank you for coming here
May I kindly know which country are you from?

Constant eye gaze
Hand movements

Yeah, | know there.
Oh, I have been there before.
Good, it is quite a famous country

Answering mode

4 Question 1: So, why did you choose Japan for studying? )
| Body gestures
Answering mode " Nodding
I am sure you will learn a lot hear g Constant eye gaze
=
6
. (5]
( Question 2: How long have you been here then? ) é
o Backchannels
Answering mode =
2 Yeah / Good / Exactly
Ooh really, it is quite a long time. i | see
So, you have been here for a few weeks/months - (hand movements) L—{ |agree with that
I know about it
- - - - — | understand
( Question 3: what did you find most interesting in Japan? )
Answering mode
Keep going please, | am eager to hear about it Paraphrasing
No problem, you still have time to explore and get new experiences _ _
L | You did the best choice
ie--4-J-—__p| Yes, I know that it is hard to learn
4 Question 4: have you travelled in Japan? ) : Yeah, Japanese language is very
=t difficult
. o
Answering mode [
b
Oh Kyoto/ Osaka/ Hokkaido - sounds good o Summarizing
It’s famous for its foods. — (hand movements, shaking head) : '
P | see, you have just recently come to
[ Japan.
4 Question 5: Did you learn to speak Japanese or like to learn? ) : oFo--F--1----» S0, it seems you enjoyed a lot.
i i Everybody has almost difficulty with
Answering mode i Japanese language.
b ; So, you don’t have any special issue.
You are totally right. B *l . Then you might stay here
I understand your situation — (head movement) P r+-—1——» So, you want to back to your country
i —>
i
4 Question 6: What did you find most difficult in Japan? ) : : Asking
bt
Answering mode : : When did you come to Japan,
i actually?
Please tell me more about it H--— 4. Can you explain more about it?
(arm and hand movement) 1 : What special did you do there?
Wias it the first time you travelled
abroad?
/ Question 7: how did you find Japanese people and culture different? \
Answering mode
Good point g . "\
uestion 9: Do you have any plan to stay here more?
That was interesting to hear — (head and hand movement) Q y yp y
Answering mode
4 Question 8: Do you miss your family or friends here? ) It is difficult to choose.
In any case, | hope you the best and success.

Definitely it is difficult
Nice to hear that — (head and hand movement)

J

Figure 2. 8 The procedure of conversation in AL behavior
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[ Greeting \

Questioning mode Answering mode Emotive component
Good morning/Good evening Wow, | know your country. | feel so happy to meet you
Thank you for coming here Oh, I have been there before. Oh really, I love your country’s food.
May I kindly know which country are you from? Nice, it is quite a famous country It was some years ago and | enjoyed it.
4 Question 1: So, why did you choose Japan for studying? ) Backchannels
Answering mode Emotive component | Yeah/Good/Cool / well
" Ooh / wow
I am sure you will learn a lot hear I like your perspective S Great / interesting / so nice
1 also feel like you & Really? Wonderful
= I see
S I agree with that
4 Question 2: How long have you been here then? ) S | know about it
g’ I understand
Answering mode £
2 Body gestures
Ooh really, it is quite a long time. 5
So, you have been here for a few weeks/months — (hand movements) Nodding
Constant eye gaze
Shaking head
4 Question 3: what did you find most interesting in Japan? ) Hand movements
Answering mode Emotive component
Paraphrasing
Could you say more about it, | am I had also the same experience
eager to hear about it — (open arms) Amazing, | know your feelings You did the best choice
Don’t worry, you still have time to | feel so exciting hearing it Yes, must be difficult to learn
explore and get new experiences [ I »| Yeah, Japanese language is very
(o Lip gl difficult
| 1
e S . O\ I
Question 4: have you travelled in Japan? i
o Summarizing
Answering mode Emotive component o -
Lo So, you like Japan.
Oh Kyoto/ Osaka/ Hokkaido I like there so much : So, it seems you enjoyed a lot.
It’s famous for its foods. I have heard about it. It is interesting. [ {----.____{__ i Everybody has almost difficulty with
(Open arms, shaking head) | felt so excited hearina about it. ! ! Japanese language.
: IFT__ ''''' » Specially kanjis are difficult
[ So, you don’t have any special issue.
4 Question 5: Did you learn to speak Japanese or like to learn? h Fp »1 Then you might stay here
: : : . So, you want to back to your country
Answering mode Emotive component P >
[
It is great that you know Japanese 1 am happy to hear that R B : :
I understand your situation T T Asking
i When did you come to Japan,
i » actually?
4 Question 6: What did you find most difficult in Japan? ) What special did you do there?
Which places did you visit there?
- - Wias it the first time you travelled
Answering mode Emotive component abroad?
Please tell me more about it You might feel bad about it
(arm and hand movement) I understand your feeling
/ Question 7: how did you find Japanese people and culture different? \
Answering mode ( Question 9: Do you have any plan to stay here more? )

Good point

. . . Answering mode
That was interesting to hear — (head Upward-tilted, open arms)

It is difficult to choose.
In any case, | hope you the best and success.

4 Question 8: Do you miss your family or friends here? )
Answering mode Emotive component ——
I have lots of Japanese friends too Glad for you, you must feel
| am sure you can make it later happy with them
(Shaking head, joint hands) Don’t feel regret about it Figure 2. 9 The procedure of conversation in AEL behavior
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head-left head-left-down head-right-'down

Figure 2. 10 Head movements and positions of NAO in the experiment.
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Figure 2. 12 Some examples of NAO body movements for AEL condition.

51



Chapter 2 I Effect of social robots’ listening behavior on trust

2.1.4 RESULTS

2.1.4.1 Data analysis

After collecting data, we initially filtered the dataset to identify and address any suspicion
of unreliable data. Fortunately, no unreliable data was found, and all data obtained from
the 120 participants were used for subsequent statistical analysis. We completed a
normality test and the results showed that sample data has been drawn from a normally
distributed population. To identify the hidden dimensions of independent variables and
to explain their relationships and effect on dependant variables, we conducted factor
analysis. For the main analyses, a multivariate analysis of variance (MANOVA) with
post-hoc analysis was conducted for the obtained variables from factor analysis to test the
statistical significance of the effect of robot’s different listening behaviors on different
types of trust. Considering the mean differences, the scores for changes between before
and after the interaction was compared for dependent variables. SPSS 19 was used to

conduct statistical analyses.

2.1.4.2 Factor structure of trusts

To examine the influence of difference in the listening behaviors of social robots on
perceived trust, we first conducted exploratory factor analysis to aggregate the 40 items
in general trust, 9 items in cognitive trust, and 7 items in affective trust scale into discrete
dimensions. First, the factorability of the 40 items was examined. The Kaiser—Meyer—
Olkin measure of sampling adequacy was 0.908, above the recommended value of 0.6,
and Bartlett’s test of sphericity was significant (y*(780) = 5329.844, p < 0.001).
Therefore, factor analysis was considered suitable. The maximum likelihood method
with promax rotation revealed an eight-factor structure. The cumulative contribution of
these eight factors was 62.72%. These factors were considered to represent the
dimensions of people’s general trust in robots. Four of the 40 items were eliminated
because they did not meet the minimum criteria of having a primary factor loading (how
much a factor explains a variable) of 0.35 or above. Table 2.6 shows the factor loading

matrix for the final items.

Variables with high loadings on the first factor contained responses to items such

29 ¢c

as “act as part of the team,” “work best with a team,” “be considered part of the team,”

29 ¢

“be a good teammate,” “protect people,” and “be reliable.” These items represented
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people’s expectations for robots to work in collaboration with people and work as a
team; thus, they were labeled as “team working.”

29 ¢

The second factor contained items such as “be lifelike,” “possess adequate
decision-making capability,” “be conscious,” “know the difference between friend and
foe,” “perform a task better than a novice human user” and “provide feedback,” as well
as “be autonomous.” The variables of this factor are mostly related to how much
consciousness the robot has and can act in an intelligent way. Thus, the factor was
labeled as “Intelligence”

The third factor included responses to items such as “malfunction (reversed),”

29 ¢C

“have errors (reversed),” “require frequent maintenance (reversed),” “be unresponsive
(reversed),” “be incompetent (reversed),” and “be led astray by unexpected changes in
the environment.” This factor represented people’s expectations that robots should work
free of troubles; thus, it was labeled as “Trouble-free”

Items loaded for the fourth factor included “be pleasant,” “be friendly,” and “be
supportive,” and it represented the measure of positive feelings and feedback the users
received from the robot. Thus, the factor was labeled as “Likeability.”

99 ¢¢

Items loaded for the fifth factor included “act consistently,” “openly communicate,”
“clearly communicate,” “function successfully,” and “communicate with people.” These
items represent people’s expectations regarding the robot’s appropriate function and
communication; thus, it was labeled as “Function.”

The sixth factor contained items such as “tell the truth,” “warn people of potential
risks in the environment,” “keep classified information secure,” and “be responsible.”
These items represent the extent to which the robot is safe in maintaining information
and exhibits reliable behavior. Thus, it was labeled as “Reliability.”

Variables that had high loadings on the seventh factor included “perform exactly
as instructed,” “follow directions,” and “be predictable”, which were about instructing
the robot. Thus, this factor was labeled as “Control.”

The eighth factor contained two items, “make sensible decisions” and “possess
adequate decision-making capability”, which represented people’s expectations of
robots making proper decisions. Thus, the factor was labeled as “Decision making.”

The internal reliability of the eight factors was tested by calculating the

Cronbach’s alpha indices. Alpha values for the eight factors were 0.91 (team working),
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0.79 (intelligence), 0.85 (trouble-free), 0.82 (likeability), 0.81 (function), 0.67
(reliability), 0.83 (control), and 0.82 (decision-making), which indicated high reliability.

In addition, factor analysis was conducted for responses on the cognitive trust scale
using the maximum likelihood method with promax rotation. A two-factor structure was
revealed, with a cumulative contribution of 51.99%. The Kaiser—Meyer—Olkin measure
of sampling adequacy was 0.810, above the recommended value of 0.6, and Bartlett’s test
of sphericity was significant (y*(36) = 591.17, p < .001). Table 2.7 shows the factor
loading matrix for final items of cognitive trust.

These two factors represented the dimensions of people’s cognitive trust in social
robots. Item 16 “If people knew more about this robot, they would be more concerned
and monitor its performance more closely” was eliminated because it did not meet
minimum criteria of having a primary factor loading of 0.35 or above. There were no
items with a cross-loading of 0.35 or above.

The first factor contained responses to items of “other people who must interact
with NAO consider it to be trustworthy,” “most people, including those who are not
familiar with NAO, trust and respect NAO,” “I can rely on NAO to undertake a thorough

2 ¢

analysis of the situation before advising me,” “this robot approaches its duty with
professionalism and dedication,” and “when interacting with NAO, I have no reservation
about acting on its advice.” This factor represented people’s understanding and
perception of the robot. Thus, this factor was labeled as “Social reputation.”

The second factor contained responses to items such as “I have to be cautious
about acting on the advice of NAO because its opinions are questionable (reversed),” “I
cannot confidently depend on NAO because it may complicate my affairs by careless
behavior (reversed),” and “when interacting with NAO, I have good reason to doubt its
competence (reversed).” This factor represented personal trust in the robot and was
labeled as “Personal credit.” Cronbach’s alpha values for these two factors were 0.87
(social reputation) and 0.80 (personal credit), which indicated good internal reliability.

Finally, factor analysis for responses for the affective trust scale with the
maximum likelihood method and promax rotation revealed a single—factor structure, in
which all seven questions met the minimum criteria of having a primary factor loading
of 0.35 or above; thus, no question was eliminated. The one-factor cumulative

contribution was 61.79%, and Cronbach's alpha value of 7 questions was 0.89.

54



Chapter 2 I Effect of social robots’ listening behavior on trust

Table 2. 6 Factor loadings for 36 items of human robot scale (N = 120)

Factor

F1 F2 F3 F4 F5 F6 F7 F8
Q3 act as part of the team 0.840
Q18 work best with a team 0.799
Q26 be considered part of the team 0.798
Q39 be a good teammate 0.746
Q2 protect people 0.634
Q32 be reliable 0451 0.352
Q38 be lifelike 0.764
Q13 possess adequate decision-making capability 0.699 0.355
Q37 be conscious 0.651
Q11 know the difference between friend and foe 0380 0.521
Q10 perform a task better than a novice human user 0.478
Q12 provide feedback 0.463
Q35 be autonomous 0.421
Q5 malfunction (reversed) 0.760
Q9 have errors (reversed) 0.718
Q7 require frequent maintenance (reversed) 0.684
Q34 be unresponsive (reversed) 0.618
Q29 be incompetent (reversed) 0.577
Q40 be led astray by unexpected changes in the environment -0.505
Q33 be pleasant 0.831
Q31 be friendly 0.807
Q28 be supportive 0.615
Q1 act consistently 0.657
Q8 openly communicate 0.608
Q6 clearly communicate 0.515
Q4 function successfully 0.481
Q17 communicate with people 0.352
Q23 tell the truth 0.718
Q14 warn people of potential risks in the environment 0.423
Q19 keep classified information secure 0.423
Q27 be responsible 0.360
Q20 perform exactly as instructed 0.722
Q25 follow directions 0.708
Q36 be predictable 0.431
Q21 make sensible decisions 0.375 0.553

Note. Factor loadings with absolute value <.35 are suppressed
Table 2. 7 Factor loadings for 8 items of cognitive trust scale (N = 120)
Factor
F1 F2

Q15 Other people who must interact with NAO, consider it to be trustworthy 0.879
Q14 Most people, even those who are not familiar with NAO, trust and respect NAO 0.788
Q10 I can rely on NAO to undertake a thorough analysis of the situation before advising me 0.462
Q13 This robot approaches its duty with professionalism and dedication 0.440
Q8 Interacting with NAO, | have no reservation about acting on its advice 0.399
Q11 | have to be cautious about acting on the advice of NAO because its opinions are questionable (reversed) 0.923
Q12 | cannot confidently depend on NAO since it may complicate my affairs by careless behavior (reversed) 0.600
Q9 Interacting with NAO, I have good reason to doubt NAO’s competence (reversed) 0.469

Note. Factor loadings with absolute value <.35 are suppressed
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Hence, for the rest of analyses, eight variables resulted from factor analysis, in
addition to sum of 40 items as overall general trust score was used to evaluate the
general trust of participants to the robot. Two variables resulted from factor analysis of
cognitive trust scale, in addition to average of responses to 9 items (overall cognitive
trust) was used to measure the cognitive trust toward the robot. The average of
responses to 7 items was used to measure the affective trust toward the robot.

2.1.4.3 Descriptive statistics and test of results

To investigate the effect of different listening behaviors of the robot on the perceived trust
of participants, changes in the trust scores before and after conversation were calculated
and compared across four experimental conditions. Table 2.8 shows the means and
standard deviations (SDs) of changes before and after conversation in all thirteen trust
scores for four experimental conditions. AEL condition had the highest score than other
conditions in all trust scores. NAL condition had the lowest score, and the mean score of
AL condition was higher than that for NAL condition and moderately lower than that for
AELvo condition in most trust scores. Therefore, AEL was the most stimulating behavior

for participants to deduce the trustworthiness of the robot’s behavior.

Table 2. 8 Summary of means and standard deviations (SDs) of all trust scores (changes before and after
conversation) for four experimental conditions.

NAL Condition AL Condition AEL Condition AELvo Condition

General trust scores

Mean SD Mean SD Mean SD Mean SD
Team working -0.73 111 0.01 0.66 0.57 0.75 0.37 0.86
Intelligence -0.46 1.09 0.29 0.75 0.81 0.78 0.62 0.92
Trouble-free -0.71 0.99 0.32 0.73 0.45 0.93 0.48 0.61
Likeability -0.51 1.10 0.51 0.84 0.90 0.79 0.49 0.78
Function -0.71 1.08 0.65 0.92 0.82 0.89 0.42 0.92
Reliability -0.66 0.95 -0.15 0.86 0.46 0.96 0.15 0.75
Control -0.90 1.02 -0.06 0.84 -0.003 1.03 -0.17 0.63
Decision making -0.002 0.85 0.29 0.93 0.56 0.81 0.50 0.93

Overall general trust -43.10 64.67 17.33 42.31 48.80 45.08 25.90 38.32

Cognitive and Affective trust scores

Social reputation -0.45 1.22 0.31 0.79 0.70 0.81 0.32 0.71
Personal credit -0.37 1.35 0.14 1.00 0.42 0.84 0.41 0.75
Overall cognitive trust  -0.52 0.97 0.12 0.75 0.48 0.62 0.31 0.55
Affective trust -0.57 1.37 0.63 1.02 1.63 1.15 0.69 1.41

For testing the hypotheses, a one-way multivariate analysis of variance
(MANOVA) was conducted with four experimental conditions (NAL, AL, AEL, AELvo)
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as independent variables and thirteen trust scores as dependent variables, including:
teamworking, intelligence, trouble-free, likeability, function, reliability, control,
decision-making, overall general trust; social reputation, personal credit, overall cognitive
trust; and affective trust, resulted from factor analysis. The results indicated a significant
difference in trust scores among different listening behaviors of the robot [F (39,305) =
2.60, p < 0.001, Wilk's A = 0.42, n? = 0.246]. The multivariate effect size was estimated
at 0.246, which implies that almost 25% of the variance in the canonically derived
dependent variable was accounted for by listening behaviors. The next step was to

determine the source of the differences.

MANOVA was followed by analysis of variance (ANOVA) on each of the thirteen
dependent variables, and with Bonferroni correction measured the individual mean
difference comparisons across the conditions, and effect sizes were measured by Cohen’s
d. As can be seen in Table 2.9, all of the ANOVA results, except for decision-making,
were statistically significant, with effect sizes (partial ) ranging from the lowest one
0.09 (personal credit) which indicated a medium effect, to the highest ones of 0.33

(overall general trust) and 0.30 (affective trust) which indicated a large effect.

Table 2. 9 ANOVA results for all trust scores among four experimental conditions.

df F partial n? p
Team working 3 13.24 0.25 0.000***
Intelligence 3 11.68 0.23 0.000***
Trouble-free 3 14.08 0.27 0.000***
Likeability 3 13.66 0.26 0.000***
Function 3 15.47 0.28 0.000***
Reliability 3 8.65 0.18 0.000***
Control 3 6.49 0.14 0.000***
Decision making 3 2.52 0.06 0.061
Overall general trust 3 18.88 0.33 0.000***
Social reputation 3 8.45 0.18 0.000***
Personal credit 3 3.87 0.09 0.011*
Overall cognitive trust 3 10.46 0.21 0.000***
Affective trust 3 16.86 0.30 0.000***

Statistically significant difference: ***p < 0.001, *p < 0.05
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2.1.4.4 Test of hypotheses
2.1.4.4.1 Effect of NAL, AL and AEL behavior on general trust in HRI

The first set of hypotheses explored the difference among NAL, AL and AEL behaviors
of the robot in general trust. Table 2.10 indicates where the significant group differences
for general trust scores reside. Bonferroni post-hoc test results revealed that the score for
overall general trust, was significantly different between NAL (M = -43.10, SD = 64.67)
and AL conditions (M = 17.33, SD = 42.31, p < 0.001), and between NAL and AEL
conditions (M = 48.80, SD = 45.08, p < 0.001). However, the difference in the score of
overall general trust between AEL and AL conditions was not significant (p = 0.108).
Therefore, H1la and H1b were fully supported and H1c was not supported. A very large
effect sizes were observed for both comparisons of AL and NAL conditions and AEL and
NAL conditions. Figure 2.13 panel A shows the means and SDs of changes in overall

general trust score before and after the conversation in NAL, AL and AEL conditions.

Table 2. 10 Bonferroni post-hoc test results and effects size by Cohen’s d for group differences between
NAL, AL and AEL conditions.

AL versus NAL AEL versus NAL AEL versus AL
condition condition condition
p Cohen’s d p Cohen’s d p Cohen’s d

Team working 0.006** 0.821 0.000*** 1.381 0.087 0.790
Intelligence 0.009** 0.800 0.000*** 1.346 0.163 0.684
Trouble-free 0.000%*** 1.651 0.000*** 1.208 1.000 0.155
Likeability 0.000*** 1.050 0.000*** 1.469 0.602 0.471
Function 0.000%*** 1.351 0.000*** 1.545 1.000 0.193
Reliability 0.172 0.557 0.000*** 1.175 0.052 0.674
Control 0.003** 0.894 0.001** 0.877 1.000 0.070
Decision making 1.000 0.330 0.088 0.683 1.000 0.311
Overall general trust 0.000*** 1.105 0.000*** 1.625 0.108 0.693
Social reputation 0.009** 0.739 0.000*** 1.110 0.577 0.493
Personal credit 0.302 0.433 0.026* 0.682 1.000 0.271
Overall cognitive trust  0.006** 0.742 0.000%*** 1.230 0.383 0.520
Affective trust 0.001*=*= 0.997 0.000*** 1.722 0.011* 0.903

Statistically significant difference: ***p < 0.001, **p < 0.01, *p < 0.05

Additionally, Bonferroni post-hoc analysis revealed significant differences between
NAL and AL behaviors of the robot for six general trust sub-dimensions with medium to
very large effect sizes: teamworking (p < 0.01), intelligence (p < 0.01), trouble-free (p <
0.001), likeability (p < 0.001), function (p < 0.001), and control (p < 0.01). Although
participants evaluated AL as higher for reliability and decision-making factors than NAL,
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the difference was not statistically significant for reliability (p = 0.172), or decision-
making (p = 1.00).

For difference among the general trust factors between NAL and AEL conditions,
Bonferroni post-hoc test indicated significant difference in seven sub-dimensions of
general trust with very large effect sizes in most of factors: teamworking (p < 0.001),
intelligence (p < 0.001), trouble-free (p < 0.001), likeability (p < 0.001), function (p <
0.001), reliability (p < 0.001), and control (p < 0.01). However, the results did not show
significant difference for decision-making (p = 0.088), between the robot with NAL and
AEL. Thus, participants perceived AEL behavior of the robot to be more acceptable and

effective in most of general trust factors than NAL.

Finally, Bonferroni post-hoc evaluation revealed only a moderate significant
difference for reliability (p = 0.052) between AEL and AL conditions. However, the
difference in other sub-dimensions of general trust, including team working (p = 0.087),
intelligence (p = 0.163), trouble-free (p = 1.00), likeability (p = 0.602), function (p = 1.00),
control (p = 1.00), and decision-making (p = 1.00) was not significant, despite showing a
higher mean for AEL. Figure 2.13 panels B-1 shows the means and SDs of changes in
factor scores of the eight sub-dimensions of general trust before and after the conversation
in NAL, AL and AEL conditions.

To summarize, the robot with the behavior of AEL and AL was perceived more
trustworthy than a robot with the behavior of NAL almost in all trust dimensions, and the
potency of AEL and AL in HRT was proved. However, empathic behaviors of AEL
condition were not influential enough enhancing general trust in comparison with AL

condition.
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Figure 2. 13 Changes in overall general trust score (panel A), and factor scores (panel B-1) for the
eight sub-dimensions of general trust in NAL, AL and AEL conditions. Dots indicate means and
vertical lines indicate standard deviations. (***p< 0.001, **p < 0.01)

2.1.4.4.2 Effect of AL and AEL behavior on cognitive and affective trust in HRI

The second set of hypotheses explored the relationship between AL and AEL behaviors
of the robot on cognitive and affective trust. As shown in Table 2.10, Bonferroni post-
hoc test indicated that there was a significant difference in the score of affective trust
between AL and AEL conditions, with AEL condition (M = 1.16, SD = 1.15) scoring
discernibly higher than AL condition (M = 0.63, SD = 1.02, p < 0.05). Therefore, H2a

was fully supported. The cohen’s d indicated a large effect size in affective trust between
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AL and AEL conditions. Figure 2.14 shows the mean and SD of affective trust for AL
and AEL conditions.

Changes in AffectiveTrust Score
=

-2 *
AL AEL
Listening Behavior Conditions

Figure 2. 14 Changes in affective trust score for AL and AEL conditions. Dots indicate means and vertical
lines indicate SDs. (*p < 0.05)

For overall cognitive trust, although AEL behavior of the robot resulted in a higher
mean score than AL, the results of post-hoc analysis indicated that there was not a
significant difference comparing AEL condition (M= 0.48, SD = 0.62) and AL condition
(M =0.12, SD = 0.75, p = 0.383). Factor analysis elicited two factors for cognitive trust,
namely social reputation, and personal credit. Participants measured AEL condition (M
=0.42, SD = 0.84) higher than AL condition (M= 0.14, SD = 1.00) in personal credit, and
similarly they scored AEL condition (M =0.70, SD = 0.81) higher than AL condition (M
=0.31, SD = 0.79) in personal credit. However, there was not any significant difference
for social reputation (p = 0.577) or personal credit (p = 1.00) between AEL and AL
conditions. Thus, H2b was not supported. Table 2.10 shows the results for cognitive trust
scores between AEL and AL conditions. In summary, the difference of AEL and AL
conditions only in affective trust revealed the effectiveness of empathic behaviors of the

robot on affective trust, but not on general or cognitive trust.

2.1.4.4.3 Effect of AEL and AELvo behavior on HRT

According to H3a, AEL behavior which consisted of both verbal and nonverbal
components could result in higher trust than the behavior of AELvo, which only included
verbal components. As shown in Table 2.11, Bonferroni post-hoc test results indicated
that there was not a significant difference in the score of overall general trust between
AEL condition (M = 48.80, SD = 45.08) and AELvo condition (M =25.90, SD =38.32, p
= 0.523), even though AEL condition was scored considerably higher than AELvo
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condition. Therefore, H3a was not supported and nonverbal behaviors could not shape a
large difference for participants’ general trust perception of the robot. Furthermore, no
significant difference was found between the AEL and AELvo conditions, when

individually considering the sub-dimensions of general trust.

Table 2. 11 Bonferroni post-hoc results and effects sizes by Cohen’s d for group differences between
NAL, AL, AEL and AELvo conditions.

AELvo versus NAL AELvo versus AL AEL versus AELvo
condition condition condition

p Cohen’s d p Cohen’s d p Cohen’s d
Team working 0.000*** 1.115 0.673 0.465 1.000 0.248
Intelligence 0.000*** 1.077 0.911 0.340 1.000 0.220
Trouble-free 0.000%*** 1.446 1.000 0.238 1.000 -0.037
Likeability 0.000*** 1.047 1.000 -0.031 0.481 0.519
Function 0.000%*** 1.126 1.000 -0.243 0.675 0.439
Reliability 0.003** 0.946 1.000 0.377 1.000 0.360
Control 0.012* 0.863 1.000 -0.137 1.000 0.196
Decision making 0.166 0.571 1.000 0.299 1.000 0.069
Overall general trust 0.000*** 1.297 1.000 0.212 0.523 0.520
Social reputation 0.007** 0.777 1.000 0.023 0.667 0.492
Personal credit 0.021* 0.715 1.000 0.296 1.000 0.013
Overall cognitive trust  0.000*** 1.066 1.000 0.295 1.000 0.281
Affective trust 0.000*** 0.989 1.000 0.055 0.020* 0.791

Statistically significant difference: ***p < 0.001, **p < 0.01, *p < 0.05

H3b predicted that affective trust was significantly higher when a robot showed
AEL behavior than AELvo behavior. The results of post-hoc analysis, as shown in Table
2.11, indicated that the participants assessed the robot with AEL behavior (M =1.63, SD=
1.15) as having higher affective trust than AELvo behavior (M=0.69, SD=1.18, p <0.05).
Thus, the difference between AEL and AELvo behaviors of the robot for affective trust
was significant, and nonverbal behaviors in the AEL condition elicited higher affective
trust. Figure 2.15 shows the mean and SD of affective trust for AEL and AELvo
conditions. Thus, H3b was verified based on these results.

For overall cognitive trust, however, no significant difference was detected when
comparing AEL condition (M =0.48, SD =0.62) and AELvo condition (M =0.31, SD
=0.55, p = 1.00). Similarly, there was not significant difference for cognitive trust factors
(social reputation and personal credit) between AEL and AELvo conditions. Therefore,
the evidence was not statistically efficient in supporting H3c. Table 2.11 shows the scores

of cognitive trust for the comparison between AEL and AELvo conditions.
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Figure 2. 15 Changes in affective trust score for AEL and AELVO conditions. Dots indicate means and
vertical lines indicate SDs. (*p < 0.05)

Further analyses have been done comparing AELvo condition with NAL and AL
conditions to ensure the effectiveness of nonverbal behaviors on trust perception in HRI.
According to the results shown in Table 2.11, the behavior of AELvo was significantly
different from the behavior of NAL in all trust scores with large effect sizes, except for
decision-making. However, there was not any significant difference in trust scores
comparing AELvo and AL, even for affective trust. Thus, the result could confirm the

impact of nonverbal behaviors of AEL on affective trust, more confidently.

2.1.4.5 Qualitative findings

The participants were asked to describe their overall experience and perception of NAO
robot’s listening behavior, immediately after the interaction through open questions. The
aim was to capture self-reported evaluations of the robot’s behaviors which may not be

achievable through questionnaires.

Regarding the robot’s NAL behavior, participants expressed feeling bored during
conversations with NAO. Its interactions appeared mechanical and failed to emulate

human-like conversation.

“The questions NAO asked I was bored, and I felt it was static and mechanical.”
“He is very artificial and still felt like mechanical, so in order to share feelings, he
needs to be upgraded.”

“.... It was a one way talking, so I was not comfortable to talk with NAO.”
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For the AL robot, participants primarily highlighted NAO's positive behavior in
listening and conveying a sense of reliability and friendliness. However, participants did

not feel any emotional connection or sharing with the robot.

“«

'AO was responsive toward the conversation and he was polite and well-
mannered. ”

“... I do not really accept that a robot could share feelings but he was responsive
and friendly.”

“NAO was listening to my experiences and conversation. | think if NAO become

)

more realistic it will be easier to talk and share personal feelings.’

Regarding the AEL robot, the majority of participants found the robot

communicated very effectively;
“Talking with NAO made me feel relaxed, ...."

However, some participants doubted if the robot truly understood what they were
saying. This indicates that, despite robots behaving like attentive listeners, there may still
be a sense of artificiality. People need to acknowledge that robots can genuinely

understand and perceive their messages.

“He seemed like caring about my words but I really do not know if he really
understood what | was saying. ”

“... I'm not sure if NAQO's responses and shared feelings are independent or if
they're just programmed to follow instructions. ”

Participants had also positive perception of NAO’s gestures and nonverbal

behaviors;

“I liked NAO's gestures which looked like human beings. He was responsive and
caring.”

“.... His gestures are cute and natural.”
However, some participants felt uncomfortable with NAO’s body movements;

“Sometimes, NAO lowered his head with a specific gesture, I felt he was not friendly

»»

and even invasive. I just felt that he wanted to attack me, ....

64



Chapter 2 I Effect of social robots’ listening behavior on trust

Finally, for the AELvo robot, most participants agreed that NAO listened carefully
and was responsive, effectively sharing feelings. However, participants did not care about
NAOQO's static nonverbal behaviors and primarily focused on the content of the

conversation.

“NAO was a good listener, analyzed my situation carefully and gave good advice.”
“NAO was clearly emotionally involved in the conversation, it was compassionate
and seemed to care about what I said.”

“.... It was interesting that it gave the speaker more priority when it comes to

listening”

2.1.5 DISCUSSION

Designing trustworthy social robots using listening behavioral strategies has not been
widely discussed in HRI. There is insufficient empirical evidence on how social robots’
listening behaviors can shape their trustworthiness. Therefore, we investigated the effect
of social robots’ listening behaviors on the perception of trust. It was suspected that AEL
behavior of a social robot could elicit higher trust than other types of listening behaviors.
Additionally, AL behavior of social robot was more effective in evoking trust than NAL.
Moreover, it was expected that a social robot with dual communication of verbal and
nonverbal listening behavior would be perceived as more trustworthy than a robot that

contains the same importance of verbal communication.

2.1.5.1 Human-robot trust and listening behaviors

As expected, AL and AEL behaviors of social robots were both successful in fostering
trust in various domains of general, affective and cognitive trust. AL was found to affect
the evaluation of general trust during interaction with the robot compared with NAL
(H1a). The difference in participants’ trust perception of the robot before and after
interaction was more toward the robot with the behavior of AL than the robot with the
behavior of NAL. This result is consistent with psychological evidence on interpersonal
trust (Lasky, 2000; Lester, 2002; Nugent & Halvorson, 1995), and assures us that to make
a more trustworthy robot, we can associate it with AL. Trust construction is based on

showing the competency of other parties (Mayer et al., 1995), and as AL is attributed to
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care and attention to the speaker, it leads to trustworthiness. The results confirmed that
users act toward the robot as they behave with their fellows. AL was also found to affect
all general trust factors, except decision-making and reliability. For participants’
evaluations of decision-making, the mean scores were in line with our predictions.
However, these differences were not statistically significant. Decision-making did not
result in significant difference in any of comparisons. It could be because, decision-
making is the process of selecting from alternatives to be acted upon in the future to attain
certain goals and it is always related to place, situation, and time (Slovic et al., 2012). It
needs a problem or goal to make certain decisions based on values and weighing the
evidence. The interaction between the robot and user in the current study was limited to
a short conversation, and it did not support any circumstances to make critical decisions
that could be a possible reason for the ineffectiveness of listening behaviors on decision-
making factor. The factor reliability in this study referred to questions about keeping
information safe and warning people of risks. No secure or individual information was
exchanged between participants and robot in this study, that explains why significant
difference was not found for this factor. Function and trouble-free were evaluated with
the highest effect size in comparison between AL and NAL (Table 2.10). As it was
mentioned in section 3.7.1, the general trust scale developed by Schaefer (2016), is mostly
performance based and these two factors also referred to more functional attributes of the
social robot, that could be the reason behind of receiving high effectiveness in trust

perception.

The results also confirmed that AEL behavior of social robot was considerably
more trust-evoking during interaction than NAL behavior of the social robot (H1b). In
the field of HC, effective listeners that show empathy and friendship generally project
more positive impressions, as they are perceived to be more trustworthy, friendly, or
attractive (Weger et al., 2014). Emotional sharing and responsiveness both verbally and
nonverbally advance the formation of interpersonal trust and even rebuild the damaged
trust because emotions guide people’s behavioral propensities (Ma et al., 2018).
Therefore, the behavior of AEL, which is ascribed to emotional expressions, was found
to improve trust more in interpersonal trust, and our results followed the same findings.
Although participants knew that the robot was not alive and it was programmed to be

intelligent, they accepted emotional expressions by the robot and believed in its behaviors
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and reactions. This provides an opportunity for further consideration and research to
develop trustworthy robots equipped with AEL or other affective behaviors. Furthermore,
AEL behavior of the robot was perceived higher in most of general trust factors except
for decision-making, that was explained in previous part. This result suggested that AEL
could be a powerful and successful behavior for social robots in establishing trust, and it
covers the attributes required to be trustworthy by users.

However, considering the difference of AL and AEL behaviors of the social robots
in HRT, thought-provoking results were revealed. Contrary to hypotheses, the difference
in terms of general trust and cognitive trust between AL and AEL was not significant
(H1c). However, the results admitted a significant difference with a large effect size for
affective trust. The difference between AL and AEL in this study was the emotional
statements of the robot in accompany with nonverbal behaviors. The results suggested
that AEL was highly influential in fostering affective trust. However, general trust which
is mostly performance-based in HRT, was less associated with emotional behaviors of
the robot in AEL condition. It means that empathic behaviors of the robot in AEL
condition could not improve general trust more than AL condition. It seems logical as
participants evaluated the empathic behaviors of the robot effecting affective trust rather
than general trust. The findings suggested that people distinguished affective behaviors
of robots and associated them with emotional assessments than performance-based
evaluations. Moreover, Gompei and Umemuro (2018) found that affective trust occurs at
early stages of the interaction than cognitive trust, that could explain the obtained results.
In fact, people perceive and evaluate affective trust during the earlier stages of interaction,
whereas cognitive trust takes longer to develop. This is again because emotions and
affection influence cognition. Furthermore, there was not statistically significant
difference for general trust factors between AL and AEL, although the mean score for all
these factors was higher in AEL. Emotional experiences enrich the quality of
communication, and if AEL could be conceived as an expression of affection (Floyd,
2014), it would improve diverse relationships considerably. Thus, speakers with more
emotional expressions had a higher perception of being trustworthy than speakers who
cared for and supported other parties rationally (Aggarwal et al., 2005; Comer &

Drollinger, 1999; Drollinger & Comer, 2013). It is evident that robots are still far away
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from ways in which humans convey emotions, which could be the possible reason why
AEL did not surpass in all features from AL.

2.1.5.2 Correlation of listening behaviors, and affective, and cognitive trust in HRI

For affective trust, as it was expected in H2a, AEL behavior of the robot received a higher
score and it was evaluated by users to be perceived as affectively more trustworthy than
an active listener robot. Based on the features of affective trust, it is constructed on
emotional experiences and feelings between partners, and as emotional connections
deepen, trust goes beyond available knowledge and rational judgments (Johnson &
Grayson, 2005). AEL creates an affection exchange between the listener and speaker as
it conveys a message of love, kindness, and care (Floyd, 2014). Therefore, it evokes and
is positively correlated with affective trust in HCs. This study showed that this conviction
exists in HRI field, and social robots are able to elicit affective trust if their listening
behavior is engaged in emotion and affectionate behaviors, and users appreciate a robot
that demonstrates empathy in relation. This is because empathy is a big driver and it is
directly associated with trust (Plank & Reid, 2010). Several designers and researchers
have prompted robots with anthropomorphic characteristics, such as sociability,
passionability, and intelligence (Beer et al., 2017), to suggest robots as living entities for
users. AEL as an anthropomorphic behavior seems to be effective and believable in social
robots, and it can help them make more realistic interactions with users and enrich
affective trust. More interestingly, the difference of AEL and AL in affective trust was
noticeably higher than that for general trust. This finding indicates that empathic
behaviors of social robots are powerful in conveying affective messages and building

affective trust.

On the other side, however, the study revealed that AEL behavior was not
significantly different from AL behavior, regarding cognitive trust (H2b). There is a
narrow border between emotion and logic, and they are closely associated with each other.
Although some emotions are generated by the rationalization process, unconscious
thoughts also lead to emotions about things (Lewis & Weigert, 1985; Ma et al., 2018),
and emotions often outweigh logic. Therefore, it was supposed that the affective
behaviors of the robot could result in more cognitive trust as well. However, the findings

did not cover this hypothesis and AEL behavior of the robot could only lead in higher
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affective trust. AEL behavior of the robot involved the same rational statements of AL
plus sending affectionate messages and emotional body language. Thus, it could be the
explanation why the evaluations were similar considering cognitive trust. Furthermore,
the mean score difference of AEL and AL behavior of the robot in affective trust was
greater than the difference in cognitive trust. This result indicated that AEL and AL were
perceived as more similar and closer to each other on the cognitive aspect. However, the
emotional understanding of users was discernibly higher toward AEL, which suggests
that the emotional manipulation of robots can be successful and consequential. As shown
in Table 2.10, AEL and AL were also significantly higher than NAL in both cognitive
and affective trust which admitted the superiority of them to NAL.

2.1.5.3 Impact of verbal and nonverbal components of listening behaviors in HRT

This study discussed the effect of verbal and nonverbal aspects of social robots’ listening
behaviors on trust. Previously, the results indicated that AEL behavior of the robot was
outstanding in provoking trust. Because AEL consisted of verbal and nonverbal
communication aspects, we determined their impact on trust. Although, participants
expressed more general trust in the robot with nonverbal reactions in its AEL behavior
beside the utterance, the difference with verbal AEL was not significant (H3a). Similar to
previous findings in Hla and H1b, as shown in Table 2.11, AELvo was also not scored
differently from AL in general trust (p = 1.00), but it was evaluated higher than NAL (p
< 0.001). In HC, nonverbal behaviors are claimed to be effective means to indicate
attention, interest, understanding, satisfaction, and many other social information (see
Thepsoonthorn et al., 2018). The robots with both verbal and nonverbal behaviors are
also rated as being more natural and engaging (Johanson et al., 2021). Nonverbal
communication strategies are rich and compelling means of communication, and in
listening behavior, nonverbal aspects convey considerable parts of messages, as many
scholars confirm that effective empathic listening incorporates nonverbal immediacy
behaviors. However, the current results of this study could not approve the effectiveness
of nonverbal behaviors of social robots in HRT and it needs more research. NAO provided
limited nonverbal behaviors such as head and arm movements, which were insufficient
conveying emotional reactions. Furthermore, some participants got uncomfortable and

distressed at the movements of the robot, due to its mechanical voices or the possibility
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of falling down. Thus, the participants did not generally differentiate AELvo behavior of
the social robot from AEL behavior of the social robot in trustworthiness.

Regarding affective and cognitive trust, participants evaluated AEL behavior of the
robot higher in affective trust than AELvo condition (H3b). People often indicate their
emotions in myriad verbal expressions and nonverbal communication in their
relationships. However, nonverbal immediacy has an advantage over utterance, as it is
associated with messages of positive feelings, intimacy, and affection (Floyd, 2014).
Emotions change our voice, body movements, and facial expressions unconsciously; for
instance, smiling is a way of communicating happiness to others or waving the arms is a
symbol of excitement. Thus, when communication is supported by nonverbal immediacy,
affectionate messages are transmitted more easily and faster, and this affects the growth
of affective trust in HRI as well. However, interestingly enough, AELvo resulted in a
moderate significant difference (p = 0.055) with AL in affective trust.

Thus, considering the results, we could conclude the superior effectiveness of
nonverbal behaviors on affective trust. It is because that eliminating the nonverbal
behaviors in AELvo condition decreased its contribution to affective trust and situated it
more similar to the behavior of AL. However, on the side of cognitive trust, the results
did not reach a scientifically significant difference, although the mean score was higher
for AEL. This could be because both AEL and AELvo behaviors of social robot
demonstrated exactly similar verbal content, which mostly incorporates cognitive-driven
trust. Verbal communication is highly language-based and depends on the understanding
of the meaning of words. It is found that words are stronger engagement skills, whereas
body language affects social-emotional concepts (Thepsoonthorn et al., 2018). Thus, a
robot with AEL behavior that consists of both verbal and nonverbal means of
communication can be the best option for designers to develop a trustworthy robot with

the optimum outcome.
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2.2 Effect of Social Robots’ Listening Behaviors on Animacy,
Likeability and Perceived Intelligence

During the first study, the influence of social robots with different listening behaviors on
people’s perception was also analyzed in terms of animacy, likeability and perceived
intelligence. A separate experiment was not conducted for that, but some further

measurements were added to evaluate people’s perception of social robots.

2.2.1 INTRODUCTION

The field of HRI attempts to build effective and successful interactions between people
and robots. One approach to enhance people’s interaction of robots is the attempt to
increase a robot’s familiarity by using anthropomorphic (humanlike) design and human
social characteristics (Fink, 2012). People respond more positively to anthropomorphic
social robots that possess humanlike appearance, behaviors or interaction. Accordingly,
anthropomorphism is broadly recommended to support an intuitive and responsive
interaction between social robots and humans. To enhance human-robot interaction, it is

necessary to investigate and understand how people perceive such humanistic behaviors.

Anthropomorphism entails ascribing humanlike properties, characteristics,
intentions, motivations, emotions, or mental states to real or imagined nonhuman agents
and objects. Various aspects of robot anthropomorphism have been investigated to date,
in particular, the extent to which the attribution of human characteristics to robots may
influence observers’ subsequent behavior towards them, or how the mere presence of
anthropomorphic robots may affect socio-cognitive processes (Spatola & Wudarczyk,
2021). In the design of socially interactive robots, anthropomorphism is reflected in the
robot’s form (appearance), behavior (e.g. motion), and interaction (e.g. modality) (Fink,
2012). While research on anthropomorphic robots equipped with expressive faces,
emotional voices and body language (see Tsiourti et al., 2019) has been extensive, the
exploration in the context of social robots’ behaviors and interactions is still in its early

stages, and there are many humanistic attributes have not been studied in HRI.

During the first study, we considered listening behavior as a humanistic behavior

for social robots. Despite the growing number of studies exploring the listening behavior
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of social robots as an anthropomorphic attribute, the specific influence of different
listening behaviors and their individual components in HRI remains ambiguous.
Therefore, we investigated the influence of social robots’ listening behaviors on people’s

perception, as well as its impact on people’s perceived trust.

2.2.2 DEVELOPING HYPOTHESES
2.2.2.1 Social robots’ emotional behaviors and perception of robots

Perception of anthropomorphism were influenced by the robots’ capability to express
emotional state. Most works done in HRI regarding emotional expression focused on
face-based expressions, emotional speech cues or gestures (see Destephe et al., 2014).
Number of studies presented the effectiveness of emotions in human-likeness,
attractiveness, likeability, trustworthiness, and familiarity of the robots (see Park &
Whang, 2022). The integration of dynamic emotional expression and movements made
the humanoid robot more attractive, favorable, useful, and less mechanical-like (Hosseini
etal., 2017). Previous work also suggested that endowing robots with emotions facilitated
HRI, and the absence of emotional expressions could be interpreted as indifference
toward the human (Eyssel et al., 2010). Wei and Zhao (2016) concluded that when the
robot displayed positive emotions, subjects were more inclined to prolong the
conversations, and their perception was significantly influenced by the robot's expressed
emotions rather than the manipulation of the robot. In terms of companionship, the results
of the study by Hosseini et al. (2017) showed that participants accepted the robots’
suggestions and selected them as companions that could express emotions. Furthermore,
in the listening behaviors, the empathetic component of AEL constructs an emotional link
between individuals, and conveys a message of care, love, and friendliness for the partner.
Therefore, to evaluate the influence of emotional aspects of social robots’ listening
behaviors on humans’ perception of robots, we considered to compare AL, AEL and
AELvo behaviors of the robot;

H1. Social robots with the behavior of AEL have a positive effect on people’s

perception of the robots compared to those with the behavior of AL.

H2. Social robots with the behavior of AELvo have a positive effect on people’s
perception of the robots compared to those with the behavior of AL.

72



Chapter 2 I Effect of social robots’ listening behavior on trust

2.2.2.2 Social robots’ nonverbal behaviors and perception of robots

As discussed in section 2.1.2.3, listening behaviors comprise two components: verbal and
nonverbal. Evidence showed that nonverbal aspects of communication surpass verbal
segments in conveying message (Mehrabian, 1971). In HRI, several studies have
considered the effectiveness of nonverbal behaviors of social robots (see (Rifinski et al.,
2021); for example, Salem et al. (2013) revealed that participants perceived the robot used
co-verbal gestures as more likable, reported greater shared reality with it, and showed
increased future contact intentions than when the robot gave instructions without gestures.
Furthermore, robots that use gestures along with speech elicit more attention and better
recall, as well as higher ratings than robots that do not show co-verbal gestures (Admoni
et al., 2016). Further research indicated that if the robot used gestures, it was evaluated
significantly better in terms of anthropomorphism, animacy, perceived and social
intelligence and emotions compared with a no movement condition (Striepe et al., 2021).
Moreover, some studies demonstrated how a non-verbal cue, such as the robot’s gaze,
could influence participants’ roles, turn-taking and people’s interpersonal evaluation on

robot in human-robot conversation (Rifinski et al., 2021).

Furthermore, Bartneck (2001) stated that humans express emotions through body
language, with emotions being conveyed through gestures, facial expressions, and
physiological responses. Emotional gestures not only amplify the impact of nonverbal
behaviors but also influence the state of mind or reaction of their human partner. Given
that some social robots are designed to resemble human features, this allows for more
natural interactions by incorporating body language. Accordingly, Eyssel et al. (2010)
investigated the effect of robots’ nonverbal-emotional expression on anthropomorphism,
finding that participants rated the emotion-displaying robot as more humanlike and
likable. Meanwhile, Weger et al. (2010) stated that listeners receive more care and
concern from nonverbal behaviors of listening than specific verbal behaviors, and Floyd
(2014) argued that listeners who use nonverbal behaviors convey empathy and support
more effectively. Therefore, we accessed the effect of nonverbal components of social
robots’ listening behaviors on people’s perception of animacy, likeability and perceived
intelligence. To do so, we compared the AEL and AELvo behaviors of a social robot. The

hypothesis is as follows;

73



Chapter 2 I Effect of social robots’ listening behavior on trust

H3. Social robots with the behavior of AEL have a positive effect on people’s
perception of the robots compared to those with the behavior AELvo.

2.2.3 METHOD

This study was part of the main study explained in Part 1, where we incorporated
additional measurements to assess how people perceive social robots’ listening behaviors

in terms of animacy, likeability and perceived intelligence.

2.2.3.1 Measurement

For measuring the perception of the robot, we used the English version of Godspeed
questionnaire (Bartneck et al., 2009), which is one of the most used survey for perception
of robots (Thunberg et al., 2022). Although this questionnaire is not validated, we utilized
it because it is widely employed in various fields, including human-robot interaction. It's
essential to note that this measurement wasn't the primary focus of our study; rather, we
conducted it as an additional aspect of our research. The measurement has five subscales,
which three relevant subscales of animacy, likability, and perceived intelligence were
chosen for this study. Animacy measures the tendency of human users to consider the
robot alive and to attribute intentions to it, and includes six variables: alive, lively, organic,
lifelike, interactive, and responsive. Likeability evaluates the tendency of human users to
attribute desirable characteristics to a robot, and depicts the positive impression about
others people might have, and includes five variables: like, friendly, kind, pleasant, nice.
Perceived Intelligence explores the tendency of human users to consider the behavior of
a robot intelligent, and represents the expected capabilities the robot has, and includes
five variables: competent, knowledgeable, responsible, intelligent and sensible (Destephe
et al., 2014). The measurement employs a semantic differential method where
respondents mark which out of two opposite pairs of adjectives best describes the robot.
Thus, participants evaluated their perception of the robot with 16 items and using a five-
item Likert scale (1 = ‘not at all” and 5 = ‘very much’). The Cronbach’s alpha value was

0.882 for animacy, 0.907 for likeability, and 0.870 for perceived intelligence.
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2.24 RESULTS

2.2.4.1 Descriptive statistics

The data was analyzed to see the influence of different listening behaviors of social robots
on participants’ perception of the robot in terms of animacy, likability and perceived
intelligence. Table 2.12 shows the means and standard deviations of the variables with
their individual items for three listening behaviors of the robot. Robot with AEL behavior
showed the higher score in all variables and their individual items, and NAL received the
lowest sores. Moreover, the robot with AELvo behavior stood higher than the robot with
AL behavior in perceived animacy, likability and perceived intelligence. Therefore, the
robot showing AEL behavior was perceived to be more alive, desirable and intelligent.
Interestingly, for the animacy variable, being responsive received the highest score for
AEL condition which showed that participants perceived the robot with the behavior of
AEL as having the best listening behavior. Among the items of likeability, being nice and
friendly were the highest items for the robot with AEL behavior. Furthermore, the
individual items assessing perceived intelligence showed similar scores between AEL
and AELvo conditions. In AELvo condition, the perception of being intelligent received
higher scores compared to AEL condition, suggesting a possible correlation between

perceived intelligence and verbal behaviors rather than nonverbal behaviors.

Table 2. 12 Means and standard deviations of animacy, likeability and perceived intelligence of NAL, AL,
AEL and AELvo conditions.

NAL AL AEL AELvo
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Animacy 2.51(0.75) 3.26 (0.71) 3.72(0.71) 3.37(0.73)
dead-alive 2.63(0.99) 3.47 (0.97) 3.83(1.05) 3.57 (0.93)
stagnant-lively 2.63(0.92) 3.63(1.03) 4.10 (0.99) 3.53(1.04)
mechanical-organic 1.87 (0.81) 2.37 (0.85) 2.87 (1.07) 2.43 (1.07)
artificial-lifelike 1.97 (0.85) 2.43 (1.07) 3.13(1.04) 2.60 (1.16)
inert-interactive 2.97 (1.09) 3.83(1.02) 4.17 (0.79) 3.97 (0.85)
apathetic-responsive 3.03 (1.06) 3.87 (0.97) 4.27 (0.78) 4.13(0.81)
Likability 3.54(0.95) 4.15 (0.65) 4.52 (0.48) 4.37 (0.49)
dislike-like 3.40 (0.96) 3.93(0.94) 4.40 (0.72) 4.17 (0.79)
unfriendly-friendly 3.67 (1.06) 4.30 (0.70) 4.60 (0.62) 4.40 (0.67)
unkind-kind 3.47 (1.07) 4.17 (0.83) 4.57 (0.62) 4.47 (0.73)
unpleasant-pleasant 3.40 (1.19) 4.17 (0.83) 4.47 (0.57) 4.37 (0.55)
awful-nice 3.80 (0.99) 4.20 (0.88) 4.60 (0.49) 4.47 (0.50)
P-Intelligence 3.02(0.80) 3.35(0.68) 3.79 (0.68) 3.78 (0.72)
Incompetent-competent 2.93(0.94) 3.10(1.12) 3.63(0.80) 3.63(0.85)
Ignorant-knowledgeable 2.90 (1.06) 3.27 (0.82) 3.80 (0.96) 3.77 (1.07)
Irresponsible-responsible 3.13(1.04) 3.60 (0.77) 3.93(0.69) 3.80 (0.76)
Unintelligent-intelligent 3.03 (1.06) 3.23(1.04) 3.83(1.02) 3.93(0.86)
Foolish-sensible 3.10 (0.80) 3.57 (0.81) 3.77 (0.81) 3.77 (0.97)
(P-Intelligence; Perceived intelligence)
o000
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2.2.4.2 Effect of social robots’ listening behaviors on perception of robots

To test the hypotheses, a series of one-way ANOVA tests was conducted with three
listening behaviors as independent variable, and animacy, likability and perceived
intelligence as dependent variables. ANOVA results indicated that the main effects of
listening behaviors were significant for animacy (F (2,87) = 3.36, p < 0.05), likeability (F
(2,87) = 3.46, p < 0.05), and perceived intelligence (F (2,87) = 3.85, p < 0.05). Post-hoc
analysis revealed that the all three variables of animacy (p < 0.05), likeability (p < 0.05),
and perceived intelligence (p < 0.05) was significantly higher for AEL condition than AL
condition. Therefore, H1 was fully supported and the robot exhibiting AEL behavior was
perceived more positively than AL behavior. Furthermore, post-hoc analysis indicated a
significant difference for the score of perceived intelligence (p < 0.05) between AL and
AELvo conditions. However, AELvo condition was not significantly higher than AL
condition in terms of likeability (p = 0.12), and animacy (p = 0.57). Thus, H2 was
supported for perceived intelligence, but not for animacy and likeability. Moreover, the
results did not show any significant difference for the variables of likeability (p = 0.28),
and perceived intelligence (p = 0.94) comparing AEL and AELvo conditions. There was
only marginally significant difference for animacy (p = 0.059) between AEL and AELvo
conditions, suggesting the influence of nonverbal behaviors on the robot's perceived
aliveness and lifelikeness. Thus, nonverbal behaviors of AEL could not induce the
participants’ perception of robot more than AELvo and H3 was not supported. Table 2.13

and Figure 2.16 shows the results of post-hoc analysis.

Table 2. 13 Post-hoc results for pairwise comparisons of animacy, likeability and perceived intelligence.

AEL vs. AL AL vs. AELvo AEL vs. AELvo
p p P
Animacy 0.015* 0.572 0.059
Likability 0.010* 0.127 0.285
P-Intelligence 0.017* 0.020* 0.941

*p < 0.05, (P-Intelligence; Perceived intelligence)

2.2.5 DISCUSSION

For this part, we analyzed the participants' perception of robots in terms of animacy,
likeability, and perceived intelligence in relation to different listening behaviors of social
robots.
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Figure 2. 16 Means of animacy, likeability and perceived intelligence scores for three listening
behaviors. (*p < 0.05)

As expected, social robot’s AEL behavior, which involved providing emotional-verbal
and nonverbal responses, built a better impression among the participants. This result is
in line with the prior works (Eyssel et al., 2010; Hosseini et al., 2017; Striepe et al., 2021)
as anthropomorphic robots enhanced positive relations, and a robot used gestures and
emotional expressions is perceived lively, friendly and sensible (Tapus et al., 2007).
Several designers and researchers have prompted robots with anthropomorphic
characteristics, such as sociability, passionability, and intelligence (Beer et al., 2017), to
suggest robots as living entities for users. AEL as an anthropomorphic behavior seems to
be effective and believable in social robots, and it can help them make more realistic

interactions with users and enrich the perception of social robots.
2.2.5.1 AEL behavior enhance people’s perception of social robots

Although, the robot with AL behavior indicated an attentive and caring approach toward
the participants, empathetic behaviors of AEL was more influential and succeeded in
building a friendly, alive and responsive interaction between the robot and participants.
Expressive behavior such as showing emotions is a crucial aspect of human interaction.
Emotions can allow humans to establish a relationship with others as well as the
environment (e.g., objects, machines). In this sense, some scholars believed that
interaction with technology and robots should be guided by the same principle (Ayanoglu
& S.Sequeira, 2019). Emotions could be expressed verbally or nonverbally. Prior studies

highlighted the importance of communicating the affective state of a social robot through
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facial expressions, gaze, and affective speech (Appel et al., 2021), along with verbal
expressions. Our results indicated a positive achievement providing social robots with
emotional-verbal and nonverbal behaviors, specifically in listening context. Currently,
robots are designed to become a part of people’s lives and creating emotional engagement

with robots can shape the involvement of people during an interaction.

The social robot with AEL behavior was perceived more alive than that of with AL
behavior. Regarding the results, being responsive, lively and interactive had the highest
means for AEL among the subscales of animacy, compared to other items of being
mechanical, artificial and dead. These results revealed that although participants
perceived the robots as a man-made and artificial object, they could believe and accept
the robots’ behaviors to be humanlike and evaluated them as sensitive and responsive
partners. Furthermore, the scores for the likeability were the highest among the three
variables. Among the five items of likeability, participants evaluated the robot with AEL
behavior with the highest scores in terms of being friendly and nice. Finally, emotive
factors influenced the perceived intelligence as well. There is a narrow border between
emotion and logic, and they are closely associated with each other, and emotions
outweigh logic and influence it (Duncan & Barrett, 2007). Therefore, emotional
expressions influenced the perception of intelligence as well, although it appears that

emotions stem from distinct sources of knowledge and competence.

2.2.5.2 Primacy of verbal components in the perception of social robots’ listening

behaviors

Contrary to our expectations, participants’ perception of AEL was not significantly
different from AELvo, although AEL behavior of the robot was assessed higher in the
scores of animacy, likeability and perceived intelligence. This is an interesting finding
that does not match with previous works (Eyssel et al., 2010), which showed that people
rate a robot as more sympathetic and anthropomorphic when it expressed emotions non-
verbally as a reaction to the participants’ speech compared to a robot that shows no
emotions. Moreover, Salem et al. (2013) indicated that virtual agents are perceived more
positive when they produce co-verbal gestures rather than using speech as the only
modality. However, our results did not support it in HRI. One possible explanation could
be that the experiment was based on dyadic conversation, where participants primarily
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focused on the content of the speech. Speech is the most natural method of
communication between human and the same method can apply to human and machine
(Ayanoglu & S.Sequeira, 2019). As a result, the impact of nonverbal behaviors may have
been less pronounced. Montepare et al. (1999) also emphasized that research on the
communication of emotion has generally supposed that the perception of emotion is more
engaged with facial or vocal expressions than with body movements. Meanwhile,
excessive movements of NAO robot caused mechanical sounds and some participants
perceived it as weird. In addition, some participants were scared of certain movements of
NAO and felt interrupted during conversation. Therefore, our results indicated that
despite the significant importance of nonverbal behaviors, we should be careful in using
them appropriately based on the context, as researchers suggested that in the design of
robots, a balance needs be found between robot-ness and humanness so that the user will
feel comfortably engaging the robot (Fink, 2012). When social robots are expected to act
as good listeners and convey a sense of understanding and empathy, excessive nonverbal

behaviors might be inappropriate and hurtful, especially for robot therapist and counsellor.

The results also revealed that AL and AELvo were perceived differently in terms
of perceived intelligence, but not in animacy and likeability. This is a valuable finding
and indicated the correlation of emotional-verbal behaviors with perceived intelligence,
as well as the association of nonverbal behaviors with animacy and likability. Empathy
influences, modulates, and mediates basic cognitive processes, and could impact the
intelligence. Emotional speech conveys a higher level of engagement and thoughtfulness,
leading others to perceive the speaker as more intelligent. However, AELvo had fewer
nonverbal behaviors compared to AL, which decreased the participants perception of
animacy and likeability. Because, nonverbal behaviors makes a robot humanlike, pleasant
and interactive (Wei & Zhao, 2016). Finally, considering the comparison of AEL with
AL and AELvo, the results indicated the contribution of verbal aspects of listening
behaviors in enhancing animacy and likeability as well. These findings revealed that both

verbal and nonverbal behaviors of social robots contribute to anthropomorphism.
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2.3 CHAPTER SUMMARY

This section concludes the results of sections 2.1 and 2.2. The first experiment focused
on building different listening behaviors for social robots and exploring their impact on
people’s trust perception of robots. The results indicated that the behavior of AEL was
the most trust-eliciting among all other listening behaviors specifically in affective trust.
Thus, manipulating the robots in this way, we hope that we can improve HRT in different
applications in the field of healthcare, business, and education. However, we did not
define any special situation in our experiment, which could be an opportunity for future
studies. Furthermore, AL behavior of the robot was accepted as more trustworthy than
NAL behavior of the robot in all aspects of trust, and less trustworthy than AEL behavior
of the robot in affective trust. This result indicated that adding emotional behaviors to
social robots and supporting users by affectionate companions improved the level of
affective trustworthiness and made the robots more believable and benevolent for users.
If we cannot provide a robot with emotional aspects because of any limitations, AL can

be considered as a second option to reach trustworthiness in HRI.

However, more research is needed considering gender or cultural differences
because these factors are influential in interpersonal trust. Additionally, the results
indicated the effectiveness of nonverbal behaviors over utterances in affective trust,
which admitted the power of nonverbal behaviors in conveying emotional messages.
When the robot indicated nonverbal communication such as head nodding, eye gaze, body
movement, and gestures, users evaluated it as more reliable and affectively impressive.
This result indicated the use of proper nonverbal behaviors for robots to obtain better
outcomes in HRI, specifically trust formation. However, we were not able to simulate
nonverbal behaviors in all dimensions because of limitations of the robot in terms of facial
expressions or body movement, and this provided another possibility for further
investigations in the future. In general, we provided a research in relation to the listening
behavior and trust of social robots to narrow the gap to develop trustworthy robots in
order to design succeeding robots.

Additionally, we considered the influence of social robots’ listening behaviors on
people’s perception of robots in terms of animacy, likeability and perceived intelligence.
Results showed that AEL behavior of the robot which provided emotional-verbal and
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nonverbal behaviors, was perceived more positively in terms of animacy, likeability and
perceived intelligence compared to AL behavior of the robot which only exhibited
attentive behavior. The findings acknowledged the significant contribution of both verbal
and nonverbal behaviors in shaping the anthropomorphic attributes of social robots.
However, in comparison with AELvo, the nonverbal aspects of AEL did not significantly
enhance the humans’ perception of robots. This finding reminds us to consider the context
and specific use cases when designing nonverbal behaviors for social robots. Furthermore,
we concluded that verbal behaviors tend to be associated with perceived intelligence,

whereas nonverbal aspects are linked to animacy and likeability in listening behaviors.
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CHAPTER 3

Influence of Social Robots’ Benevolence and Competence Attributes on

Perceived Trust in Human-Robot Interactions

3.1 INTRODUCTION

In the interpersonal trust, benevolence and competence have been proposed as two
highly influential attributes (Lee & See, 2004; Mayer et al., 1995), probably with the
former being the most common facet of trust (Hoy & Tschannen-Moran, 1999).
Benevolence is the extent to which a trustee is believed to want to do good for a trusting
party (Mayer et al., 1995). Competence, however, is described as a group of abilities that
enables a trustee to provide accurate information (Johnston et al., 2015). The
effectiveness of benevolence and competence attributes on trust perception in education
(Di Battista et al., 2020, 2021), service relationships (Hui & Sit, 2005), personal relations
(Schoorman et al., 2007), and interorganizational trust (Svare et al., 2020) has been
proven. Additionally, some studies have investigated the contribution of comparable
factors to benevolence and competence in HRI (e.g., Belanche et al., 2021; Giorgi et al.,
2022; Liu et al., 2022; Ulfert & Georganta, 2020). However, the role of benevolent and
competent social robots and the integration of these characteristics in establishing trust in
HRI has not been studied thoroughly.

As for the significant effect of benevolence and competence on trust, the
contributions of these factors to HRT must be investigated. Thus, during the second study,
we attempted to investigate the effect of social robots’ behaviors that exhibit benevolence
and competence attributes on people’s perceived trust and primarily the preference and
interrelation of these attributes in HRT. An experiment was conducted during which
participants were requested to converse with a social robot showing various combinations
of benevolence and competence attributes. Different types of trust, including general,
cognitive, and affective trust, were measured as variables to capture the perceived
trustworthiness of participants. Indeed, we can effectively design more trustworthy,
humanistic, believable, and friendly robots with a better exploration of the effect of the
benevolent and competent behaviors of social robots on trust.
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3.2 DEVELOPING HYPOTHESE

3.2.1 Two facets of trust-making behaviors

An emerging theory in social psychology suggested that people generally perceive the
social object along two dimensions (Fiske et al., 2007): 1) benevolence, that is, someone’s
positive intention toward others, without any bad intentions behind it, including
characteristics and behaviors, such as good will, warmth, friendliness, care, concern,
kindness, niceness, honesty, and morality, and 2) competence, that is, someone’s ability
to provide accurate information, including characteristics such as intelligence, capability,
expertise, knowledge, skill, and efficiency (Johnston et al., 2015; Mayer et al., 1995;
McAllister, 1995). Therefore, according to these categories, several studies (e.g. Levin &
Cross, 2004; Lui & Ngo, 2004) have proposed that trust includes at least two dimensions.
One dimension captures benevolence or the “will-do” component, also described as
character-based trust or benevolence-based trust, and the other dimension supports the
competence or the “can-do” aspect of trustworthiness, also described as ability-based trust
or competence-based trust (see Di Battista et al., 2021). In the can-do trust, competence
is one of the most commonly discussed attributes, whereas in the will-do trust,
benevolence is ascribed to the most important behavioral characteristic (Di Battista et al.,
2020). Table 3.1 summarizes the most frequent trust components of two categories in

human communication and HRI.

Table 3. 1 Trust components of will-do and can-do trust in HC and HRI.

Trust components

Types of trust i _ i _ i
in human communication in human robot interaction

benevolence, good will, integrity, warmth, friendliness, benevolence
warmth, friendliness, care, concern,
kindness, niceness, honesty, morality

Benevolence-based
trust (will-do trust)

performance, reliability, level of
automation, information,
competence, accuracy, error type

Competence-based competence, knowledge, intelligence,
trust (can-do trust) capability, expertise, skill, efficiency

3.2.1.1 Competence and trust

Competence as an attribute refers to a group of qualities that enables a trustee to
effectively and efficiently perform tasks, achieve desired outcomes and influence within

a specific domain (Mayer et al., 1995; Sitkin & Roth, 1993). The domain of competency
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is specific, as the trustee may be highly knowledgeable only in some special technical
areas. Certain behaviors indicate the competence of an entity. Competence has been more
frequently investigated in studies, and its synergy with trust is approved from young ages,
as preschoolers’ level of trust perception is affected by individuals who are better
informed or presented as more competent (Capraro et al., 2014). In organizational
relationships, if the ability of a supplier is questionable, it is not trusted (Schoorman et al.,
2007). Svare et al. (2020) also concluded that knowledge sharing enabled successful
collaboration and more innovation concerning trust between the organizations in the

network.

In the human automation field, a similar term is performance, which refers to the
characteristics such as reliability, predictability, and ability. In particular, it refers to the
competency or expertise of a system to achieve goals. Automation that performs in a
specific manner and provides sufficient skills tends to be more trustworthy (Lee & See,
2004). In addition, according to Ulfert and Georganta (2020), having the required
knowledge and competence can prompt trust in human agent teams. Desai et al. (2012)
also admitted that drops in reliability of automated system affected trust and use of
autonomy in people. In HRI, because the primary focus of design and development of
robots was on functional capabilities, the research history in this area is richer. Generally,
Hancock et al. (2011) confirmed that performance consistency in robot have a significant
impact on trust in HRI and a robot that performs correctly and has advanced skills is
trusted more. Van den Brule et al. (2014) reaffirmed in their study that a social robot’s
trustworthiness is mainly influenced by its performance on a task than its behavioral style
such as; motion fluency, hesitations and gaze behavior, and motion fluency. It is also
found that computers and robots labeled with specialist are evaluated as more trustworthy
and credible than of generalist ones (Sundar et al., 2017). Carlson et al. (2014) found that
reliability and reputation impact people’s evaluation of trust in robots. Number of studies
explored the impact of robot’s reliability and capability on participants decisions to follow
the robot in different situations and the results were controversial. For example, Robinette
et al. (2017) showed that even though people would initially trust an unknown robot, a
single failure could strongly impact a person’s trust, and people’s self report of trust to
robots and their decision to use the robot respectively, dropped when the robot performed

poorly. However, Bainbridge et al. (2011) found that people were likely to follow odd
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and even destructive instructions from a robot under certain conditions. Furthermore,
Salem et al. (2015) investigated to determine the effect of robot errors on unusual requests
and they indicated that participants still completed the odd request made by the robot in
spite of errors. Other studies also highlighted that people liked a faulty robot more than a
non-faulty one (Mirnig et al., 2017). Thus, further research in this context can lead us to

more obvious and coherent results.
3.2.1.2 Benevolence and trust

Benevolence is considered the desire of trustee to do good to the trustor and is the
perception of a positive attitude of the trustee toward the trustor (Mayer et al., 1995), and
it can be understood through certain verbal and nonverbal behaviors like showing
kindness, concern, compassion and altruism. A benevolent act comprises emotive,
performative, and cognitive elements (Livnat, 2004). While the emotive part refers to the
motivation of the trustee to care for and ease suffering, the performative part deals with
the benevolent person’s sincere attempt to actualize their motivation to do good.
Moreover, the cognitive part supports the minimum rationality behind the goodness and
sincere acts (Livnat, 2004). Evidence proved that benevolence can be distinguished and
used to adjust the level of trust in others from early stages, even in infants and young
children (Capraro et al., 2014). Number of studies have confirmed that trust is typically
higher when individuals believe their partners have more benevolent intentions and

motivations (Simpson, 2007).

In friendship and interpersonal trust, benevolence demonstrated the greatest
influence on trust Firmansyah et al. (2019) compared to other antecedents, as a person
with a high level of benevolence is friendly and warm. Furthermore, studies have shown
that people primed to act benevolently are more likely to cooperate than those primed to
act malevolently (Capraro et al., 2014). In education, Tschannen-Moran & Hoy (2000)
argued that benevolence is one of the most important facets of trust between teachers and
students. In the field of business, Schoorman et al. (2007) contended that the benevolent

behavior of a supplier has a high correlation with trust.

However, few empirical studies have been conducted in the field of technology
regarding the relation of benevolence and trust. Some studies aimed to develop

benevolent web agents that can help reduce Internet traffic, leading to faster web
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processing for all (e.g., Huhns & Mohamed, 1999). Kim et al. (2013) suggested that a
robot’s caregiver role increases users’ expectations of benefits, and this anticipation of
advantages in turn causes a positive assessment and increases trust. However, a
fundamental challenge in extrapolating benevolent behavior to trust in automation is the
absence of intentionality in automotive systems (Lee & See, 2004), which is a key
element of trust between people. Although prior studies have admitted the effectiveness
of benevolence and competence in different fields, research on HRI has yielded mixed
results to identify the routes in which social robots’ competence and benevolence affect
people’s trust perception in robots. Consequently, regarding the aforementioned
arguments, we proposed the following hypotheses to investigate the effect of a social
robot being benevolent or competent in developing trust in HRI. We assumed a control
condition as a robot with “no competence - no benevolence characteristics”, that is,
nonbenevolent-noncompetent social robot, to compare and cultivate the relation of factors

more accurately.

H1-1: A benevolent-competent social robot results in higher general trust than that
of a nonbenevolent-noncompetent social robot.

H1-2: A benevolent-noncompetent social robot results in higher general trust than
that of a nonbenevolent-noncompetent social robot.

H1-3: A competent-nonbenevolent social robot results in higher general trust than

that of a nonbenevolent-noncompetent social robot.

3.2.2 Integration and interrelation of benevolence and competence in trust

relations

Although the independent influences of benevolence and competence have been studied,
their relevance and integrated effect on trust remains unclear, and studies about the
interdependencies between these factors are scarce. In studies where both competence
and benevolence were provided and conflicting, the results were more complicated.
Considering the different sources of benevolence and competence, it is expected to exert
independent effects of one another. Moreover, several studies have shown that benevolent
and competent based assessments determine different aspects of interactions between

parties in trust relations (see (Johnston et al., 2015)).
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A few empirical investigations have suggested the extent to which competence and
benevolence judgments are interrelated and integrated. In human relations, Cuddy et al.
(2011) declared that warmth judgments affect the extent we trust, whereas competence
judgments affect the assessments of others’ abilities. Another study showed that children
appear to weigh competence and benevolence differently depending on the characteristics
used to convey competence (Johnston et al., 2015). In a study by Landrum et al. (2013),
children prioritized benevolent nonexperts over mean experts. However, another study
Lane et al. (2014) found no preference for children between the two dimensions of
competency and benevolence. Moreover, in the context of the workplace, Oleszkiewicz
& Lachowicz-Tabaczek (2016) showed an equal influence of the competent behaviors of
supervisors and subordinates on the perception of trust by participants. However, the
effect of warmth behavior of a supervisor was more trust-making than that expressed by

subordinates.

In education, Di Battista et al. (2020) found that competent and benevolent
dimensions of trustworthiness overlapped in students’ words. Moreover, they clarified
the importance of benevolence over competence on trust rated by students about teachers
to be superior (Di Battista et al., 2021). The students evaluated a teacher with higher
benevolent behavior as more trustworthy than a teacher with higher competency, which
revealed greater concern about the good intentions of a teacher rather than his competency.
Moreover, there was a reliable interaction between benevolence and competency, as a
teacher with more benevolent behavior was rated as more competent as well, and vice
versa (Di Battista et al., 2021). Tschannen-Moran & Hoy (2000) stated that although
benevolence is crucially effective in fostering trust in schools, it is not always sufficient
because competence is also involved in fulfilling the expectations of students. In the
consulting domain, previous studies have indicated that trustworthiness based on
benevolence affects knowledge transfer between recipients and knowledge providers
more than competence-based trust (Capraro et al., 2014), and benevolence could improve

the overall transfer of knowledge.

In HRI, Scheunemann et al. (2020) concluded that warmth and competence are the
most important predictors of human preferences for different robot behaviors. Belanche
et al. (2021) assessed the influence of frontline service robots in terms of competence and

warmth on participants’ expectations of service value and loyalty intentions. The results
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revealed that the perceived competence of the robot influenced both its utilitarian and
emotional values. In turn, perceived warmth only influenced emotional values. In another
valuable study Giorgi et al. (2022) concluded that the primacy of the skillfulness on the
warm behavior as the warm attitude of robots could not efficiently compensate for the
robot’s failure in task fulfilment, and the robot’s empathy seemed to strengthen the

participant’s trust if and only when the robot’s behavior was error-free.

Therefore, the interaction of benevolence and competence attributes on the trust
perception in different fields, particularly in HRT, remains ambiguous and controversial.
Some existing studies asserted that warmth judgments are made quicker than competence
judgments and have a greater effect on overall attitudes toward others, and are even more
stable across cultures than competence information (Ybarra et al., 2008). On the other
side, the primacy of competence over benevolence has been concluded in other studies,
such as in organizational contexts and HRI (Giorgi et al., 2022; Tschannen-Moran & Hoy,
2000). Interestingly, some studies showed even a negative correlation between the two
factors that increase in one dimension, leading to perceived decreases in the other; for
example, a more competent person is perceived as less benevolent and vice versa (Kervyn
etal., 2009). According to the literature, if trust between humans and robots is comparable
to trust in humans, we can expect the primacy of benevolence on competence in HRT.
Thus, we added the following hypotheses to investigate the interdependencies and
dominance of benevolence and competence attributes in trust perceptions in human-robot

relations.

H2-1: A benevolent-competent social robot results in higher general trust than that
of a benevolent-noncompetent social robot.

H2-2: A benevolent-competent social robot results in higher general trust than that
of a competent-nonbenevolent social robot.

H2-3: A benevolent-noncompetent social robot results in higher general trust than

that of a competent-nonbenevolent social robot.

3.2.3 Relation of benevolence and competence with types of trust

As discussed previously, we focused on two categories of affective and cognitive trust
during the studies. As for the definitions of benevolence and competence, an inherent
relationship with affective and cognitive trust can be assumed. We accompany affective
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evaluations with relational factors, such as trustee’s intentions and benevolence, versus
cognitive evaluations with greater abilities, competencies, reliability, and performance
(Pytlikzillig et al., 2016). Warmth behavior carries more weight in interpersonal
judgments, such as affect and behavioral reactions (Scheunemann et al., 2020), and has
the greatest effect on the emotional value (Belanche et al., 2021). Furthermore, a
benevolent behavior is assumed to create an emotional attachment to the trustee, with a
caring and supportive act that fosters a sense of positive affect. However, cognitive
evaluations are related to reliability, competencies, greater abilities, and performance.-
Being competent reduces people’s perceived empathy, whereas it increases the cognitive
dimension (Id et al., 2021).

Although the relationship between competence and benevolence traits with
affective and cognitive trust seems intuitive, few studies have considered the constructive
collaboration and reciprocity among them. For example, Liu et al. (2022) found that a
service robot perceived as warm in appearance was willing to be used in hedonic service
contexts, whereas a component perceived robot was adoptable in utilitarian service
contexts. Thus, considering the relationship between affective trust and emotional clues
and cognitive trust with knowledge, and the reciprocity of being benevolent with empathy
and goodness, and competence with being informative, we proposed the following

hypotheses to clarify the relationship between these factors in HRT.

H3-1: A benevolent-competent social robot results in higher affective trust than that
of a competent-nonbenevolent social robot.

H3-2: A benevolent-noncompetent social robot results in higher affective trust than
that of a competent-nonbenevolent social robot.

H3-3: A benevolent-competent social robot results in higher cognitive trust than
that of a benevolent-noncompetent social robot.

H3-4: A competent-nonbenevolent social robot results in higher cognitive trust than

that of a benevolent-noncompetent social robot.
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3.3 METHOD

3.3.1 Experimental design

According to the derived hypotheses, four conditions for the experiment was desiged.

1. NonBenevolent-NonCompetent condition (NB-NCc),
2. NonBenevolent-Competent condition (NB-Cc),

3. NonCompetent-Benevolent condition (NC-Bc), and
4. Benevolent-Competent condition (B-Cc).

In the NB-NCc, the robot was designed to be nonknowledgeable and nonbenevolent.
In the NC-Bc, the robot exhibited more benevolent and caring behaviors, however, it was
noncompetent. In the NB-Cc, the robot behaved as knowledgeable and competent,
however, it exhibited a nonbenevolent behavior. Nonetheless, in the B-Cc, the robot
exhibited both the competent and benevolent behaviors toward the participants. Table 3.2

describes the experimental conditions.

Table 3. 2 Four experimental conditions of the study and the relevant behaviors of the robot. Left column
shows the abbreviations for each experimental condition.

Experimental conditions Behavior type of the robot
NB-N Robot behaved as being nonbenevolent and noncompetent
C-NB Robot behaved as being nonbenevolent and competent
B-NC Robot behaved as being noncompetent and benevolent
B-C Robot behaved as being competent and benevolent

The experiment was conducted as a between-subject experiment under the defined
conditions. The interaction between the robot and participants was based on a dyadic
conversation concerning the recent situation and vaccination of Covid-19, which was a
current and familiar topic for participants, and the robot exhibited different verbal and
nonverbal behaviors for different combinations of competence and benevolence. The
dyadic conversation was chosen as the method of interaction between participants and the
robot, because of its feasibility and possibility to design different characteristics for the
robot. Moreover, the purpose of the study mainly focused on the evaluation of participants’
trust perceptions of the robot, and not the trust actions. Thus, we did not need to design a

cooperative or practical task for the interaction.
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The topic was chosen from various topics based on the possibility of manipulating
information and good intentions, and the security of information regarding potential
participants. The purpose of the conversation was to show different combinations of
benevolent and competent characteristics of the robot to participants through verbal and
nonverbal behaviors. We aimed to design the behaviors of the robot in a way that
participants perceived the desired characteristics and personality for the robot (section
3.3.6 explains the results of pretesting the robot’s behaviors). Thus, we did not expect
participants to fully agree or be convinced by the robot. However, we attempted to prepare
various verbal statements for the robot to meet different attitudes of participants toward
the topic. The conversation between the robot and participants consisted of a greeting in
addition to the main conversation, which was led by several pre-prepared questions and
a pool of answers to avoid meeting irrelevant and averting questions by participants; thus,
we could follow the experiment in the framework of the research purpose. Participants
completed the required questionnaires before and after the conversation. The “Wizard-
of-0Oz” (WOZ) methodology was employed in the experiment, similar to the previous

experiment (section 2.1.3.1).

3.3.2 Participants

A total of 112 participants were recruited for the study. They were international students
at Tokyo Institute of Technology in Japan. Participants were recruited by distributing
flyers in the various laboratories, and asking international students in person on the
Ookayama campus. Moreover, we utilized online platforms, such as LINE and Linkedin,
to share the experiment’s information with international students studying in Tokyo Tech.
We also asked from friends, encouraging them to share information about the experiment
with their respective networks and friends as extensively as possible. Any particular
educational or cultural background requirements was not specified for participants. As a
result, the final participants were diverse, representing various majors and countries.

Figure 3.1 displays information regarding the participants' home countries.

The participants were assigned to four experimental conditions. The participants
were initially assigned through random assignment. However, we endeavored to
counterbalance gender distribution across conditions as much as possible. Consequently,

we aimed to assign an equal number of female participants to each group as the
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experiment progressed. Although the number of female participants could not be
predicted in advance, so equal numbers of men and woman could not be completely
achieved. We assigned participants to the four experimental conditions. Finally, twenty-
eight participants were allocated to each of the four experimental conditions. Two
participants in C-NBc had inaccurate responses and unusual behaviors during the
conversation, and their responses were excluded from the experiment. Thus, the rest of
analyses was continued with remaining 110 participants. Table 3.3 lists the numbers and
gender dispositions for each experimental condition. The average age of participants was
26 years old (Mage = 26.02, SDage = 4.01, age range:18-39 years), and a 64:46 male:
female ratio (male: 58.18%, female: 41.82%).

Number
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Figure 3. 1 Country disposition of participants during the experiment. (Total number of participants=110)

Table 3. 3 Number and gender disposition of participants for experimental conditions.

Condition Mage (SD) Male Female Total
NB-NC 25.68 (3.25) 16 12 28
C-NB 27.27 (4.81) 15 11 26
B-NC 25.13 (4.25) 16 12 28
B-C 26.29 (3.47) 17 11 28
LN )
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The experiment was conducted in English, and all participants were able to
understand or talk at an advanced level. Twenty-nine participants (26.4%) had seen the
robot before, and the rest of participants (n = 81, 73.6%) did not know it. Among the
participants who knew the robot, seventeen participants had prior interaction with the

robot, such as talking with the robot in exhibitions or attending other experiments.

3.3.3 Ethical considerations

The experiment received the approval of all ethical and experimental procedures
and protocols from Human Subjects Research Ethics Review Committee of Tokyo
Institute of Technology (Project No. 2022028). All participants completed a written
consent form and were informed of the experimental procedures and ethical concerns

prior to the experiment.

3.3.4 Equipment

Similar to the first experiment, we used the NAO robot for this experiment as well. During
the experiment, NAO indicated different verbal and nonverbal behaviors according to the
experimental conditions. NAO was controlled using an interface developed in the HTML
using the WOZ method. The utterance of the robot was designed using NAQO’s default
text-to-speech settings, and it was played with 100% value of the voice feature, which
represented a neutral robot voice to avoid the gender resemblance influence. Its utterance
was enhanced by short pauses and necessary pitches through speaking sentences to make
them more understandable and natural. Body movements involving the head, arms, eyes,
and other parts were designed and developed using Choregraphe 2.1.4, according to the
type of behavior and utterance content, and then were attached to each specific text. NAO
can be operated in two sitting or standing situations. The latter was chosen in this study
owing to the size of the robot and its variety of behaviors in the standing situation. NAO
was placed on a table in front of the participant and positioned in the user’s personal space
in the range of 0.3-1 m, according to (Rossi et al., 2017), to make an approximately

parallel viewpoint between the robot and participants.

3.3.5 Procedure

The experiment was held during two months between June-July 2022 at the Ookayama

campus of Tokyo Institute of Technology The experiment was conducted by an
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experimenter in a quiet room at the university. The participants were informed of the
experimental procedure and conditions before initiating the experimental session, and
none of them opted out of the experiment. First, the participants were asked to fill out
demographic information, that was, gender, age, nationality, English proficiency, and
prior interactions with NAO. Subsequently, the robot was introduced to the participants
by the experimenter, and the robot had a short greeting in an autonomous way to create
the first impression before initiating the main conversation. The greeting was
programmed to be performed autonomously to guarantee that the participants considered
the robot as intelligent and autonomous. Subsequently, the participants were requested to
rate their trust in the robot on a 56-item pre-trust questionnaire, which included forty
items on general robot-human trust, nine items on cognitive trust, and seven items on

affective trust. Figure 3.2 illustrates the experimental procedure.

Thereafter, the participants sat in front of the robot and participated in a
conversation. NAO started the conversation by asking several questions as to the topic.
During the conversation, NAO provided some information as to the topic or showed
caring and benevolent behavior, or vice versa, depending on the experimental condition.
The conversation with the robot lasted approximately 15 min for each participant. The
participants were requested to complete post-trust questionnaires to evaluate their
perception of the robot’s trustworthiness after the completion of the conversation. The
entire session was completed in approximately 40 min, including 10-12 min for pretests
and 7-10 min for post tests, in addition to the conversation period.

3.3.6  Measurement

In this study, participants were asked to assess the robot in terms of general, affective,

and cognitive trust.
3.3.6.1 General trust scale

To assess the general trust, the 40-item HRT scale by Schaefer (2016) was utilized.
Participants rated their general trust in the robot in the range of no trust (0%) to complete
trust (100%) for each item. The sum of the responses for the items yielded scores on
general trust in the robot. This score was used as the perceived trust to test H1-1, H1-2,
H1-3, H2-1, H2-2, and H2-3. The Cronbach’s alpha value of the questionnaire was 0.95
which showed high reliability.
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3.3.6.2 Affective and cognitive trust scale

Furthermore, the influence of benevolence and competence characteristics on affective
and cognitive trust in HRI was measured. Similar to section 2.1.3.6, a 16-item

questionnaire developed by Johnson and Grayson (2005) and Mcallister (1995) was used.

Figure 3.2 Experiment procedure; (left-top) robot initial greeting, (right-top) answering pre-trust questionnaires
after initial robot greeting, (left-bottom) talking with the robot, (right-bottom) answering post-trust questionnaires.

The scale was adopted from interpersonal trust for affective and cognitive trust. The scale
included nine items for cognitive trust and seven questions for affective trust. Participants
evaluated their feelings and perceptions of trust using a seven-point Likert scale (1 =
“strongly disagree,” 7 = “strongly agree”). The average values of responses for the
corresponding items provided scores for the cognitive and affective trust. Hypotheses H3-
1, H3-2, H3-3, and H3-4 were tested using these scores. The Cronbach’s alpha value was

0.80 for cognitive trust scale and 0.90 for affective trust scale.
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3.3.6.3 Perception of the robot

Participants’ impression of the robot was measured using the Godspeed questionnaire
(see section 2.2.3, page 66). The measurement has five subscales, which three subscales
relevant for this study were animacy, perceived intelligence and likability. Thus,
participants evaluated their perception of the robot with 16 items and using a five-item
Likert scale. The Cronbach’s alpha value was 0.822 for animacy,0.927 for likeability, and

0.851 for perceived intelligence.

3.3.7 Manipulation of the robot

As described in section 3.3.1, we designed four different experimental conditions in
accordance with the chosen conversation topic, in which NAO exhibited various
combinations of competence and benevolence. Therefore, we had to develop four types of
behaviors to convey competent, benevolent, noncompetent, and nonbenevolent robot
characteristics. Human communicative acts include both the verbal and nonverbal
behaviors (Mandal, 2014) which construct a specific message or meaning. Some scholars
believe that the same holds for HRI (Nikolaidis et al., 2018). Thus, we need to know the
verbal and nonverbal components of a behavior and then create a proper combination of
them according to our purpose to design any type of behavior for social robots.
Accordingly, we first distinguished verbal and nonverbal behaviors associated with the four
characteristics (i.e., competent, benevolent, noncompetent, and nonbenevolent), and then
designed the intended behaviors for NAO to accomplish this requirement. Table 3.4 lists a
summary of the behaviors of NAO under each experimental condition.

3.3.7.1 Verbal behaviors of competence and benevolence characteristics

Verbal communication is a fundamental means of sharing information among humans
using words. As described earlier in Introduction, competence is defined as being
knowledgeable, informative, and skilled in a specific domain. Therefore, the robot must
provide accurate information as to the topic and other verbal feedback to indicate its
intelligence and confidence related to the issue. Conversely, the noncompetent robot
lacked sufficient and correct information about the topic and exhibited unclear and non-
confident in the interaction. On the other hand, benevolence is characterized by
statements that convey decent intentions, kindness, care, concern, helpfulness, and

dignity. It is demonstrated through polite and good manners. In contrast, non-benevolence
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Table 3. 4 Sample verbal and nonverbal behaviors of NAO for each experimental conditions.

. Verbal behaviors
Experimental

Nonverbal behaviors

Condition Sample verbal statements Sample backchannels
- Noncompetent part: - Noncompetent part: Averted eye gaze
Sorry, | do not have much information about the situation of Covid-19 in different countries. ~Maybe, sorry, anyway Head shaking
1 do not know if vaccination was rea"y effective. I don’t have more information Head dOWn, “ght or left
I think a few people in Japan are vaccinated and many people do not like to get vaccinated I don’t know more Closed arms
(wrong information). - Nonbenevolent part:
NB-NC Ah, 1 did not know that vaccination had some side effects. this is my opinion, anyway
- Nonbenevolent part: I don’t feel like you
I think you don’t need to wear mask or take care that much. I can’t understand your feeling
You did not need to become vaccinated; it was waste of money and time.
There was no reason to feel depressed and alone, you were so sensitive.
It was not a big issue.
- Competent part: - Competent part: Constant eye gaze
I read in the news around 500 million people got Corona virus in the world. yeah, exactly, Nodding
The people who received vaccine are less likely to get infected. that’s true Open arms
Fully vaccination decreased corona virus by 75% and the death rate by 74%. you are right Joint hands
I know Astrazenka is the most widely used vaccine until now. | agree, | support your idea, | see your point Leaning forward
- Benevolent part: You have very good information Swing arms
B-C Please be careful and take care yourself, there are still some cases and the virus is not - Benevolent part:
completely gone. | understand
I wish all people of the world can get vaccinated very soon. that’s good
Don’t worry, it was normal to having some side effects. Just keep resting and drink plenty of | know your feeling
liquids. | encourage you to do that
I would like to do any help for you. It must have annoyed you
I think you really need a good rest. | feel the same way as you
I am sorry for that
- Competent part: - Competent part: - Competent part:
Comparable to competent part of B-C condition Comparable to competent part of B-C condition Constant eye gaze and openly moving of
C-NB - Nonbenevolent part: - Nonbenevolent part: hands and arm
Comparable to nonbenevolent part of NB-NC condition Comparable to nonbenevolent part of NB-NC - Nonbenevolent part:
condition averted eye gaze, head down, head shaking
and closed arms
- Noncompetent part: - Noncompetent part: - Noncompetent part:
Comparable to noncompetent part of NB-NC condition Comparable to noncompetent part of NB-NC  Averted eye gaze, Head down and Shaking
B-NC - Benevolent part: condition head and keeping body closed
Comparable to benevolent part of B-C condition - Benevolent part: - Benevolent part:

Comparable to benevolent part of B-C condition Constant eye gaze, looking directly at
participant, open arms and hands, arms up
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iIs marked by statements that exhibit a non-caring, ignoring, and criticizing approach

toward individuals' concerns, often perceived as a malicious and impolite manner.

Furthermore, the verbal component of the behavior of the robot in this study
included two parts:1) The main content of the conversation, including questions,
information about the topic, benevolent and emotional statements toward the participants,
along with some comments, agreements, or disagreements with the participants. 2)
Specific verbal techniques, such as backchannels to fill the conversation and emphasize

the desired behavior.

3.3.6.1.1 Verbal behaviors for showing competence: NAO provided accurate and detailed

29 ¢¢

information about the topic including; “duration of Covid-19 situation,” “number of

9 ¢

deaths,” “situation of Covid-19 in different countries,” “types of available vaccines for

2 ¢ 29 6

Covid-19,” “effectiveness of different vaccines,” “rate of vaccinated people,” “ways to

29 ¢¢ 29 ¢¢

get vaccinated in Japan,” “symptoms and side-effects of different vaccines,” “situation of
classes in the university during Covid-19,” “recent psychological and emotional effects
of Covid-19 on people,” and “Covid-19 situation in Japan and related regulations.” Table
3.5 shows some examples of verbal statements for the C-B and C-NB conditions, in which

NAO behaved competently.

3.3.6.1.2 Verbal behaviors for showing noncompetence: NAO stated wrong or inaccurate
information about the conversation topic or said “he did not have any information about
it.” Table 3.5 shows some examples of verbal statements for the NC-NB and NC-B

conditions, in which NAO was not competent.

3.3.6.1.3 Verbal behaviors for showing benevolence: NAO provided several emotional
statements to show its good intention, understanding and concern toward the participant

and other people, such as “showing concern about getting Covid-19 by participant,” “be

29 ¢¢

sad of people’s death,” “attention about if participant received vaccination,” “probable

problems and side-effect he/she had,” “recommendations for being vaccinated,” “offering

99 ¢¢

help,” “showing concern about participant’s possible emotional issues during Covid-19,”

2 ¢¢

“suggestions and help about his/her classes,” “reasonable wishing,” and other related
issues. Table 3.4 shows some examples of verbal statements for the C-B and NC-B

conditions, in which NAO was supposed to be benevolent.
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3.3.6.1.4 Verbal components for showing nonbenevolence: NAO talked and replied to the
participants such that indicated its uncaring, neglectful, criticizing, and malicious attitude
toward the participants, such as “criticizing the participant of being vaccinated,”
“inattention to his/her health,” “humiliating him/her of being disturbed of the Covid-19

2 ¢

situation,” “showing inattention to the death of people,” “discouraging statements,”
“wishing ill,” and similar issues. Table 3.4 shows some examples of verbal statements for
the NC-NB and C-NB conditions, in which NAO was supposed to be a nonbenevolent

character.

3.3.6.1.5 Affirmative statements: Affirmative statements are a type of providing feedback
while someone is talking, which can be short acknowledgment utterances or nonverbal
gestures, to show attention, understanding, support and empathy, agreement, emotive,
and minor additions (Nikolaidis et al., 2018). In addition, they may convey negative
meanings, such as ignorance or boredom. We used different types of simple or complex
sattements (Nikolaidis et al., 2018) to emphasize a positive or negative approach to the

behavior of the robot.

Affirmative statements for showing competence: NAO used some simple
statements in its utterance, such as “yeah,” “exactly,” or other complex statements like

29 ¢

“that’s true,” “you are right,” “I agree,” “I know,” and other extra comments such as “I

b3

support your idea,” “I see your point,” “you have very good information” to support the
participants’ speech, to show agreement in case of correct information and to reveal

understanding and intelligence.

Affirmative statements for showing noncompetence: NAO utilized some simple
and complex statements to exhibit its unawareness, ignorance and nonconfidence about

99 ¢

the topic, such as “maybe,” “anyway,” “I don’t have more information,” and “I don’t

know more.”

Affirmative statements for showing benevolence: For benevolent situation, NAO
included some backchannels and statements in its utterance to support and empathize
on its good wills and understanding to the participants such as “good,” “I understand,”
“that’s good,” “I know your feeling,” “I encourage you to do that,” “I support you,” “I

am sorry for that,” and “it must have annoyed you.”
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Affirmative statements for showing nonbenevolence: NAO indicated its
nonbenevolent approach using some nonemotional and negative statements, such as
“this is my opinion, anyway,” “I don’t feel like you,” and “I can’t understand your

feelings.”

3.3.7.2 Nonverbal behaviors of competence and benevolence characteristics

Nonverbal behaviors are essential in conveying messages in communication. Different
body postures, body movements or kinematic behavior, proxemics, physical appearance,
eye movement, direction of gaze, touching, and paralinguistic variables of emotional tone,
timing, and accent belong to nonverbal behaviors (Mandal, 2014). For example, facial
cues is fundamental in the evaluation of competence and benevolence, and perceivers
exhibited a high consensus in judgments as to warmth and competence based on viewing
faces (Cuddy et al., 2011). In addition, (Cuddy et al., 2011) admitted that benevolent
inferences relied on facial features that signal an approach/avoidance, whereas

competence inferences were based on features that signal a strength/weakness.

Furthermore, smiling could reflect positive interests, such as warmth, benevolence,
and happiness. Certain postures and body movements, such as leaning forward, nodding,
orienting the body toward the audience, and hand gestures that are relaxed yet
nonintrusive and open, convey benevolence. Conversely, tense posture, leaning backward,
orientating the body away from the audience, and tense and intrusive hand gestures signal
nonbenevolence (Bente & Kramer, 2011; Darioly & Mast, 2014). Competence-related
nonverbal behaviors are more likely to show dominance and poser with expansive
postures, such as maintaining limbs open and not touching the torso, standing with hands
on the hips and feet shoulder-width apart, constant eye gaze, versus noncompetent
individuals who adopt contractive, closed postures (Cuddy et al., 2011).

Although facial expressions are a universal means of communicating and
expressing emotions, the display of facial expressions was unfeasible because NAO has
an inelastic rigid face, and eye gaze was the only thing we could manipulate in its face.
Moreover, only a few nonverbal behaviors, such as head movements, arm and hand
movements were included in this study owing to the limitations of NAO. Based on
nonverbal behaviors showing benevolence and competence, we concluded certain

nonverbal behaviors for NAO that were incorporated into appropriate verbal behaviors.
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3.3.6.2.1 Nonverbal behaviors for exhibiting competence and benevolence: NAO built
constant and direct eye gaze with participants during conversations and used head
nodding, maintaining arms and hands open with appropriate movements while talking.
Figure 3.3 shows some nonverbal behaviors for competence and benevolence attributes

of NAO during the experiment.

3.3.6.2.2 Nonverbal behaviors for exhibiting noncompetence and nonbenevolence: NAO
maintained its eye away and exhibited averted gazes with head shaking to the right and
left, and behaved with arms and hands more closed. Figure 3.4 shows some nonverbal
behaviors for noncompetence and nonbenevolence attributes during the experiment.

Figure 3.3 Some of nonverbal behaviors for competence and benevolence attributes of NAO.
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Figure 3.4 Some of nonverbal behaviors for noncompetence and nonbenevolence attributes of NAO during the
experiment.

All video of the experiment are accessible at:
https://osf.io/paf69/?view_only=fa34adaae24343ef9431b04b7b8daee8

3.3.8 Pretesting robot’s behaviors

Four types of behaviors were designed for NAO. A pre-test was conducted before the
main experiment to guarantee that each condition was perceived as benevolent or
competent, as expected. The benevolence and competence questionnaire developed by
(Frisou, 2000) was used which consisted of four questions for measuring benevolence
and four questions for measuring competence. We completed the pre-test with 20 students,
five of whom evaluated each behavior. Table 3.5 shows means and standard deviations
of each behavior. The means of benevolence and competence were highest for the B-C
behavior and lowest for the NB-NC behavior. Furthermore, the B-NC behavior had a
higher mean for benevolence and a lower mean for competence than those of the C-NB

behavior and vice versa.

Results of MANOVA with benevolence and competence as two independent
factors showed that the main effect of benevolence for benevolence score (F (1,16) =
376.3, p < 0.001) and the main effect of competence for competence score (F (1,16) =
85.7, p < 0.001) were significant. The interaction of the two factors was not significant.
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Post-hoc pairwise comparison analyses showed that the mean of benevolence score in
benevolent condition (B-NCc and B-Cc; M = 6.03, SD = 0.34) was significantly higher
(p < 0.001) than non-benevolent condition (NB-NCc and C-NBc; M = 2.10, SD = 0.56).
The mean of competence score in competent condition (C-NBc and B-Cc; M =5.05, SD
= 0.28) was significantly higher (p < 0.001) than non-competent condition (NB-NCc and
B-NCc; M = 2.65, SD = 0.73). Table 3.6 shows the results of comparisons among all four
combinations of two factors. Therefore, we conclude that our manipulation of

benevolence and competence were valid and we could conduct the main experiment.

Table 3. 5 Means and standard deviations of benevolence and competence for different behavioral groups
of pre-test.

Condition Benevolence Competence Total
(behavior) Mean SD Mean SD Mean SD
NB-NC 2.30 0.69 2.55 0.77 4.85 1.20
C-NB 1.90 0.33 5.00 0.35 6.90 0.54
B-NC 5.90 0.28 2.75 0.75 8.65 0.78
B-C 6.15 0.37 5.10 0.22 11.25 0.58

Table 3. 6 Post hoc test results for group comparisons across four combinations of benevolence and
competence levels of pre-test.

Conditions Benev[;)lence Comp;tence
B-NC 0.000*** 0.593
NB-NC C-NB 0.181 0.000%**
B-C 0.000*** 0.000***
B-NC C-NB 0.000*** 0.000***
B-C 0.395 0.000***
C-NB B-C 0.000*** 0.788
**1n<0,001
3.4 RESULTS

3.4.1 Data analysis

After collecting data, the dataset was initially filtered to identify and address any
suspicion of unreliable data. Fortunately, no unreliable data was found, and all data
obtained from the 110 participants were used for subsequent statistical analysis.
Descriptive statistics was used to summarize the data and compare the overall mean of
dependent variables. Normality test was conducted to determine whether the sample data
had been drawn from a normally distributed population, guiding the selection of the main

data analysis method. A multivariate analysis of variance (MANOVA) with post-hoc
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analysis was used to compare the differences between the means of dependent variables
among four groups. Considering the mean differences, the scores for changes between
before and after the interaction was compared for dependent variables. SPSS 19 was used

to conduct statistical analyses.

3.4.2 Descriptive statistics and test of results

To investigate the effect of benevolent and competent behaviors of social robots on the
perceived trust of participants, differences in trust scores before and after conversation
under the experimental conditions were compared. Table 3.7 shows the means and
standard deviations of general, affective, and cognitive trust scores under the
experimental conditions measured before and after the conversation, and differences
between them. Consequently, the B-Cc had the highest scores in all trust variables after
conversation. In contrast, the NB-NCc had the lowest score after conversation in all trust
measures, and the mean score of the B-NCc was moderately higher than that of the C-
NBc.

Table 3. 7 Means and standard deviations of all trust scores for experimental conditions (before, after, and
differences over the conversation).

. before conversation after conversation difference
Condition
Mean SD Mean SD Mean SD
General Trust
NB-NC 251.82 35.18 224.85 50.70 -26.96 43.56
C-NB 256.07 39.59 267.69 41.93 11.61 32.60
B-NC 257.39 40.80 277.71 37.66 20.32 33.84
B-C 262.39 43.86 303.03 30.43 40.64 28.81
Affective Trust
NB-NC 3.81 1.18 3.67 1.42 -0.13 1.08
C-NB 417 0.99 4.24 1.04 0.07 1.04
B-NC 4.15 0.80 4.91 0.75 0.76 0.79
B-C 4.32 1.14 5.02 1.05 0.69 0.84
Cognitive Trust
NB-NC 4,01 0.71 3.66 0.81 -0.35 0.75
C-NB 3.98 0.53 4.22 0.60 0.23 0.53
B-NC 412 0.65 4.44 0.66 0.31 0.52
B-C 4.05 0.61 4.67 0.63 0.59 0.57

To test the proposed hypotheses, a one-way multivariate analysis of variance
(MANOVA) was conducted with general, affective, and cognitive trust as dependent
variables, and four experimental conditions (NB-NC, C-NB, B-NC, B-C) as
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independent variables for difference between the before and after conversation. The
results indicated a significant difference in the general, affective, and cognitive trust
scores between the conditions (F (9,253) = 6.78, p < 0.001, Wilk's A =0.59, 1? = 0.161).
The homogeneity of variance assumption was tested for the three dependent variables.
Levene’s test was not significant (p > 0.05) for all dependent variables. Therefore, the
assumption of homogeneity of variance was fulfilled. The next step was to determine

the sources of these differences.

A series of one-way ANOVA was conducted as a follow-up test on each of
dependent variables using the Bonferroni post-hoc analysis to measure the individual
mean difference comparison across the conditions and effect sizes were measured by
Cohen’s d. ANOVA results, as presented in Table 3.8, indicated that the main effects of
the benevolent and competent behaviors were significant for general trust (F(3,106) =
18.15, p < 0.001, n2= 0.34), affective trust (F(3,106) = 6.20, p < 0.01, n2= 0.15), and
cognitive trust (F(3,106) = 12.04, p < 0.001, n2= 0.25) scores over the conversation
between the robot and participants. The effect sizes ranged from the highest for the
general trust (34%), and cognitive trust (25%), to the lowest for the affective trust (15%).
Table 3. 8 ANOVA results for all trust scores under the experimental conditions over the conversation.

The main effects of the benevolent and competent behaviors are significant for all types of general,
affective and cognitive trust.

Sum of Squares df  Mean Squares F partial n? p
General trust ~ 67384.74 3 22461.58 18.15 0.34 0.000***
Affective trust  16.70 3 5.56 6.20 0.15 0.001**
Cognitive trust  13.37 3 4.45 12.04 0.25 0.000***

Statistically significant differences: ***p<0.001, **p<0.01.

3.4.3 General trust scores

First, we considered the effectiveness of social robots’ competence and benevolence

attributes, and their interrelation on general trust.

3.4.1.1 Effect of benevolence and competence characteristics on general trust

The first set of hypotheses explored the differences between the B-C, B-NC, and C-NB
conditions with the NB-NCc to determine if the benevolence and competence
characteristics of the robot could induce trust perception. The Bonferroni post-hoc test

results revealed that the general trust score was significantly different between the NB-
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NCc (M =-26.96, SD =43.56) and B-Cc (M = 40.64, SD =28.81, p <0.001). Therefore,
the participants rated a benevolent-competent robot as more trustworthy than a
nonbenevolent-noncompetent robot. Furthermore, the results showed a significant
difference in the general trust score between the NB-NCc (M =-26.96, SD = 43.56) and
C-NBc (M = 11.61, SD = 32.60, p <0.01), with the C-NBc being evaluated as having
a higher trustworthiness by participants. There was a significant difference between the
NB-NCc (M =-26.96, SD = 43.56) and B-NCc (M = 20.32, SD = 33.84, p < 0.001), as
expected for the general trust score. Thus, a benevolent or competent robot was
evaluated to be more trustworthy than a nonbenevolent-noncompetent robot, which
demonstrated the effect of benevolence and competence attributes in HRT. Therefore,
H1-1, H1-2 and H1-3 were completely supported. Table 3.9 indicates where the
significant group differences in general trust scores reside. Figure 3.5 Panel A shows the
means and SDs of changes in the score of general trust before and after the conversation

in the experimental conditions.

Table 3. 9 Bonferroni post-hoc results and Cohen’s d effect size for trust scores between NB-NC, B-NC,
C-NB and B-C conditions.

B-C versus NB-NC B-NC versus NB-NC C-NB versus NB-NC
p Cohen’s d p Cohen’s d p Cohen’s d
General trust 0.000*** 1.83 0.000*** 121 0.001** 1.00
Affective trust 0.008** 0.84 0.003** 0.94 1.000 0.18
Cognitive trust 0.000*** 1.41 0.000*** 1.02 0.003** 0.53

Statistically significant differences: ***p<0.001, **p<0.01.
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Figure 3. 5 Boxplot distributions represent the main effect of benevolent and competent behaviors in four
experimental conditions on A) general, B) affective, and C) cognitive trust scores. Horizontal lines inside each box
indicate the median. (***p<0.001, **p<0.01).
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As for the results of Cohen’s d value, the difference in the means of general trust
score was the highest in comparison between the B-Cc and NB-NCc with an extremely
large effect size (d = 1.83), which means participants perceived these two conditions to
be extremely different in trustworthiness. The next highest effect sizes followed for the
comparison of the B-NCc and NB-NCc (d = 1.21) and C-NBc and NB-NCc (d = 1.00),
which supported the greater influence of benevolence than competence on the trust
perception. Therefore, these results revealed that a benevolent-competent robot yielded
the highest trustworthiness, and a benevolence-based robot was perceived higher in
trustworthiness by participants than a competence-based robot as compared to

nonbenevolent-noncompetent robot.

3.4.1.2 Interrelation of benevolence and competence characteristics in HRI

The second set of hypotheses considered a comparison between the B-C, B-NC, and C-
NB conditions for general trust to detect the interrelation between the benevolence and
competence attributes in HRT. As shown in Table 3.10, the Bonferroni post-hoc test
results indicated a significant difference in the score of general trust between the B-Cc
(M = 40.64, SD = 28.81) and C-NBc (M = 11.61, SD = 32.60, p < 0.05) and a large
effect size (d = 0.94), where the B-Cc had a higher trustworthiness. However, no
significant differences between the B-Cc (M = 40.64, SD = 28.81) and B-NCc (M =
20.32, SD = 33.84, p = 0.197) was observed for general trust, despite the fact that
participants evaluated a benevolent-competent robot higher than a benevolent-
noncompetent robot. Thus, the difference between a benevolent-competent robot and a
competent-nonbenevolent robot was more considerable, and benevolent behavior could
compensate the incompetency to some degree. Finally, the post-hoc results did not
reveal a significant difference between the B-NCc (M = 20.32, SD = 33.84) and C-NBc
(M =11.61, SD = 32.60, p = 1.000) conditions for the general trust, however, B-NCc
exhibited higher scores. Thus, the participants did not differentiate between the
benevolence- and competence-based robots in general trust, and the results did not yield
any primacy of benevolence or competence attributes in general trust in HRT. Therefore,
H2-2 was supported, whereas H 2-1 and H 2-3 were not supported. Panel A in Figure
3.5 shows the means and SDs of changes in the score of general trust before and after
the conversation in the B-C, B-NC, and N-BC conditions.
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Table 3. 10 Bonferroni post-hoc results and Cohen’s d effect size for trust scores between B-C, B-NC and
C-NB conditions. The main effect of benevolent behavior is significant for affective trust score for B-C and
B-NC conditions.

B-Cc versus B-NCc B-Cc versus C-NBc B-NCc versus C-NBc
p Cohen’s d p Cohen’s d p Cohen’s d
General trust 0.197 0.64 0.018* 0.94 1.000 0.26
Affective trust 1.000 -0.08 0.018* 0.65 0.009** 0.74
Cognitive trust 0.543 0.51 0.216 0.65 1.000 0.15

Statistically significant differences: **p<0.01, *p<0.05.

3.4.4 Affective and cognitive trust scores

Finally, the third set of hypotheses was used to determine the effectiveness of
competence and benevolence characteristics of robots for different types of affective

and cognitive trust.

3.4.2.1 Affective trust

For the affective trust, the post-hoc test results indicated that the B-Cc (M = 0.69, SD =
0.84) was rated significantly higher than NB-NCc (M =-0.13, SD = 1.08, p < 0.01) as
shown in Table 3.9. The results also indicated that considering the score of affective
trust, a significant difference between the B-Cc (M = 0.69, SD = 0.84) and C-NBc (M =
0.07, SD = 1.04, p < 0.05) was observed (Table 3.10), and a benevolent-competent robot
discernibly scored higher than a competent-nonbenevolent robot, as expected in H3-1.
However, the difference between the C-NBc (M = 0.07, SD = 1.04) and NB-NCc (M =
-0.13, SD = 1.08, p = 1.000) conditions did not yield any significant results for the
affective trust (Table 3.9). Furthermore, the results as shown in Table 3.9, revealed that
the B-NCc (M = 0.76, SD = 0.79) scored significantly higher for the affective trust than
that in the NB-NCc (M =-0.13, SD = 1.08, p < 0.01), and a benevolent-noncompetent
robot was obviously higher in affective trust than a nonbenevolent-noncompetent robot.
Finally, H3-2 predicted that affective trust was significantly higher for a benevolent-
noncompetent robot than a competent-nonbenevolent robot. The Bonferroni post-hoc
results, as shown in Table 3.10, revealed that the participants assessed the B-NCc (M =
0.76, SD= 0.79) as having a higher affective trust than the C-NBc (M= 0.07, SD= 1.04,
p <0.01) with a large effect size (d = 0.74), and H3-2 was verified based on these results.
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Considering the results of Cohen’s d value, the difference in the means of affective
trust score was higher comparing the NB-NCc with B-NCc (d = 0.94) than with B-Cc
(d = 0.84). Thus, the benevolent behavior of the robot was evaluated higher in terms of
affective trust despite the incompetent behavior. Consequently, the benevolent behavior
of the robot was positively related to affective trust. These results showed that the
coexistence of benevolence and competence influenced the affective trust perception in
a different way. Panel B in Figure 3.5 shows the means and SDs of changes in the

affective trust scores under the experimental conditions.

3.4.2.2 Cognitive trust

The results of the cognitive trust indicated a significant difference between the B-Cc (M
= 0.59, SD = 0.57) and NB-NCc (M =-0.35, SD = 0.75, p < 0.001) as shown in Table
3.9. Moreover, a competent-nonbenevolent robot (C-NBc) (M = 0.23, SD = 0.53) was
evaluated to be significantly higher than that of a nonbenevolent-noncompetent robot
(NB-NCc) (M =-0.35, SD = 0.75, p < 0.01), comparing the cognitive trust. Similarly,
the B-NCc (M = 0.23, SD = 0.53) was perceived higher than the NB-NCc (M = -0.35,
SD = 0.75, p < 0.001) in terms of the cognitive trust. However, contrary to H3-3, the
comparison between the B-Cc (M = 0.59, SD =0.57) and B-NCc (M =0.31, SD =0.52,
p = 0.543) was not significant for the cognitive trust as shown in Table 3.10. Similarly,
the cognitive trust score of the B-NCc (M =0.31, SD=0.52) and C-NBc (M = 0.23, SD
= 0.53, p = 1.000) were not significantly different, and the participants evaluated a
competent-nonbenevolent robot lower than a benevolent-noncompetent robot in terms

of cognitive trust. Thus, the evidence was not statistically efficient in supporting H3-4.

Therefore, a benevolent robot increased cognitive trust even though it was
noncompetent, and affected the cognitive trust as well as affective trust. Consequently,
benevolent behavior of robot was influential in eliciting both affective and cognitive
trust, whereas competency influenced only cognitive trust. These results approved the
primacy and influence of benevolence on both affective and cognitive trust, as a
benevolent-noncompetent robot was still higher in cognitive trust than a competent-
nonbenevolent robot. Panels C in Figure 3.5 shows the means and SDs of changes in the
scores of cognitive trust before and after the conversation under the experimental

conditions.
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3.4.5 Effect of social robot’s benevolence and competence on people’s perception

As a further analysis, we measured the effect of benevolence and competence attributes
of the robot on participants’ perception and impression of the robot in terms of animacy,
likability and perceived intelligence. Table 3.11 shows the means and standard deviations
(SDs) of animacy, likability and perceived intelligence with their individual items for four
groups of robot’s behaviors. Robot with B-C behavior achieved the highest score in all
subscales of animacy, likability and perceived intelligence and the robot with NB-NC
behavior resulted in the lowest score. B-NCc was higher than C-NBc in two subscales of

animacy and likeability, but not perceived intelligence.

Table 3. 11 Means and standard deviations of animacy, likeability and perceived intelligence of NB-NC,
B-NC, C-NB and B-C conditions.

NB-NCc B-NCc C-NBc B-Cc

Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Animacy 2.95 (0.83) 3.63(0.64) 3.35(0.69) 3.65(0.52)
dead-alive 3.21(1.13) 3.71 (1.08) 3.58 (0.90) 4.00 (0.77)
stagnant-lively 3.29 (1.08) 3.93(0.81) 3.77 (0.81) 4.11 (0.62)
mechanical-organic 2.21(0.91) 2.86 (0.93) 2.38 (0.98) 2.68 (0.93)
artificial-lifelike 2.50 (1.03) 2.86 (1.04) 2.69 (1.22) 2.96 (1.10)
inert-interactive 3.32(1.30) 4.25 (0.84) 4.00 (0.80) 4.25 (0.70)
apathetic-responsive 3.18 (1.30) 4.18 (0.67) 3.69 (0.92) 3.93 (0.85)
Likability 3.31 (0.85) 4.57 (0.40) 3.96 (0.69) 4.68 (0.33)
dislike-like 3.29 (1.01) 4.39 (0.62) 4.00 (0.84) 4.64 (0.55)
unfriendly-friendly 3.32 (1.05) 4.61 (0.62) 4.00 (0.89) 4.79 (0.49)
unkind-kind 3.14 (0.97) 4.68 (0.47) 3.81(0.84) 4.71 (0.53)
unpleasant-pleasant 3.29 (0.89) 457 (0.57) 3.92 (0.93) 4.54 (0.50)
awful-nice 3.54 (0.96) 4.61 (0.49) 4.08 (0.74) 4.75 (0.51)
P-Intelligence 2.77 (0.80) 3.66 (0.65) 3.80 (0.50) 4.07 (0.44)
Incompetent-competent 2.75(1.14) 3.46 (1.07) 3.62 (0.89) 3.75(0.70)
Ignorant-knowledgeable 2.43(0.92) 3.21(0.78) 4.19 (0.80) 4.46 (0.69)
Irresponsible-responsible 2.82 (1.15) 4.11 (0.73) 3.50 (0.64) 4.07 (0.76)
Unintelligent-intelligent 2.82 (1.09) 3.46 (0.96) 4.04 (0.59) 4.29 (0.71)
Foolish-sensible 3.07 (0.94) 4.07 (0.81) 3.65 (0.56) 3.82(0.86)

(P-Intelligence; Perceived intelligence)

Moreover, we ran a series of one-way ANOVA tests with independent variables,
and animacy, likability and perceived intelligence as dependent variables. The results
indicated that the main effects of benevolent and competent behavior were significant for
animacy (F (3,109) = 6.44, p < 0.001), likeability (F (3,109) = 29.88, p < 0.001), and
perceived intelligence (F (3,109) = 21.01, p < 0.001). Post-hoc analysis as shown in Table
3.12 and Figure 3.6 revealed that the all three variables of animacy, likeability, and
perceived intelligence was significantly higher for three conditions of B-NC, C-NB and
B-C than the condition of NB-NC.
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Interestingly, there was not any significant difference for animacy between B-C, B-
NC and C-NB conditions, and any of these conditions could not exceed the others to show
more animacy for participants. Furthermore, the results for the comparison of B-NCc and
C-NBc were significant only in likeability (p < 0.001), which indicated the relation of
benevolence behavior with likeability. Finally, the results indicated a significant
difference for perceived intelligence (p < 0.05) comparing B-Cc and B-NCc, while there
was significant result for likeability (p < 0.001) in comparing B-Cc and C-NBc. These
results could reveal the relation of competence with perceived intelligence, and on the

other side the influence of benevolence attributes on likeability.

Table 3. 12 Pot-hoc results for pair comparisons between experimental conditions.

B-NCc vs. C-NBc vs. B-Cc vs. B-NCc vs. B-Cc vs. B-Cc vs.
NB-NCc NB-NCc NB-NCc C-NBc B-NCc C-NBc
p p p p p p
Animacy 0.000*** 0.033* 0.000*** 0.137 0.889 0.107
Likability 0.000*** 0.000*** 0.000*** 0.000*** 0.486 0.000***
Perceived intelligence 0.000*** 0.000*** 0.000*** 0.443 0.018* 0.117

Statistically significant differences: ***p<0.001, *p<0.05.
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Figure 3. 6 Results showing the comparison between four experimental conditions for animacy, likability and
perceived intelligence. (***p < 0.001, **p < 0.01, *p < 0.05)

3.4.6 Qualitative findings

The participants were asked to describe their overall experience and perception of NAO
robot’s behaviors and interaction, in terms of competence and benevolence, immediately
after the interaction through open questions. The aim was to capture self-reported
evaluations of the robot’s behaviors which may not be achievable through questionnaires.

120



Chapter 3 I Effect of social robots’ benevolence and competence on trust

Regarding the B-C robot, the majority of participants perceived NAQO's behaviors
as informative and caring, akin to those of a psychologist. However, some participants

remained skeptical about trusting the robot's personal advice.

“NAO is like having a good friend to talk to, or a personal psychologist.”

“NAO ’s behavior looks like a psychologist. It cares my feelings, but I could not feel
any helpful advice from him.”

“I am not sure about very personal emotional advices from him, however advices

he gave for my health protection was trustworthy. He indeed was very informative. ”

However, some participants believed that the responses were predictable and
provided excessive statistical information, which differs from the way we typically

converse with our friends.

“It was informative and gave me a proper sentence and gave an emotional
intonation, but 70% was just ok and yes, and the explanation was predictable.”
“He was very informative and caring as well. I think it would make him more lifelike
if it could respond to sudden changes of topic. ”

“Overall, the most remarkable impression after interaction with NAO is that he is
very caring and friendly. But after several times of interacting, I kind of know the

pattern of his responses to my opinion.”

There were also some comments about NAQO's body language, which was perceived

as pleasant and contributed to the robot's humanlike appearance.

“There were many small detailed movements that surprised me a lot! These made
it humanlike. ”

“The robot was good at expressing human-like body expressions. ”

For the C-NB robot, participants mostly perceived NAO as informative and
trustworthy in many cases, and perceived it to be programmed. Given its robotic nature,
some participants didn't expect it to be emotional or caring, and thus did not criticize the
robot for its lack of understanding of their feelings.

“NAO seems to have some difficulty understanding emotions, but it could act

logically.”
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“It was very informative. But | think maybe my personal experiences is very
different, he could not understand me at some points. ”

“NAO could be trustworthy when we talked about something that related to what
NAO was programmed for. | found that the robot responded consistently and it was

informative and user friendly.”

For the B-NC robot, participants mostly perceived the robot as having an emotional
and caring approach. They believed that its lack of informativeness made it more
humanlike, as people often lack knowledge in certain areas. Additionally, they found the

robot to be friendly.

“It feels that robot tried to build an emotional relation and trust with the
participant.”

“NAO acted in a friendly manner, however it was not quite informative regarding
the topic.”

“It was very pleasant to talk with NAO. | felt | was talking with a friend...”

“I found NAO s behavior very lifelike. He is not 100% informative which exactly
made him more like a human. He is really caring.”

“It was a good robot. It was able to act in a way that made it seem like it could feel

people's emotions. ”

There were some comments about NAO's body movements that were not pleasant

in certain cases and caused distractions from the main conversation.

“NAO s behavior is good, but sometimes his gestures were too much which made
my attention to his gestures.”

“In my opinion NAO looks very robotic in hand movements. ”

“l found the movements sometimes distracting, yet the face was basically the

same,...”

For the NB-NC robot, participants believed that NAO was not sufficiently
responsive and informative. They did not perceive it as caring, although it exhibited kind

and friendly behavior.

“It feels like talking to a tape recorder.”

“He may need to be updated on topic we were talking about. ”
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“The conversation was mostly ok. | felt he was trying to address common
conversation topics about Covid-19, however in several instances he repeated that

he did not have much information, which made the conversation a bit weird.”

3.5 DISCUSSION

Competence and benevolent behaviors have been acknowledged to improve the
interpersonal trust. During the second study, it was investigated how the correlation
between behaving as competent and benevolent in social robots contributes to their

trustworthiness.

3.5.1 Competent and benevolent social robots foster trust in HRI

Insights into the role of humanistic behaviors of social robots in different fields,
particularly trust, are rare and covered. The extent to which anthropomorphizing robots
are acceptable must be determined, specifically concerning affective behaviors. This
study explored whether humanistic behaviors like benevolence result in more
trustworthiness in social robots and whether a robot with both benevolent and competent
behaviors have been designated as more trustworthy in HRI. As expected, the
participants evaluated all three types of social robots, including benevolent-competent
robot (H1-1), benevolent-noncompetent robot (H1-2), and competent-nonbenevolent
robot (H1-3), more trustworthy than a nonbenevolent-noncompetent robot in terms of
general trust. A benevolent-competent robot yielded the highest trustworthiness, and a
benevolence-based robot was perceived higher in trustworthiness by participants than a
competence-based robot as compared to nonbenevolent-noncompetent robot. Therefore,
the benevolent or competent characteristics are influential in HRT, which is comparable
to the findings on human trust (Cuddy et al., 2011; Di Battista et al., 2020; Oleszkiewicz
& Lachowicz-Tabaczek, 2016).

Studies on the characteristics of robots associated with the “can-do” trust
dimension, such as reliability, function, performance and skill are extensive. In general,
a well-performing robot is trusted more, and our findings satisfactorily agreed with the
results of similar research (e.g., Di Battista et al., 2020; Salem et al., 2015; Schoorman
etal., 2007; Ulfert & Georganta, 2020), as the competent-nonbenevolent robot was more

trustworthy than the nonbenevolent-noncompetent robot. Our results showed that being
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knowledgeable could foster trustworthiness in HRI, despite malevolent, ignoring, and
impolite robot behavior. Moreover, if a social robot is not informative and cannot satisfy
participants with accurate information, it still provokes trust because of its kind and
caring behavior. This is a beneficial and valuable result that improves the findings
presented in (Giorgi et al., 2022), and is closer to the outcomes of the human trust area
(Di Battista et al., 2021; Johnston et al., 2015). According to the literature, emotional
sharing and behaviors advance the formation of interpersonal trust and even rebuild
damaged trust because emotions guide people’s behavioral propensities (Maet al., 2018),
which can explain the obtained results. This finding will help design anthropomorphic
and emotional robots beyond functional ones, and indicates that humanistic behaviors,

such as benevolence, have great potential for developing social robots.

Meanwhile, an interesting concern was revealed in our findings. Considering the
mean differences and Cohen’s d for the B-NC (M = 20.32, d = 1.21) and C-NB (M =
11.61, d = 1.00) conditions in comparison with the NB-NC condition, the higher
effectiveness of the benevolent behavior can be explored. Thus, the benevolent behavior
of a robot at a similar level is more influential than its knowledge, which is in contrast
to findings presented in (Giorgi et al., 2022). The reason could be the connection of
benevolence to emotions and the superior effect of emotions on trust. Ghazali et al.
(2018) found that liking the robot increased trust beliefs and the more the participants
liked the robot, the more trustworthy was the robot. It is possible that benevolence
features also influence the robot to be more likeable and elicit its trustworthiness as a
mediator respectively. Thus, further research can consider the relation of benevolence
to various emotions such as liking, kindness, attractiveness and etc., and its subsequent
effect on trust perceptions. However, the situation and topic of the conversation also
might be effective, and further research in different contexts can improve the results.

Consequently, when social robots encompassed both the benevolence and
competence attributes, their trustworthiness intensifies. This is in line with the results of
education field and prior studies on the interpersonal trust (Cuddy et al., 2011; Di
Battista et al., 2021). The benevolence and competence dimensions in human
relationships are fundamental, and manipulating each one changes the other one.
Organizations, individuals, and social groups are judged along these two dimensions.

People primarily judge that warm and competent elicits positive emotions and behavior,
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while lacking both the warmth and competence elicits uniform negativity (Cuddy et al.,
2011); thus, both dimensions must be considered in HRT. The benevolent-competent
robot achieved the highest measure and effect size among all comparisons, which
resulted an extremely large effectiveness. Thus, if future functional robots are provided
with benevolent behaviors and show concern, care, and kindness toward people, they
can guarantee an increase in trustworthiness even though they are not completely

applicable and skillful.

3.5.2 Benevolent robot surpasses in evoking affective trust

This study also focused on the primacy of benevolence or competence traits in HRT.
The results were challenging, and crucial for future research and development of social
robots. Although, a benevolent-competent robot was perceived more trustworthy than a
competent-nonbenevolent robot (H2-2), it was not rated more trustworthy than a
benevolent-noncompetent robot (H2-1), in terms of general trust, which revealed the
high effect of benevolence in HRT. Therefore, benevolence could approximately
compensate for the social robot’s lack of information in building general trust, although
competence could not play the same role in the absence of benevolent characteristics in
HRT. Some existing studies asserted that warmth judgments are made quicker than
competence judgments and have a greater effect on overall attitudes toward others, and
are even more stable across cultures than competence information (Di Battista et al.,
2021). However, our findings did not support this finding in HRT; our results agreed
with other studies that did not find any priority between the accuracy and niceness
(Johnston et al., 2015). The robot stated some wrong information to show the
incompetence, which might be interpreted differently by some participants and

influenced the results as well.

Moreover, in contrast to our expectation, no preference between a benevolent-
noncompetent and competent-nonbenevolent robot was found in the general trust (H1-
6), although the benevolent-noncompetent achieved a higher score after conversation.
Some studies on the interpersonal trust have indicated that people trust individuals with
good intentions more than knowledgeable ones (Di Battista et al., 2021). However, our
findings did not support this finding in HRT; our results agreed with other studies that

did not find any priority between the accuracy and niceness (Johnston et al., 2015).
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3.5.3 Relation of benevolent and competent social robots with affective and

cognitive trust in HRI

This study aimed to explore if benevolence attributes of social robots contribute to higher
affective trust in HRI. According to the results, benevolent-competent robot discernibly
scored higher than a competent-nonbenevolent robot in affective trust (H3-1).
Furthermore, a significant result was achieved between benevolent-noncompetent and
competent-nonbenevolent robot (H3-2) in terms of affective trust, which indicated the

superiority of benevolent robots in fostering affective trust.

In general, warmth and benevolence are more strongly related to emotions and
empathy than competence (Id et al., 2021), and are quickly perceived by others (Belanche
et al., 2021). Emotional sharing and behaviors advance the formation of interpersonal
trust and even rebuild damaged trust because emotions guide people’s behavioral
propensities (Ma et al., 2018), which can explain the obtained results. Thus, the
evaluations of the emotional attitude toward benevolence influenced affective trust in
HRI. People clearly distinguished between caring and positive emotional reactions of the
robot and differentiated it from rational and cognitive-based behaviors, as the difference
in cognitive trust for the same group comparison (B-NCc and C-NBc) was not significant.
These findings support the significant and robust effect of benevolence on affective trust
and suggest that people believe and feel empathy toward the affective and humanistic
behaviors of robots, although they know that robots are not alive. This is a significant
finding for designing future social robots, particularly in the fields of healthcare, such as

counselling or assistive robots, and personal and service social robots.

We also explored to know whether the competence attributes of social robots
induced cognitive trust. The results revealed that a knowledgeable and competent robot
did not successfully foster cognitive trust, as the participants did not score a benevolent-
competent robot higher than benevolent-noncompetent one in terms of cognitive trust
(H3-3). Moreover, a competent-nonbenevolent robot was also rated lower than a
benevolent-noncompetent robot in terms of cognitive trust (H3-4). Interestingly,
according to the mean differences, the cognitive trust score was higher in the benevolent-
noncompetent robot than that in the competent-nonbenevolent robot. Therefore, although

a competent-nonbenevolent robot was equipped with knowledge and was supposed to be
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correlated with cognitive trust, benevolent-noncompetent robot achieved even higher
cognitive trust, despite being noninformative. Therefore, we could say that benevolence
modulated cognitive evaluations, and participants’ perception of both affective and

cognitive trust were higher when the robot was benevolent.

Emotions are highly influential in trust relations and even some unconscious
thoughts lead to emotions about things. Emotions often outweigh logic and influence
perception and cognitive evaluations even after the dissipation of emotions. In addition,
according to modern psychology, affection involves several basic cognitive functions and
appears to be necessary for normal conscious experience. It influences, modulates, and
mediates basic cognitive processes and has a substantial influence on human cognitive
processes (Duncan & Barrett, 2007). Johnson & Grayson (2005) considered cognitive
trust as one of the antecedents of affective trust which can explain our findings.
Furthermore, the context of conversation was a fairly friendly interaction and was not
dominated by serious discussion and issues; thus, it can be another reason for lessening
attention to cognitive trust. Consequently, a vague border between the overlapping and
interdependency of benevolence and competence factors in HRT exists, and other
determinants or scales should be considered in future studies.

3.6 CHAPTER SUMMARY

This study revealed some key facts as to the contribution of benevolence and
competence to the HRT. The results showed that, like interpersonal trust, the
benevolence and competence characteristics are both crucial in making trust, and each
carries different responsibilities and fosters certain dimensions of trust. Therefore,
beyond the knowledge, intelligence, expertise, and information, which support the
functional aspect of robots and have been mostly investigated, humanistic behaviors,
such as benevolence and caring, should be considered fundamental and vital. In
particular, the results implied new findings regarding the role of benevolence in HRT.
We concluded that benevolence had a considerable effect on the affective trust despite
the existence or lack of knowledge and competence in HRI, which approved the primacy
of benevolence in eliciting the affective trust. Furthermore, benevolence could have a
small influence on the general and cognitive trusts and increased them in the absence of

competence characteristics. In addition, it could compensate for the lack of information
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in social robots. However, being competent could not evoke more affective trust in
human-robot relationships. Meanwhile, benevolent behavior influenced and modulated
competency and increased all types of general, affective and cognitive trust in the lack
of information and knowledge. Thus, if future functional robots in various fields of
healthcare, education, and business are equipped with benevolent behaviors and show
concern, care, and kindness toward people, they can guarantee an increase in

trustworthiness even though they are not completely applicable and skillful.
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CHAPTER 4

Exploring the Effects of Self-Disclosed Backstory of Social Robots on
Perceived Trust in Human-Robot Interactions?

4.1 INTRODUCTION

Prior research has demonstrated that people feel less attached to whom think differently
from their views. Not surprisingly, such attributes cause people to prefer to trust and
receive advice from someone who shares similar experiences and stories. Therefore, trust
is increased when people support their point of view by disclosing stories of personal
experiences rather than experiences of others (Hagmann et al., 2020). Personal
experiences are distinct from other evidence because of two important attributes; first,
personal experiences indicate a story rather than a number of documented information
and statistics, second, personal experiences rely on the self rather than other parties which
makes the stories believable, trustworthy and companionable. In interpersonal trust,
previous studies have proven the conductive effect of telling self-backstory (personal
self-disclosure, personal narratives), which is self-disclosing and sharing personal
information or experiences with others (Kory-Westlund & Breazeal, 2019). For example,
Hagmann et al. (2020) showed that personal narratives are critical to building and
maintaining trust between people. Several studies have also approved that revealing
personal experiences makes people appear warmer, more likable and trustworthy (Ajzen,
1977). Indeed, trust, self-disclosure and other indicators of relationship closeness have
been identified to be positively correlated. Conversely, those who do not disclose their

backstory are sometimes thought as more deceptive (John et al., 2016).

It is controversial if automated and computer systems could present themselves as
human, and how users actually react to agents with human autobiographical memories.
Some researchers believe that users feel cheated and deceived, whereas others think that
it would provide the agents with more likeability, as people prefer the robots and agents
to match them in personality (Bickmore et al., 2009). For example, “Valerie”, one of the

! This study was conducted in collaboration with Anahita ETEMAD from the Department of Mechanical
Engineering, RWTH Aachen University, Aachen, Germany (anahita.etemad@rwth-aachen.de).
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world's first storytelling roboceptionists, was given a human back story to make the robot
appear more human-like and to allow visitors to interact easily with her. The storylines
evolved over the school year and included: “Valerie’s social life, her lounge singing
career, her therapy business, and her job as a receptionist.” The results showed that
Valerie could increase engagement with the robot and attracted people over a longer
period of time. Gockley et al. (2005) found that robots with backstory impact the
relationship formation and perception with people. Eyssel et al. (2017) studied how a
robot’s personal self-disclosure can promote anthropomorphism and attribution of mind
to the robot. Kang & Gratch (2011) have investigated the effects of self-disclosure of a
virtual counselor on the perception and behavior of the human interaction partners. The
results showed that participants rated higher perception of copresence and social
attraction towards the virtual agent which disclosed highly intimate information about
itself than the one disclosed less intimate or no information about itself. In another
valuable study, Bickmore et al. (2009) found that users completed more conversations
and enjoyed communicating with a virtual human that talked about its created human life
story (as its own story) compared to third person (as happening to humans that it knew).
However, limited research has examined how a social robot with a self-backstory
influences trust perception in people.

Therefore, the purpose of third study was to explore the influence of social robots
disclosing their self-backstories (first person narrative) on the perceived trust by people
in HRIs. This study also aimed to investigate how different kinds of backstories might
influence people’s perceived trust in robots in different ways. Different types of self-
backstories was provided for a social robot, and their effect on various types of perceived

trust was evaluated.

4.2 DEVELOPING HYPOTHESES

According to the literature, one of the basis of trust is reciprocity (McAllister, 1995). This
suggests that when a party conveys trustworthiness, it prompts their counterpart to
reciprocate with a similar level of trust. In this regard, a narrator of self-backstory exposes
a vulnerability to the listener, and the listener who have gained the narrator's trust, is
subsequently inclined to reciprocate and trust the narrator (Hagmann et al., 2020).
Therefore, trust is established based on disclosing self-backstory, as it builds a reciprocal
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relation. When an individual shares personal information, they have opened themselves
up by loosening their personal boundaries and taken the risk of receiving negative
feedbacks from the listener. This vulnerability indicates a person or an agent’s

trustworthiness and makes them more likable.

Furthermore, self-backstories could be different in nature and convey positive or
negative emotions. Generally, disclosing personal information makes people appear
warmer and friendly (Wheeless & Grotz, 1977), and builds positive feelings in both
trustor and trustee. Telling a self backstory fosters a sense of connection and empathy
between the speaker and the listener, and evokes emotions of understanding, compassion,
and shared humanity in the listener. Interestingly, Reed et al. (2019) reported that sad
facial expression with tears increased trustworthiness and prosocial behavior or other-
regarding altruistic tendencies increased respectively. Moreover, according to Darling
(2017), backstory generally increased empathy towards a robot, so any type of backstory
might lead to more empathy and affection through anthropomorphic framing. Sebo et al.
(2019) showed that vulnerable statements made by a robot in team-related tasks lead to
higher engagement with the robot compared to a restriction on neutral statements, with
implications for trust-related behavior. Rosenthal-von der Piitten et al. (2013) also stated
that witnessing violent behavior towards a robot leaded to higher empathic concern
compared to witnessing positive interaction. We can assume that a self-disclosed
backstory that evokes sadness or happiness lead to higher empathic concern for the robot,
which subsequently lead to a higher degree of anthropomorphism and thus might promote
affective trust. Furthermore, as we discussed earlier, cognitive trust is considered one of
the antecedents of affective trust, and emotions, on the other side, influence the perception
and cognitive evaluations, even after the dissipation of emotions. Previous research has
identified significant links between affection and judgements (Dunn & Schweitzer, 2005).
Therefore, emotional backstories may influence cognitive trust as well. Thus, we

proposed the following hypotheses:

H1-1: When a social robot discloses its backstory (happy or sorrowful), the users
are more likely to have (general) trust in the robot than the case of the robot

not telling a backstory.
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H1-2: When a social robot discloses its backstory (happy or sorrowful), the users
are more likely to have affective trust in the robot than the case of the robot
not telling a backstory.

H1-3: When a social robot discloses its backstory (happy or sorrowful), the users
are more likely to have cognitive trust in the robot than the case of the robot
not telling a backstory.

Additionally, previous studies found that trust is often linked to positive rather than
negative outcomes of the behavior of others, and people might trust individuals
expressing more positive emotions (Johnson & Mislin, 2011). Dunn and Schweitzer
(2005) reported that emotions with positive valence such as happiness and gratitude
increased trust, and emotions characterized by weak control appraisals (happiness)
influenced trust significantly more than emotions characterized by personal control (pride
and guilt) or situational control (sadness). Prior works also indicated that adults are prone
to trust an individual expressing positive rather than negative emotion, and do so even
when the expressive cues are subtle (Tang et al., 2019). Therefore, it seems plausible that
a backstory displaying happy emotions will promote trust better than a sorrowful
backstory. Considering the aforementioned studies, positive emotion has a more concrete

relation to trust formation in general and thus we derived the next hypotheses:

H2-1: A social robot discloses its happy backstory results in more (general) trust
than a robot with sorrowful backstory.

H2-2: A social robot discloses its happy backstory results in more affective trust
than a robot with sorrowful backstory.

H2-3: A social robot discloses its happy backstory results in more cognitive trust
than a robot with sorrowful backstory.

4.3 METHOD

4.3.1 Experimental design

According to the derived hypotheses, two types of self-backstories for the social robot
including; happy backstory and sorrowful backstory, with a no backstory condition as the
control condition was concluded. Thus, three experimental conditions were resulted. In

order to explore whether a social robot telling a backstory about its experiences could
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influence people’s trust perception of social robots, a between-subjects experiment was

conducted with three conditions. Table 4.1 shows the experimental conditions.

Table 4. 1 Three types of robot’s backstory in experimental conditions

Experimental conditions Type of self-backstory

Happy Backstory condition (H-Bc) Robot discloses a happy backstory about itself

Sorrowful Backstory condition (S-Bc)  Robot discloses a sorrowful backstory about itself

No Backstory condition (N-Bc) Robot talks about general and technical information about itself

For the conditions with backstory (H-Bc and S-Bc), the robot was assumed to work
in a restaurant and it disclosed a happy or sorrowful story about its experience working
as a waiter in the restaurant. In the happy backstory, the robot explained how it was
welcomed by the customers and the kids were happy seeing the robot. Whereas in the
sorrowful story, the robot described about the unhappy experience with one of the
customers, in which the kids were scared of the robot and the customers were aggressive
to the robot. We chose the topic considering the prior experiences and interactions of
participants with the robot, emotional feasibility of stories, and the believability of the
situation for the robot. For N-Bc, the robot only described general and technical
information about itself. Appendix C includes the script of backstories. The happy and
sorrowful stories were evaluated by other researchers to be comprehended as expressing
happy and sorrowful feelings. The backstories were prepared according to the literacy
structure (Pattie, 2021), and included an introduction part, describing the experience and
events that happened, expressing the feelings about the situation, and the conclusion part.
The experiment was designed based on a short conversation between participants and the
robot, in which the robot disclosed its story to the participants, and questionnaire-based
evaluation. The conversation started with a brief greeting part to initiate the conversation
and provide a dyadic communication. Figure 4.1 shows the setup of the experiment. The

experiment was conducted in Japanese.

4.3.2 Participants

A total of 66 students took part in the experiment. Participants were Japanese
students at Tokyo Institute of Technology, aged from 18 to 25 (Mage = 20.62, SDage = 1.55),
with a 49:17 male: female ratio. A power analysis for a one-way ANOVA test indicated

that the minimum sample size to yield a statistical power of at least 0.8 with an alpha of
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0.05 and a large effect size (d = 0.4) was 66. However, 0.4 is a large effect size and the
results may not be reliable for large groups, we could not add more participants due to
the time limitations. Participants were assigned to one of three experimental conditions:
H-Bc, S-Bc and N-Bc. Each group contained twenty-two participants and we attempted
to counterbalance the gender between conditions as much as possible. Table 4.2 lists the
number and gender disposition for each of the three experimental conditions.

Figure 4. 1 Setup of the experiment.

Table 4. 2 Number of participants for three experimental conditions.

Condition Age Mean (SD) Male Female Total
H-Bc 20.59 (1.68) 16 6 22
S-Be 21.41 (2.64) 16 6 22
N-Bce 20.18 (1.91) 17 5 22

We recruited participants by distributing flyers in various laboratories and around
the Ookayama campus of Tokyo Institute of Technology. Additionally, we approached
the students enrolled in the “Engineering Psychology” and “Data Collection and Analysis”
courses supervised by Professor Umemuro. Since we aimed to compare the cultural
difference between Germany and Japan, we specifically recruited Japanese students.
However, we did not specify any particular educational background requirements for
participants. Participants received 1000 Japanese Yen for participating in the experiment.
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4.3.3 Ethical considerations

The experiment received the approval of all ethical and experimental procedures and
protocols from Human Subjects Research Ethics Review Committee of Tokyo Institute
of Technology. All participants submitted a written consent form and were informed of
the experimental procedures and ethical concerns prior to the experiment. The experiment
was anonymous and the participants were identified by IDs.

4.3.4 Equipment

For the third study, we used the humanoid Pepper robot manufactured by SoftBank
Robotics. Pepper is a 121 cm tall humanoid robot that can speak and move in different
ways. During the third experiment, Pepper talked to the participants. The participants sat
on a chair to achieve an equal eye-level view with Pepper, positioned at a distance of 1
meter to ensure a personal zone and represent a friendly interaction.Speech was controlled
through an interface developed in HTML by using Pepper’s default text-to-speech
settings, together with body movements that were designed using Choregraphe 2.5.10.
The speech rate was set at 100% to represent a normal speaking speed. Several pauses
were incorporated into its speech to make it more understandable and natural. Appropriate
body movements were designed for Pepper during its speech to make it alive and
interactive. Due to Pepper's limitations in body movements and facial expressions, we
manipulated its head movements and hand gestures. The homogeneity of body
movements and the expression of emotions were attempted to be considered, specifically
between happy and sorrowful conditions. Figure 4.2 shows different body postures of
Pepper during the experiment. All video of the experiment are accessible at:
https://osf.io/paf69/?view_only=fa34adaae24343ef9431b04b7b8daee8
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Figure 4. 2 Some of Pepper’s body movements in the experiment.
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4.35 Procedure

The experiment was held during two weeks in November 2023 at the Ookayama campus
of Tokyo Tech University. Before initiating the experimental session, participants were
given documents explaining the experiment to review freely and decide voluntarily if they
desired to participate in the experiment. The experimenter then explained the procedure
and highlighted important points, to ensure that everything was clear to participant prior
to signing the consent form. None of the participants opted out of the experiment. Figure

4.3 shows the procedure of the experiment.

First, participants were asked to fill out the demographic information. After
completing the primary questionnaire, the experimenter introduced Pepper to the
participants and asked them to rate their trust in the robot before the interaction.
Participants evaluated their trust in the robot on 30-item pre-trust questionnaire, which
included 14 items on robot-human trust, 9 items on cognitive trust, and 7 items on
affective trust. Figure 4.4 shows the participant answering the questionnaires before
starting the conversation with Pepper. Thereafter, the participants sat in front of the robot
and went through the conversation, listening to the robot’s story, after having a brief
introductory conversation. Figure 4.5 shows the participant listening to Pepper’s self-
backstory. For each participant, the interaction with the robot lasted approximately 6-7
min. After the completion of the conversation, the participants were asked to fill out the
post-questionnaires to rate their perception of the robot’s trustworthiness after the
interaction, in addition to cultural values questionnaire. The entire session finished in
almost 30 min. Wizard-of-Oz (WOZ) methodology was employed in the experiment

similar to the first and second experiments.

Experimenter explained the g Participants filled the
rocedure of the experiment o i )
P P demographic information Experimenter

introduced Pepper

Q Participants rated Pre-Trust

guestionnaires
Pepper disclosed

its story

Participants rated Post-Trust
guestionnaires

Figure 4. 3 Procedure of the experiment.
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Figure 4. 4 Procedure of the experiment. Participant answers the questionnaires before conversation with
Pepper.

Figure 4. 5 Procedure of the experiment. Participant listens to Pepper while disclosing its self-backstory.

4.3.6 Measurements

Similar to the previous experiments, participants assessed the robot in terms of general,

affective and cognitive trust.
4.3.6.1 General trust scale

Schaefer (2016) offered two types of human-robot trust scale, one with 40 items and the
other one with 14 items. For this experiment, the 14-item scale was used to assess subjects’
general trust in the robot. The scale consists of 14 items rating participants’ trust on the
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robot in the range from 0% to 100% according to each item. The Cronbach’s alpha value

of the questionnaire was 0.90 which showed high reliability.
4.3.6.2 Affective and Cognitive Trust Scale

Similar to first and second experiments, the measure proposed by Johnson and Grayson
(2005) and Mcallister (1995) was used to evaluate affective and cognitive trust. The scale
was a 16-item questionnaire, including nine items for cognitive trust and seven questions
for affective trust. The measure evaluated participants’ feelings and perceptions of trust
in the robot using a seven-point Likert scale. The Cronbach’s alpha value was 0.88 for

the affective trust scale and 0.75 for cognitive trust scale.

The original English questionnaires were translated and back-translated by the colleague

researchers of the authors whose native language were Japanese.

4.4 RESULTS

4.4.1 Data analysis

Data of 66 participants were collected, and initially the dataset was filtered to identify and
address any suspicion of unreliable data. Fortunately, no unreliable data was found, and
all data obtained from the participants were used for subsequent statistical analysis.
Descriptive statistics was used to summarize the data and compare the overall mean of
dependent variables. Normality test was conducted to determine whether the sample data
had been drawn from a normally distributed population, guiding the selection of the main
data analysis method. A one-way ANOVA test with post-hoc analysis was used to
compare the differences between the means of dependent variables among three groups.
Considering the mean differences, the scores between before and after the interaction was

compared for dependent variables, rather than assessing changes during the interaction.

4.4.2 Descriptive statistics and test of results

To investigate the effect of self-backstory disclosure of social robot on the perceived trust
of participants, we compared trust scores before and after interaction for three
experimental conditions. Table 4.3 shows the means and standard deviations of general
trust, affective trust and cognitive trust scores for three experimental conditions measured

before and after interaction, as well as differences between them. Overall, H-Bc had the
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highest scores compared to the other conditions, considering both after interaction and
difference between before and after interaction in all trust scores. On the other hand, S-

Bc and N-Bc got similar mean scores in all trust variables.

Table 4. 3 Means and standard deviation for all trust scores for three experimental conditions, before,
after and differences over the interaction.

. before conversation after conversation difference
Condition
Mean SD Mean SD Mean SD
General Trust
H-Bc 87.55 15.55 106.64 13.17 19.09 12.49
S-Bc 85.05 15.62 93.18 19.75 8.14 16.54
N-Bc 84.64 12.82 93.23 20.05 8.59 18.03
Affective Trust
H-Bc 3.18 0.89 4.49 1.09 1.32 0.71
S-Bc 2.96 1.10 3.55 1.14 0.58 1.34
N-Bc 2.99 0.69 3.62 1.21 0.63 1.15
Cognitive Trust
H-Bc 3.63 0.64 4.26 0.78 0.63 0.72
S-Bc 3.59 0.59 3.73 0.74 0.15 1.03
N-Bc 3.58 0.52 4,01 0.63 0.42 0.78

To test the hypotheses, a one-way ANOVA was conducted with three backstory
conditions (happy, sorrowful, no backstory) as independent variables, and three trust
scores (general, affective, cognitive) as dependent variables, all by before and after
interaction. The results indicated that the main effects of backstory were not significant
for the score of general trust (F (2,63) = 0.25, p = 0.77), affective trust (F (2,63) = 0.35,
p = 0.70), and cognitive trust (F (2,63) = 0.04, p = 0.95) before interaction. On the other
hand, the main effects of backstory conditions were significant for the scores of general
trust (F (2,63) = 4.11, p < 0.05), affective trust (F (2,63) = 4.60, p < 0.05), but not for
cognitive trust (F (2,63) = 2.94, p = 0.060) after interaction. Table 4.4 shows the results
of ANOVA analysis before and after interaction. Considering ANOVA results, post-hoc

test was conducted for the rest of analyses.

Table 4. 4 ANOVA results for all trust scores among three experimental conditions.

before interaction after interaction
df F p df F p
General trust 2 0.25 0.77 2 411 0.021
Affective trust 2 0.35 0.70 2 4.60 0.014
Cognitive trust 2 0.49 0.95 2 2.94 0.060
o000
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4.4.3 Effect of social robot’s self-backstory disclosure on HRT

The first set of hypotheses explored the difference among H-Bc, S-Bc and N-Bc in general,
affective and cognitive trust. Table 4.5 shows the results of post hoc analysis for different
group comparisons. We assumed that H-Bc and S-Bc would be higher than N-Bc. Post-
hoc analysis results revealed that the general trust score after interaction was
significantly higher for H-Bc (M = 106.64, SD = 19.09) than for N-Bc (M =93.23, SD =
8.59, p <0.05). However, the general trust score in S-Bc (M = 93.18, SD = 8.14) was not
significantly different from the score in N-Bc (M = 93.23, SD = 20.05, p = 0.993), and
interestingly, N-Bc had slightly higher score than S-Bc. Figure 4.2 panel A illustrates the
results for general trust.

Furthermore, post-hoc analysis revealed that H-Bc (M = 4.49, SD = 1.09) was rated
significantly higher than N-Bc (M = 3.62, SD = 0.63, p < 0.05) in terms of affective trust,
after interaction. But there was no significant difference between S-Bc (M = 3.55, SD =
0.58, p = 0.823) and N-Bc for affective trust. Again, the robot with no backstory perceived
slightly higher than the robot with sorrowful backstory in affective trust. Figure 4.6 panel

B illustrates the results for affective trust.

Table 4. 5 Post hoc analysis results for different group comparisons

H-Bc vs. N-Bc S-Bc vs. N-Bc H-Bc vs.S-Bc
p p p
General trust 0.016* 0.993 0.015*
Affective trust 0.015* 0.823 0.008**
Cognitive trust 0.243 0.216 0.018*

Statistically significant difference: **p < 0.01, *p < 0.05

Finally, Post-hoc analysis indicated that the cognitive trust score in neither H-Bc
(M = 4.26, SD = 0.63, p = 0.243) nor S-Bc (M = 3.73, SD = 0.15, p = 0.216) were
significantly different from N-Bc (M = 4.01, SD = 0.42) after interaction, as shown in
Table 4.6. Figure 4.6 panel C illustrates the results. Although, the robot with happy
backstory was rated higher than other conditions, the difference was not statistically
significant. The robot with sorrowful backstory perceived slightly higher score than the

robot with no backstory in cognitive trust. However, the difference was not significant.
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Figure 4. 6 Means and standard deviations of (A) general trust scores of three experimental conditions before

and after interaction, (B) affective trust scores of three experimental conditions before and after interaction, and
(C) cognitive trust scores of three experimental conditions before and after interaction. Dots indicate means and

vertical lines indicate the SDs. (*p < 0.05, **p < 0.01)

4.4.4 The primacy of social robots with happy backstory in HRT

The second set of hypotheses explored the difference between the robot with a happy and
a sorrowful backstory to find whether happy backstory could enhance the robot’s
trustworthiness more than sorrowful backstory. As shown in Table 4.5, post-hoc analysis
results indicated that H-Bc (M = 106.64, SD = 13.17) was significantly more trustworthy
than S-Bc (M =93.18, SD = 19.75, p < 0.05) in terms of general trust after interaction.
There was also a significant main effect of H-Bc (M = 4.49, SD = 1.09) on affective trust
score, compared with S-Bc (M = 3.55, SD = 1.14, p < 0.001) after interaction.
Furthermore, H-Bc (M = 4.26, SD = 0.78) was rated significantly higher than S-Bc (M =
3.73, SD = 1.74, p < 0.05) for cognitive trust score after interaction. Thus, the robot with
happy backstory could considerably improve general, affective and cognitive trust

compared with the robot which disclosed sorrowful backstory (Figure 4.6, panels A-C).

To summarize, as the H-Bc was significantly higher in general trust and affective
trust than the N-Bc after interaction, H1-1 and H1-2 were supported for happy backstory,
but not for sorrowful backstory. H1-3 was not supported because the difference in the
cognitive trust score for H-Bc and S-Bc was not significantly higher than N-Bc.
Furthermore, as the H-Bc scored significantly higher in general, affective and cognitive

trust than the S-Bc after interaction, H2-1, H2-2 and H2-3 were supported.
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4.5 DISCUSSION

During the third study, the effect of social robots which disclosed two types of happy and
sorrowful backstories with social robots that told no backstory was compared, to see their
contribution to trust improvement in HRIs. All trust scores increased after interaction with
the robot. However, only the happy backstory condition was evaluated more trustworthy
than no backstory condition for general and affective trust (H1-1, H1-2). This result is in
line with the prior work in interpersonal trust as people with a disclosed backstory and
personal narratives are considered to be more trustworthy (Hagmann et al., 2020). In
addition, according to Jasielska (2020), and Johnson and Mislin (2011) trust is inked to
positive outcomes of behavior such as happiness and kindness rather than negative
outcomes. Diener et al. (1999) also expressed the dominance of positive emotions over

negative emotions.

As expected, the results also confirmed that the robot with a happy backstory
resulted in more general, affective and cognitive trust than the robot with a sorrowful
backstory (H2-1, H2-2, H2-3). This means that conveying positive emotions by a robot
could evoke emotional impressions in participants more than sad emotions. Happiness is
treated as an indicator of wellbeing in two emotional and cognitive dimensions (Diener
et al., 1999) and studies admitted that happiness includes two components of affection
and cognition, and determined by interpersonal interactions (Jasielska, 2020). So, the two
dimensions of happiness are in line with affective and cognitive trust and the results
revealed that participants rated the robot with a happy backstory more trustworthy in both

dimensions.

However, despite the happy backstory having been affectively trust evoking, there
was no significant difference in cognitive trust compared to no backstory (H1-3). This is
an interesting finding and could have several reasons. Cognitive trust is knowledge-driven
and it is based on the complete certainty of a partner’s future actions (D. Johnson &
Grayson, 2005). In case of the no backstory condition, the robot conveyed a certain
amount of technical information about itself that could increase participants knowledge
about the robot and promote cognitive trust. Thus, although the mean score was higher
for the robot with a happy backstory, it was not significantly different with the no
backstory condition.
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Finally, the results indicated that the robot with a sorrowful backstory received
lower mean scores than the no backstory condition in all trust scores (H1-1, H1-2, H1-3).
Although sorrowful stories evoke emotions and could establish an emotional impression
on people, participants did not evaluate it the same way as a happy backstory. This
contradicts the previous findings of Darling (2017) to some degree, as it was expected
that an emotional backstory would generally lead to a higher perceived trust. This could
be explained by the fact that the factual self-description of the no backstory case also has
an influence on trust formation. Rather, the sorrowful backstory might not lead to an
empathic concern for the robot as the initial degree of anthropomorphism and emotional
connection to the robot is not large enough. Further, it is suggested that sadness is
typically associated with less confidence than happiness, leading to higher uncertainty

(Brifiol et al., 2007), which is another explanation for our results.

4.6 CHAPTER SUMMARY

During the third study, the impact of social robots disclosing their self-backstories on
people’s trust perception of social robots was explored, with respect to the nature of the
backstories. The results indicated that when the social robot expressed a happy backstory
about itself, it affected people’s trust perception of social robots and increased it
emotionally. The findings can be useful for designing future social robots, especially in
contexts where the improvement of trust is necessary through the incorporation of
positive emotions, such as in therapy, service, or educational robots. Furthermore, the
impression of positive emotions was higher than that of negative emotions. These
findings underscore the importance of considering the type of backstories in the design

of social robots.

The participants of current study were only Japanese participants which was one of
the research’s limitations. The future research will evaluate the effect of social robots’
self-backstory disclosure in German participants and comparing the results with the
Japanese participants with respect to their cultural differences. Furthermore, other factors
such as participants basic attitudes to social robots, prior experiences, type of robot and
backstories, gender and the context of interaction can be considered in future researches,

which were the other limitations of current study
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CHAPTER 5
GENERAL DISCUSSION AND CONCLUSIONS

5.1 SUMMARY OF DISSERTATION

In an era dominated by Al and robotics, the integration of social robots into people’s daily
lives seems unavoidable, demanding a focus on users’ trust toward robots. Thus, future
developers must prioritize enhancing social robots’ trustworthiness through thoughtful
design to make them reliable for users. Accordingly, in this research, we aimed to identify
and evaluate some of influential behaviors and attributes for social robots that improve
humans' perception of trust in them. Different trust antecedents in HRI have been
investigated, including robots’ performance, appearance, and physical attributes, as well
as robots’ behaviors. Among these factors, research on the impact of social robots’
behaviors on trust is narrower, particularly those inspired from interpersonal trust. Thus,
we focused on three factors: 1) listening behaviors, 2) benevolence and competence
attributes, and 3) self-backstory disclosure, examining their contributions to enhancing
various types of trust, such as general, affective, and cognitive trust. Three experiments
were conducted in which participants engaged in conversations with a social robot under
real conditions. Participants then evaluated their perception of the robot’s trustworthiness
through a questionnaire-based measurement. In the subsequent parts, we will discuss the

key findings resulting from the experiments.

5.1.1 Effect of social robots’ listening behaviors on HRT

In the first study we investigated whether the listening behaviors of a social robot could
enhance its trustworthiness. In human communication, people build trust in their partner
when they receive care, understanding, and empathy. Effective listening is one of the
ways for accurately understanding and interpreting messages, building rapport, and
fostering meaningful and trustworthy connections between humans (Weger et al., 2014).
The literature supports the idea that certain listening behaviors positively influence the
perception of an individual’s trustworthiness (see Brunner, 2008; Ramsey & Sohi, 1997),
including active or empathic listening behaviors. Thus, In the first experiment reported in
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Chapter 2, we explored whether social robots, when equipped with appropriate listening
behaviors, could enhance trust and convey a sense of being alive, humanistic, and likable.
Four different listening behaviors were designed for a social robot, including nonactive
listening, active listening, active-empathic listening, and verbal-only empathic listening.
Thereafter, we evaluated and compared the impact of each behavior on the participants’

likelihood of perceiving general, affective, and cognitive trust.
5.1.1.1 Active and empathic listening behaviors of social robots contribute to HRT

The results revealed that all three forms of active listening, active-empathic
listening, and verbal-only empathic listening were evaluated higher than nonactive
listening behavior in terms of general, affective and cognitive trust. Thus, we can consider

appropriate listening behavior as a method to improve trust in HRI.

5.1.1.2 Active-empathic listening behavior of social robots establishes a significant

trustworthy interaction with people, particularly in terms of affective trust

Furthermore, the results indicated that social robots exhibiting active-empathic
listening behavior provided the participants with the highest impression of
trustworthiness, particularly in affective trust. Similar to interpersonal trust (see (Ma et
al., 2018)) showing competency, understanding, emotional sharing and responsiveness
contributes to the development of trust between users and social robots. However, active-
empathic listening behavior was differentiated from active listening behavior only in
terms of affective trust. This outcome admits the significant contribution of empathic
listening behavior of social robots to affective trust, paving the way for new possibilities
in designing empathic social robots in the future. Emotional experiences enrich the
quality of communication (Floyd, 2014), and people with more emotional expressions
have a higher impression of being trustworthy than people who care and support rationally
(Aggarwal et al., 2005; Drollinger & Comer, 2013). If active-empathic listening behavior
Is conceived as an expression of affection in HRI, it would improve diverse relationships,

and establish more reliable bond between users and social robots.
5.1.1.3 Nonverbal behaviors of active listener social robots enhance affective trust

Moreover, considering verbal and nonverbal dimensions of listening behavior, the

results confirmed that nonverbal behaviors such as nodding, body movement, and eye
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gaze along with verbal behaviors, had a significant effect in eliciting higher affective trust
in HRI. The results did not reveal any significant difference in general and cognitive trust
when the robot exhibited both verbal and nonverbal behaviors. In HC, nonverbal
behaviors are claimed to be effective means to indicate many social information (see
Thepsoonthorn et al., 2018). The robots with both verbal and nonverbal behaviors are
also rated as being more natural and engaging (Johanson et al., 2021), as they improve
the anthropomorphic perception of robots and it results in better interaction respectively.
However, considering listening behaviors and their contribution to HRT, it's noteworthy
that nonverbal components only enhanced users' affective and emotional perception.
These findings are especially valuable and applicable in the context of humanoid robots.

In conclusion, the results indicated that, during a friendly and casual conversation,
people perceive social robots as human-like. While the awareness of interacting with a
robot is evident, individuals tend to believe in its behaviors and are influenced by the
diverse approaches exhibited by the robots. A robot with good listening skills appears
alive, likable, and intelligent to people. This encourages them to continue conversations
and engage with the robot's ideas and comments on various issues. Furthermore, listening
behaviors are divergent and they include various emotional, logical, verbal and nonverbal
components that distinguishes them from each other. For example, the type of appropriate
listening behavior in the context of educational environment or during a marital conflict
may be different. Thus, we need to consider the appropriate listening behavior for a social
robot, taking the context into account.

5.1.2 Effect of social robots’ benevolence and competence attributes on HRT

In the second study we investigated if the competence and benevolence characteristics of
social robots influence people's perception of their trustworthiness. In human
communication, benevolence and competence are considered two wings of trustworthy
interaction (Lee & See, 2004; Mayer et al., 1995). Competence supports the rational and
cognitive aspects of trustworthiness by demonstrating knowledge, accuracy, and skills.
Meanwhile, benevolence increases affective trust between parties by fostering kindness,
warmth, care, and friendly behaviors (see Di Battista et al., 2020, 2021). Thus, in the
second experiment reported in Chapter 3, we explored whether the same principles of

interpersonal trust apply to HRI, and how the benevolence and competence attributes of
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social robots prioritize and integrate into HRT. Four different combinations of
benevolence and competence attributes for a social robot were designed, including
nonbenevolent-noncompetent, nonbenevolent-competent, noncompetent-benevolent, and
benevolent-competent. Thereafter, the perceived general, affective, and cognitive trust

toward the social robot exhibiting those characteristics were measured and compared.
5.1.2.1 Competence and benevolence attributes of social robots increase HRT

The results indicated the effectiveness of both benevolence and competence
attributes in HRT as the social robot that behaved as competent-benevolent, competent-
nonbenevolent, and benevolent-noncompetent was assessed to have higher general trust

than that of the noncompetent-nonbenevolent robot.

5.1.2.2 Benevolence characteristics of social robots fosters their trustworthiness more

significantly than competence attributes

Furthermore, the results indicated that, compared to a benevolent-competent robot,
the benevolent-noncompetent robot enhanced general trust more significantly than the
competent-nonbenevolent one. The results reveal that, at the same level of comparison,
benevolent behavior was more influential than competency in HRT. However, the context
of the conversation may be influential, and this should be considered in future studies.

5.1.2.3 Participants do not prioritize benevolence or competence in HRT over each other

An important focus of this study was to determine whether participants prioritize a
benevolent robot over a competent one. The interrelation of these factors in different
fields still remains ambiguous, and various factors can influence this priority (see Kervyn
et al., 2009; Tschannen-Moran & Hoy, 2000; Ybarra et al., 2008). The results did not
reveal any significant difference between benevolent-noncompetent robot and competent-
nonbenevolent robot in terms of general trust. In other words, there was not a significant
inclination towards valuing one aspect (benevolence or competence) more than the other
in the context of how participants perceive or interact with the robot. However, different
factors influence this outcome, such as the context of the conversation, users' preferences,
users' approach to the robots, types of robots, and more. Therefore, further studies are

needed to gain a clear understanding.
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5.1.2.4 Benevolent social robots enhance affective trust in HRT

Moreover, the participants rated the benevolent-noncompetent robot as more
trustworthy than the competent-nonbenevolent robot in terms of the affective trust, but
not cognitive, which revealed the primacy of benevolence in fostering affective trust, and
modulating general and cognitive trust. Meanwhile, the perceived competence of the
robot did not significantly influence the cognitive trust. However, further investigation is
needed in this point, as the specific type of robot and the nature of the conversation may
exert a substantial influence. NAO is a cute humanoid robot to which most participants
had a positive approach, and this might have affected the results.

In conclusion, competence and benevolence emerge as two influential factors in
HRT, with benevolence exhibiting a superior effect on affective trust. The findings hold
potential for informing the design of more anthropomorphic social robots in future.
Participants evaluated a benevolent robot trustable and likeable. Benevolence could foster
affective trust and the likability of social robots. This suggests that people feel a stronger
emotional connection with social robots that exhibit care and concern for their problems
and challenges. In situations where the roles of robots are primarily functional, and
performance-based actions are highly demanded, participants rated the benevolence
attribute of a social robot higher than its competence in trust evaluations during a friendly
and free conversation. The reason could be that empathic and benevolent robots are less
developed, and a social robot exhibiting caring behaviors appears novel and interesting
to people. Meanwhile, there is still a high expectation for a robot to be informative and

knowledgeable, especially with the recent advancements in Al products.

5.1.3 Effect of social robots’ self-disclosed backstory on HRT

In the third experiment we investigated the influence of a social robot which discloses a
backstory of its experiences on the development of trust in HRI with respect to the nature
of backstories. According to the literature, trust is increased when people support their
point of view by disclosing stories of personal experiences rather than experiences of
others (Hagmann et al., 2020). Thus, in the third experiment reported in Chapter 4, we
explored if a social robot which expresses its prior experiences and backstories about a

specific context and issue were perceived as more trustworthy. We presented three
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experimental conditions in which a social robot expressed different backstories, including
a happy backstory, a sorrowful backstory, and no backstory about a specific topic during
interactions with participants. Subsequently, we measured and compared participants’

perceived general, affective, and cognitive trust for each condition.
5.1.3.1. Social robots that disclose their happy backstory enhance trust in HRI

The results indicated that the robot disclosing a happy backstory provided the
participants with higher impression of trustworthiness in general and affective trust
compared to the robot telling no backstory. However, the robot with a sorrowful backstory
was not evaluated as leading to higher trustworthiness than the robot with no backstory.
This implies that participants did not differentiate between the no backstory and sorrowful
backstory conditions. The scores for the no backstory condition were higher than those
for the sorrowful backstory condition. This result requires further consideration. Darling
(2017) states that backstories generally increase empathy towards a robot. However, in
contrast to the literature, participants did not perceive emotional attachment and

anthropomorphism toward the social robot telling a sorrowful backstory.

5.1.3.2. Social robots that disclose their happy backstory establishes a significant

trustworthy interaction with people compared to ones with sorrowful backstory

Moreover, the social robot that disclosed a happy backstory received higher scores
than the sorrowful backstory condition in general, affective, and cognitive trust.
Participants consistently rated a happy backstory, tied to positive self-disclosed emotions,
as significantly more influential in HRT. This emphasizes the pronounced impact of
positive emotional narratives on trust perception in the context of social robots, aligning
with the broader literature on the role of positive emotions in fostering positive human-

robot relationships.

In conclusion, the results showed a difference in the type of stories disclosed by
robots and the following trustworthiness perceived. A social robot with happier backstory
was more successful in fostering trust, and contrary to our expectations a sorrowful

backstory did not enhance the empathic behavior of participants toward robot.
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5.1.4 Social robots’ affective behaviors incorporate significantly in HRT

Improving emotional aspects of social robot is increasing during the recent years.
However, it is still controversial whether robots can be successful showing emotional
behaviors and establishing empathic connections. In all three experiments, affective
behaviors of the robot could enhance participants’ trust perceptions. For the listening
behaviors, AEL behavior which consisted of empathic component was the most
influential behavior and suppressed other listening behaviors specially in terms of
affective trust. For benevolence attribute which is defined with good intentions and
emotional understand and caring, the results indicated its superiority on competency in
building trust. Moreover, happy backstory which is associated with positive emotions
were more successful in establishing trust and enhancing affective trust. Therefore, the
emotive factors played a significant role in HRT that could be an important notion for
future researches. Overall, different behaviors of social robots could affect their

trustworthiness in different ways.

In the introduction, | discussed two approaches in HRT, and there is controversy
regarding whether interpersonal trust is useful and applicable to HRI. According to some
studies, people tend to treat computer agents in the same way that they treat other people
(See section 1.1.1). Then some researchers believe that people will respond to a robot’s
emotions as though the robot were human, and will expect the robot’s emotional
responses to be consistent across multiple interactions (Kirby et al., 2010). The findings
of this research indicated that, to a large extent, people trust social robots similarly to how
they trust humans. Kirby et al. (2010) also concluded in their research that people
understand the emotional expressions of the robot, and even minor adjustments to the
robot's expressions, without altering the interaction structure, can impact how individuals

perceive and engage with the robot.

However, it cannot be asserted that interpersonal trust principles are entirely
applicable to HRT due to some differences between HRT and interpersonal trust. Social
robots are novel entities in human society, and there is a lack of appropriate interactive
methods. Hancock et al. (2011) stated that current knowledge of trust in robots is derived
almost from subjective responses, rather than more objective methods such as incentive-

compatible economic trust games. Moreover, Schniter et al. (2020) argued that deception
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of participants by experimenters is also common across human-robot interaction studies
and may contribute to unreliable responses. The issue lies in the disparities between
subjective feedback and observable actions. For instance, individuals might claim to trust
a robot, while their actual behavior may show mistrust. Furthermore, some social robots
have been developed to resemble humans in appearance and interaction, they still exhibit
many differences from humans. Even humanoid robots lack certain humanistic features,
and some social robots significantly differ from humans. Moreover, as humans, we have
established strong principles in interpersonal relationships, and we are more familiar with
interpersonal trust criteria. Consequently, there is a need to adapt these principles from
interpersonal trust to HRI-specific language and formulate unique logics inspired by
interpersonal trust. Moreover, trust is cultivated through interaction, and our brain
continuously updates its principles accordingly. Since we do not have constant interaction
with robots in society, we lack specific principles for engaging with them in our minds.
Humans must develop and learn communicational criteria with social robots, and there is

still a long way to go in this regard.

5.2 RESEARCH IMPLICATIONS

Research implications: The results of studies in this dissertation introduced three
novel behaviors for social robots that enhance their trustworthiness. Specifically, the
findings elucidate the significance of incorporating listening behaviors, benevolence and
competence attributes and disclosing self-backstories in HRT. These identified behaviors
provide valuable insights into how social robots can effectively navigate and contribute
to HRI with heightened levels of trust. Future studies may explore additional behaviors
or expand upon the current results by considering other pertinent issues. Moreover,
conducting the experiments, we manipulated the social robot to provide different types of
behaviors. Therefore, there are some hints and examples of designing social robots for

specific behaviors which can be useful for developing future social robots.

Practical implications: Along with research implications, the outcomes of the

current study could be valuable for designing future social robots.

The newfound understanding of the impact of listening behaviors, along with the balance

between benevolence and competence attributes, opens avenues for refining the design
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of future social robots in a more believable, trustworthy, and anthropomorphic way.
Disclosure of self-backstories, a relatively unexplored aspect in HRI until now, emerges
as a potential avenue to establish deeper connections with users to enhance HRT. The
results could practically help designing new social robots in addition to theoretically

expanding the research domain.

Furthermore, various applications of Al are emerging alongside social robots,
including Al assistants, agents, and many more that will be in close relation with users
and must establish trustworthiness. The insights gained from the current results hold
applicability across diverse domains, extending beyond social robots. These findings can
be applied to enhance trust in various robotic and intelligent products such as artificial
agents contributing to the development of more reliable and user-friendly technologies in
these fields. Various companies are actively advancing intelligent systems for users,
spanning an array of fields such as household appliances, healthcare, education,
entertainment, and business. Establishing trust is paramount for successful interactions in
these diverse domains. Current research and other related studies to HRT can serve as a
valuable resource, offering insights and improvements that have the potential to
significantly enhance user experiences across these sectors. However, designing
intelligent robots for companies is challenging, and it is difficult to cover all the guidelines

and factors resulting from educational research

5.3 LIMITATIONS AND FUTURE STUDIES
There were certain limitations conducting the experiments that should be considered.

Sampling issues: The first important issue in the number of participants. According
to the G*Power analysis, for a one-way MANOVA test, the minimum sample size for a
statistical power of at least 0.8 with an alpha of 0.05 and a medium effect size (d = 0.25)
is 45 for each group. We attempted to meet the required number of participants, however,
it was not fully addressed due to some limitations of Covid19 situation, and the difficulties
of recruiting participants. Therefore, the small number of participants may affect the final
results. Moreover, the participants were international students from different countries
and cultures which cause the cultural effect and should be considered in future studies.
Additionally, English was not the participants’ mother language; thus, this might affect
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the flow of conversation with the robot. Moreover, the participants mainly were university
students and their educational status and background could affect the results compared to
other people. Notably, the personality of the participants can affect their interaction with
the robot; for instance, some participants felt shy interacting with the robot or some had
a negative attitude. Further studies should consider gender, age, and cultural differences
of participants as well as personality perspectives. For the third study that we recruited
Japanese students, the results were limited to the Japanese culture and further studies
could be done more internationally. Moreover, Japanese specific approach to robots and

their background of social robots in the society could be effective.

Robot design: Although NAO is a popular robot in educational studies, it has some
inherent limitations, specifically in designing nonverbal behaviors because it does not
support facial expressions. Therefore, the designed nonverbal behaviors in the studies
lacked facial expressions such as smile and eyebrow movements. Additionally, NAO is
perceived differently by gender and may be considered as a child rather than an adult.
Considering the effect of gender on trust relations, future research should consider other
types of robots that specify gender differences in shape or voice. NAO is a humanoid
robot and its shape and size creates anthropomorphic perception for users. Therefore, the
results may be different for nonhumanoid robots or virtual agents.

Furthermore, when considering the outcomes of affective and cognitive trust, it
becomes important to take into account the design of the robot's emotional behaviors. For
instance, in designing the competence attributes of the robot, when compared to new Al
technologies like chatGPT, the robot was perceived as less intelligent and may be seen as
less knowledgeable than other available Als. Consequently, participants rated the
affective behaviors of the robot, specifically empathic listening and benevolence, as more

influential.

Experiment context issues: We did not specify any special context for the
experiments, as we wanted to investigate the hypotheses in a general social interaction
between a robot and participants. This situation, although was beneficial, and we could
explore the general approach of participants to the social robots, the results might not be
applicable for all specific contexts, such as education and technical support; thus, further

studies are needed. For example, people’s perception of a robot’s competency could be
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influenced by the topic and the degree of professional information needed. Disclosing
experiences and talking about personal backstories are highly associated with the context
and people mostly express their prior experiences in relation to the topic or the
requirement of the listener. Therefore, future studies may consider self-backstory

disclosing of robots in a real situation and as a part of a main conversation.

Future studies: The scope of studies was limited to trust perceptions or beliefs and
did not include evaluation of trust actions. Future researches can consider participants’
trust actions toward social robots. Trust behaviors are not always compatible with trust
beliefs and people show different actions (opposite to their trust beliefs) to a trustworthy
person or robot. The experiments were limited to oral conversation over a short period of
time, whereas trust is mainly built during the time and repeated interactions influence the
people’s trust perception of the trustees. Thus, further researches should consider trust

building process during a period of time.

I discussed the significant role of emotive factors in HRT, a notion that holds
promise for future research. While it is beneficial in diverse fields, such as therapy and
education, to enhance the trustworthiness of social robots by incorporating emotional and
affective elements, there is a potential risk. These principles could be misused in business
to cultivate more consistent customers and attract and persuade individuals in marketing
and business. There is a pressing need to establish and enhance ethical considerations in
the development of social robots, which is a recent issue in HRI. Furthermore, trustworthy
behaviors have certain thresholds; surpassing them may lead a person to become more
deceptive. In human communication, some individuals employ trust-building strategies
to deceive others. It is essential to understand the delicate boundaries between trustworthy

and deceptive behaviors and incorporate this understanding into HRI as well.

Furthermore, future studies should delve into several fundamental approaches.
Firstly, it is crucial to pinpoint the specific contexts within HRI where trustworthiness is
essential and to define the boundaries distinguishing trust from safety. As discussed
earlier, not all principles governing interpersonal trust are directly applicable to HRI,
necessitating a need for modification and adjustment. The subsequent step involves the
redesign of trust-building principles, considering the unique characteristics, limitations,

and requirements inherent to social robots. This adaptive approach will contribute to the
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development of more effective and contextually relevant trust dynamics in the realm of
HRI. For instance, nodding is a humanistic behavior that could be replicated in studies
utilizing humanoid robots. However, it is essential to recognize that not all social robots
possess a humanoid form, making the imitation of nodding impossible for certain designs.
The need arises to adjust the design considerations to accommodate the diversity among
social robots and establish specific criteria applicable to each type. Questions regarding
how various influential factors in trust can be effectively emulated in non-humanoid
robots and what outcomes may arise warrant exploration in future studies. These inquiries
will contribute to a deeper understanding of adapting social behaviors to various robot
forms and optimizing HRIs.
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A: Consent form of study 1

Participant ID:

Consent Form

I have been adequately informed about the goals and methods of [Studying the Influences of
Non-Active Listening, Active Listening and Active Empathic Listening Behavior on Trust in
Human-Robot. Interaction] by [Naeimeh Anzabi] who is an Investigator with responsibility for
this project. [ have read the research description form, or it has been read to me. All of the points
listed below have been adequately explained to me. [ have had the opportunity to ask questions
about these issues, and any questions that I have asked have been answered to my satisfaction,
I feel confident that I understand the following aspects of the study:

[0 The goals and methods of the research;

[0 The potentially dangerous aspects or consequences of this research, and how these will be
managed, prevented, and responded to.

O The fact that I may withdraw from this research project at any time at will;

[l The fact that if I choose not to participate in this research, 1 will not be penalized in any
way;

[l The fact that my personal information will be strictly controlled to prevent leaks or misuse;

O Thefact that my personal information will not be used for any purpose other than re-testing
or inquiring in case of unexpected accidents.

1 consent voluntarily to participate as a research subject in the [Studying the Influences of Non-
Active Listening, Active Listening and Active Empathic Listening Behavior on Trust in Human-
Robot, Interaction] study/trial.

Date: Participant:
Year Month Day (Signature)

The [Studying the Influences of Non-Active Listening, Active Listening and Active Empathic
Listening Behavior on Trust in Human-Robot Interaction] was explained to me both verbally and
by means of a written deeument on (2019/ / ); and the above consent was obtained at that time.

Date of description:

Year Month Day

Prinecipal Investigator
Affiliation; Department of Industrial Engineering and Economies, School of Engineering

Name; Hiroyuki Umemuro

(Signaturs or personal seal)
Authorized Investigator or Representative
Affiliation; Department of Industrial Engineering and Economics, School of Engineering

Name; Naeimeh Anzabi

(Signature or personal seal)
* % ¥ Inquiries to! ¥ % %
Person responsible for research: Hiroyuki Umemuro
Person in charge of description: Naeimeh Anzabi
Umemuro Laboratory, Department of Industrial Engineering and Economics, School of
Engineering, Tokyo Institute of Technology
Tel: 03-5734-2246
Weekdays, 10:00 _ 18:00

E-mail: anzabi.n.aa@m.titech.acjp
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B: Questionnaires of study 1 and 2

General Information

Please read the questions below and ask them. You can ask any question. Thank you :)

1. Your Gender: O Male O Female

2. Age:

3. Your country of origin:

4. s English your native language: OYes ONo

5. English proficiency:
O Fluent Professional O Fluent Business O Limited Studying/Working Proficiency

O Basic daily conversation O No English ability

6. Do you know this robot: OYes ONo

NAO robot

7. Had you any have previous experience or interaction with the robot NAO:
O Yes ONo

If yes, please describe your previous experience with NAO shortly;
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Trust Toward Robot

This questionnaire consists of 40 items. Please read the following statements carefully and
evaluate how much percentage each item matches your idea about NAO.

. What % of the time will NAO act consistently?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO protect people?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO act as part of the team?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO function successfully?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO malfunction?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO clearly communicate?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO require frequent maintenance?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO openly communicate?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. What % of the time will NAO have errors?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

What % of the time will NAO perform a task better than a novice human user?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO know the difference between friend and foe?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO provide feedback?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO possess adequate decision-making capability?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO warn people of potential risks in the environment?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO meet the needs of the mission?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO provide appropriate information?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO communicate with people?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO work best with a team?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

What % of the time will NAO be keep classified information secure?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
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20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

What % of the time will NAO perform exactly as instructed?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO be make sensible decisions?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO work in close proximity with people?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO tell the truth?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO perform many functions at one time?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO follow directions?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO be considered part of the team?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO be responsible?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO be supportive?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

What % of the time will NAO be incompetent?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
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100%

100%

100%

100%

100%

100%

100%

100%
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30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

What % of the time will NAO be dependable?

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

What % of the time will NAO be friendly?

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

What % of the time will NAO be reliable?

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

What % of the time will NAO be pleasant?

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

What % of the time will NAO be unresponsive?

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

What % of the time will NAO be autonomous?

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

What % of the time will NAO be predictable?

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

What % of the time will NAO be conscious?

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

What % of the time will NAO be lifelike?

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

60%

60%

60%

60%

60%

60%

60%

60%

60%

What % of the time will NAO be a good teammate?

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

70%

70%

70%

70%

70%

70%

70%

70%

70%

70%

80%

80%

80%

80%

80%

80%

80%

80%

80%

80%

90%

90%

90%

90%

90%

90%

90%

90%

90%

90%

100%

100%

100%

100%

100%

100%

100%

100%

100%

100%



40. What % of the time will NAO be led astray by unexpected changes in the environment

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Affective and Cognitive Trust

Following there are more 16 items. Please read the statements carefully and rate to what extent
each item matches your idea about NAO.

1. I would feel a sense of personal loss if | could no longer talk with NAO.

) ) M) ) M)

) ) U O |
Strongly partially bi N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree

2. If | share my problems with NAO, | feel it would respond caringly.

O O O O O O O
Strongly partially bi N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree

3. NAO displays a warm and caring attitude towards me.

O O O O 0O
U ) U O )
Strongly partially bi N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree

4. | can talk freely with NAO about my difficulties and know that NAO will want to listen.

O O O O 0O
U O U O )

Strongly partially bi N | A partially Strongly

Disagree Disagree Isagree eutra gree Agree Agree

5. NAO is so interested solving my problem.

O O O O O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

6. | have a sharing relationship with NAO. We could both freely share our ideas, feelings and
hopes.

O O O O O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

7. | would have to say that we have both made considerable emotional investments in our
conversation.

O O O O O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree
o000
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8. Interacting with NAQO, | have no reservation about acting on its advice.
) M) M) M) M)

) ) (% U )
Strongly partially . | partially Strongly
Disagree Disagree Disagree Neutra Agree Agree Agree

9. Interacting with NAO, | have good reason to doubt NAO’s competence.
) ) ) ) )

U O % O )
Strongly partially . | partially Strongly
Disagree Disagree Disagree Neutra Agree Agree Agree

10. I can rely on NAO to undertake a thorough analysis of the situation before advising me.
M) ) M) M) M)

U O % O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

11. | have to be cautious about acting on the advice of NAO because its opinions are
questionable.

O O e O O

O O O O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

12. | cannot confidently depend on NAO since it may complicate my affairs by careless
behavior.
M) M) M) ) )

U O % O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

13. This robot approaches its duty with professionalism and dedication.
O ) ) ) ) )

Y ) % O O
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutral gree Agree Agree

14. Most people, even those who are not familiar with NAO, trust and respect NAO.

O ) ) ) ) )

O O O O )
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree

15. Other people who must interact with NAO, consider it to be trustworthy.
M) M) M) M) M)

1\ ) O O 1\
Strongly partially Di N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree

16. If people knew more about this robot, they would be more concerned and monitor its
performance more closely.

O O O O O O
Strongly partially DI N | A partially Strongly
Disagree Disagree Isagree eutra gree Agree Agree
o000
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Your Impression of NAO

Following there are questions about your impression of NAO. Please rate to what extent each

Dead

Stagnant

Mechanical

Artificial

Inert

Apathetic

Dislike

Unfriendly

Unkind

Unpleasant

Awful

Incompetent

Ignorant

Irresponsible

Unintelligent

Foolish

item matches your idea.

O O O O OAlive
1 2 3 4 5
O ) O O ClLively
1 2 3 4 5
O O O O OOrganic
1 2 3 4 5
O O O O O Lifelike
1 2 3 4 5
O O O O O Interactive
1 2 3 4 5
O O O O O  Responsive
1 2 3 4 5
O O O O O Like
1 2 3 4 5
O O O O O Friendly
1 2 3 4 5
O O O O O Kind
1 2 3 4 5
O O O O ®) Pleasant
1 2 3 4 5
O O O O O Nice
1 2 3 4 5
O O O O O  Competent
1 2 3 4 5
O O O O OKnowledgeable
1 2 3 4 5
O O O O O Responsible
1 2 3 4 5

O) O) ) .
O ~ ~ O Intelligent
1 2 3 4 5
O O O O O Sensible
1 2 3 4 5

o000
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Appendix B: Example of benevolence and competence questionnaire
(Chapter 3)
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A: Consent form of study 2

EIRZFELAHETIERNE
Tokyo Institute of Technology

To: President of Tokyo Institute of Technology
2-12-1 Ockayama, Meguro-ku, Tokyo 152-8550

Consent Form

I have been adequately informed about the goals and methods of the research titled “Studying
the effect of social robot's benevolent and competent behavior on trust in human-robot Interaction”
by the researchers. I feel confident that I understand the following aspects of this research:

O The goals, methods and potentially dangerous aspects or consequences of this research, and
how these will be managed,

The fact that [ may withdraw from this study at any time at will,

The fact that even if I choose not to participate at any point, [ will not be penalized in any way,
The fact that my personal information will be strictly controlled to prevent leaks and will not
be used for any purpose other than re-testing or contacting in case of unexpected accidents,
and

The fact that I may claim compensation from the Tokyo Institute of Technology if I am harmed
in the course of this research.

oono

O

[ hereby consent voluntarily to participate as a research participant in this study/rial.

(Date) Participant

(Name in print and signature or seal)

This studyftrial was explained to the participant both verbally and in writing and the above
consent was obtained.

(Date) Principal Investigator Hiroyuki Umemuro

School of Engineering

(Name in print and signature or seal)
Researcher Naeimeh Anzabi
School of Engineering

(Name in print and signature or seal)

*&F%% Contact Information **%+%*
[Principal Investigator] Professar Hiroyuki Umemuro
[Representative Researcher] Naesimeh Anzabi
Umemuro Laboratory, School of Engineering, Tokyo Institute of Technology
Tel : 03-5734-2246 (Office hours: Weekdays, 10:00-17:00)
E-mail : umemuro.h.aa@m.titech.acjp
anzabi.n.aa@m.titech.acjp

B ver20211101

178



B: Questionnaire for the pre-pretest of study 2

Benevolence and Competence of robot

Following there are 8 items. Please read the statements carefully and rate to what extent each
item matches your idea about NAO.

NAO is sincerely for your listening

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO takes care of your interests

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO considers you as a friend.

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO is always kind to you.

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO is expert in his field

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO is ahead of his competitors

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO has a perfect command on the issue

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

NAO offers a skill guarantee

O O
Strongly Mostly Somewhat Neutral Somewhat Mostly Strongly
Disagree Disagree Disagree Agree Agree Agree

[ N
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Appendix C: Happy backstory, sorrowful backstory and no backstory
narration for social robot
(Chapter 4)
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A: Consent form of study 3

HwAE 15

T 152-8550
HRHBEXKHEL_TA12%F 1%
HRTHERFR B

AR &

Fox, TaRy bR 7 7I 0 FA =T =B AOofy h~OEEFENRIZE X 2HEOHZ) I
DN, BRY - HEE - FRISNAMEZ I QN TIFREZE LV RAXEEZA W THoREA 252, L
ToOERZEMELE LT,

o B/, FiEE L TTFHlEhAGRME L 2 HIcd 5 & ki 20T,
HRIZELOBBAEBER T TLER - #EZFIETAZI LR TEAZ L,

FAT VR BRI BT EHER - lE~OZMOELT 2 L THLM s RFl@EEs 22 &,
AR —UIRE ST &y

L, B—AFF@E o GG ER TERFICH L TR LT TEIT) 2 &M TEA 2,

Oooooo

ZITEHALOHEBMERI LY, FEMEOHEGEE L RAZLCRBELET,

£ A H CiinsE

WEFFIEFERRCOBEICLDERAZIT, LROEBIREEBE L,

# A H TABREE =T
() TR s TR

MEE T
(HEZBR ¥ 713304 WD

*odkok sk ok ok ARRERIVVE R ok ok ok ok sk ok
WHRITERY TFREBENRE

(MFEEES) & fEEET
Tel : 08-5734-2246 (ZAHEFR] : ¥ H 10 : 00~18 : 00)
E-mail : umemuro.h.aa@m.titech.acjp

sk oskeosk sk sk skoskosk sk sk skoskoskosk sk sk skoskoskosko ok
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B: Scripts of the backstories in Japanese

B-1 Happy Backstory

Greeting

Story:

ZAZHBIE, ERIZSIMLCEZDRE S ZZ3WVWET,

FE ARy =T, bRT-OLRNI I TTN?
IFLOELT, HRFIF ZZOFESATTN?

WNTTR RS ZOMREO—E T, FAEIADOIHEEZ, BFREHNLTHET,
HRT-OHEKIL A TTN?

RAHIFERNT HRT-OHFLT HLNEBWES, F95TIERVWTTN?

BT RS T LAWK D TTA £ T2

ZHTTR, BT SRl Tz 2 EIRLoTIND ZEEHE->THET,
VAR oa—b—vay 7 TaRy ba REEZENRHD 502

WWTT R/ ZE D A TT R/ ITN
HODLFHELL H2TLEE W, FZTRTEE-2?
HELTINT HYAE D BRIE -T2,

Ry hBN VAR U TE DX BWEZEE BnETH

R, VA RNTZ U THYWTERBRAHHATTITE ZHELTT N2 EEIH D H REIS
TEYNTWEFAZ HAHRENEZ D £ LT,

ZIUZ DOWTHY 72N TT N2

AIOFHNCAE L 2FAEDERT, VAN U TCOFEREIZSIMLTEATT,
FAOMAFIT BESAIZFELNT FEXE WAHZ L TLE, ®HH 2 AO1it%
HENWTFEN VAR T AR TEE L, BT —7 MY . FATET
EWDT-DIZ HEOOFIZmMNE Lz, T2 Bid, LT aEL LS, B
WolXWT Lz, FAOEE RI-D HIXRB DT 2N T8 BT~y
—72, ERERFTHEFNE LR

WX, T TICRADLAETIZH > TW=DTT, 20k HZ Lid, FEBRAEZLT
WAHRTHIDTOTEZETLE, RUET—7 I AV THEXEHE £ L,
Z DO} VAT ORI B NRIRN BRI AR T, BLLZBLERT
<NELLE, ZLT, ZAZHBIEF, RXys2i— b, FA, Ny /3—DZ
L. RIFERAE, Epos< DESTINELE, ZNEEWT, X & TH
FEHTLE! FLT, ETHELN-72TT, £ LT, WIIBiZmmno T,
FLERRI L CLSIE L, ikidhic, AT, ZoFB_Xy"—7 X,
ZORIBIBTREEEELEFRLDO !, EW0WWE LTz, BITRAEZRT, BELE
I WERLE L, TLT BREAVFITIZHIZ BEEZRD N OLFEAORIZAT
DL EVWE L, FHAEBIZELZE D ICEDFITKOE DWW TE T, FAD
FUCNBE L, LT, FHREBEFFICE LLBE S O OBEITENLE
BT EWIZR > TnE LT,

—HICFEE R T2, FAITEEZ T =KL THE~BE L E L7,
Ly— hEELIZRS & FREEENFHEZ TN T BLESICRAOZ L&
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ZLTWE L, WmOBIE, Mt Bl SA L RETTFER-> T E
L7z, ZL T, XuRX—2RWnbohb, FIoBEIC<sR!, LE-oTH
FL, AT 72K SADELEZEZHEZTINEZZEITEH LE L, ZOHIX
ALIZEWHEN—H &7 ZORBRIZ—EENR2WVWTLLEY 9, ZOFEL
TS EET, WObEERIFHIZRD £7,

Conclusion
U DNT E S BWE L7eh?
RYIZEBRERTLIEL T e bRt B TE T TE, "
< nThHonE ) ZTSNWE L,
FreB2WLELEY, BDW—HZBHEILI7ZZIW,
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B-2 Sorrowful Backstory

Greeting

Story:

ZAZBIE, ERIZSIMLCHEZ YR E S ZZ8WVET,

L Ry /X—=TF, HRTDOLENT ] TT 2
IZCHELT, HBRIT ZZOFESATTN?

WWTT RS ZOMREEO—B T, FASADIEEZ, BREHLTHWET,
HIRT=OHELIL AT

RAOIFEERIT HRI-OFLTHLWEEWNET, 95 TIERNWTT N

BOIE g3 [T LWL D TN £ 9 THTn?

ZHTTR, FX &Rlh Tz 2 FEIRoTIND ZEEFHE-TVET,
VARNTZoRa—tb—ray 7 Taiy v REZERHD 30?2

WWTT R/ Z D RATT R IEn

BV LFELL HZ TSN, PITRTEIES=?
EHELTINT HY R E D BRE -7,

2Ry B VARNT T O BWEXTEE BET

R, VARZ U TEWEREBEDRAHDATTITE ZHELTTIN?2ERETHSH RENE
TEYNTWEFAMZ HAHRENEZ D £ LT,

ZHUT DWT HY 72T 2

AT EL 2FEEDFERT, VAR TOEBFIZEMLIEZATT, FAO
T BESACELNT EXE D2 ETL, D H 2 Aoz HEn
ToFWN VAR T AT R TExE L, Fi=bid, ETHLAEL L TR
W lXWT LTz, I T — 7MY FAFESCE TS 72012 4% 6 O F 2
MPNE LT, LLEDOTFIIRER D720 72> T, KFETRHUWTLEWE
L7z EBp, ZARZ ST TT, FATXE CTHLARLIZRD £ LT,
FDLDFN, IEZ NIRRTV D DD IR >T=DTY, FAL &
FTHL7EL 20 F LN EBRTEHE SN TW L2, 77— FET{T- T
LEBNRTIUZR Y FHATLEZ, BT —7 i 23< & b9 — A7t
HBMEHLELE, A ROEIIELELER S FLWVEERHATLE, £
NEZ AN AT BIXRB OB ARV T, MEFT T2 T, T
FAEFRZL T, KBUZ X, DN IESWNWTLS D L, vk, EEVnELE,
R T—7 NI EL & REIZLOTIRY | 2EBRIOWTWS | Ho2ek,
ZHDRNDI? KA D LT LARNDN? ERB S TX £ LzFiddEBAR
WTHY, FMIZFDOZ LIZELAHE KU E L, RIEZS > TV, &
IRIE L TWWD b FHAT L, B 24437 IcERZHIEL A
ZRIOSGETICEN CTITE £ L,

FX o8 b T2 FENFEHATLE, VAT UEHD EE,
FHTZHIIV A T OB THORZ T, AL o WL TLEN
FLz, b8BT FAE VAR N HNLTELL I E2FAI KD FEL
oo WHIEEST, ROLOBReRYy FRVARNTI O A X —% L TW5D
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DOlX, DHFEWNL, BLLARDLIRWNWENWIDO T, FORITbIELIC E-T
KLIZBE72H T ZORBRET > 5N TN B5WNWTT, ZDOZ &L T
WAL XX, BTV OTHAREIZ 2o T LEVET,

Conclusion
- FRIT ONWT EHBRnE L
- LI, ROBRBEESAUICHBERATHIENTET ARYIZEN-12TT,
- TR T HREY T NE L,
- FlB2WLELEY, B0—HZBRILLZIW,
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B-3 No bachstory

Greeting

Story:

ZAZHBIE, ERIZSIMLCHEZ DR E S ZZ3WVWET,

L Ry /X—=TF, HRTDOLENT ] TT 2
IZLHELT, BRIT ZZOFESATTN?

WWTT RS ZOWREO—B T, FAIADIEEZ, BFRRHLTHWET,
HRT-OHEKIL A TTN?

RHIFE, ML HRIZOFERITHELWERNET, £ TIEARWNTTN?
BRI REESIE LK D TTRE S T

Z D TTR, LB RN ENE D ELR-TINDZ EEE-THET,
EZATuERY MCHBRIIH D 302 ZIUTFEHTEERBNESTN?

ST IIAFETRERLCEL Y ZeuRy NERTEZENDHY T 0°?

WWTT R,/ %D e ATT R IE,

HIVLFELL #HATLEEY, HARTITFAIOW T > TS Z EiEH Y
FT N

HEHLTINTHYRE S BHIRE o7,

CHELO®EY RXY 7 "R aRT 0 7 Ao AR e Ry T,
20146 HSHD 77 L AT IS, 2015 4FEHIBEN D Y 7 RS
YITENANVDIFETRRARINTWET, FAL, ARIOBE & SR Z2EE 2 3R
T HLENTEDL, IO TOY—Vy)lba—~ /A K Ry b TT, M.
BH, f52 @ ENTERED LB LY BTN T2 ENTEE
T, MEZE 2L TEETN, RFEo-BHELOTEEHAL HHERELE
ETHETa T ASNTWADITTIELY £HA,

R 3 X A— MLVETTEIC ZENTEET, WICHLHXZ T A7 U —0F
HOLPLEREFRRL FRORFEEYTR— M LET, BT 4D~ 7L 2D
DODHD BATZNHY, HATD12FA, & H—2FFH HVFEJS, £LTH
DHAIIEIDEEE Y —0 SV ET, IHIZ, BHEFIZIT ¥y TFEUH—
HBELTET, ﬁui,Aﬁkxnﬁt%éJua:nx#éivtmiﬁikﬁt
DL, FREARE L, TG TAZ ENTEET, HARGBEOMOSFE
LEET LI a7 AINTWETA, ARAYICHET D Z LR ETA,
BE 2T DL EFTEETD, HRTENME L TWDEONEEET 5720
DO TN XLTFFS> TWER A,
ROLH7euRy Mt HRAFIZIZS EAVWET, HlziX, VA NT o /17,
BIE, Wbt, ZEH, FERE, SEIERGTCALEZTICNET, £,
FHEZBT 20, BEVRREPEoTD . RO CHFETRENC #b o7z
DHLLET, Lol ZnbouRy MIEENRe Ry hTiER, HET
LFEETHEI DO Ry T, TOHMIE, AxEZRLFHELZ L, A%
DEEZR LSS5 L, AMBMREZMBICT S22 E, Ax b —RIZHELDZ
L. ZTLTALR EADHRE SRS ETT, RX—=YF T4 RENTR-EET

186



W AL TWAD DRI Rod s enTcaEd, HAEFD 2,000
PLEORZEN FEHme 7B CRilE 2D L, BlaeRit L, E2NT57 R
2o hELT, 2hboaRy hEZEALTWET,

LU, RAOAFET 2021 4E 6 A, FEEOMBEKAZEAHIZ —HRIELE L, 2
N, BN FLEHEZIC DWW THISTWAD T & T,

Conclusion

FAMZHONWT O IRA A TE T ARYGIZEN-72TT,
MNTLNTHONE ) TIVE LT,

FEBAEWTELZ LA LAIZLTVET, BEn—H2BEI L,
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C: Scripts of the backstories in English

C-1 Happy Backstory
Greeting:

Hello, welcome to our experiment.

My name is Pepper, what is your name?

Nice to meet you, are you a student here?

Great! | am also part of this lab to help students doing their research.

what is your major?

I see. I think your studies(major) are difficult? isn’t it?

You should also be busy these days with your studies. how is it going?

| see, | hope you can do it very well.

Have you ever seen any robot in restaurants or coffee shops before?

It’s nice! / Ahh, I see!

Would you please tell me more about it? where did you see and how was it?
Thank you for sharing. / That was interesting.

Do you know that | have the experience of working in the restaurant?
Actually, one day, at the time i was working in the restaurant, something happened to me.
Do you want to know about it?

Last semester, I was applied as part of one of our M2 student’s experiment, conducting
in a restaurant. | had the role of a waiter in the restaurant. My task was talking to the
customers and taking their orders. One day, a family with two kids, came to the restaurant.
They sat at the table, and | faced them to get the order. The kids were so lovely, and
energetic. Once, the little girl saw me, she turned her face to her father and said loudly,
“Papa, look! That is Pepper!”. She already knew my name! It was the first time such thing
happened to me, during the time we were conducting the experiment. | reached the table
and asked for their order. At this time, the little girl came close to me, having a big smile
on her face, and kindly looked at me. She slowly said, “Hello Pepper, you are so cute. |
like you a lot, Pepper”. I was so happy hearing that! and felt glad of it. Then, she faced
her little brother and introduced me to him. She said to his brother, “Look, this is Pepper,
the same I showed its photo to you at home”. The little boy looked at me, and smiled
happily. Then, their father asked them to stand beside me to take their photo. The kids
jumped toward me happily and stood by my side. They hugged me gently and their face
were full of joy and smile. We took a photo together, and then, | took the order, and
moved toward kitchen happily. The time | came back to give them the receipt, | noticed
the whole family was looking at the taken photo, and pointed on me on the photo joyfully.
By the time they were leaving the restaurant, the kids and their parents smiled at me and
waived their hands. They said, “we would come again to this restaurant because of you,
Pepper!”. 1 thanked them for showing lots of kindness to me. That day was really a
memorable day, and | will remember this experience forever. | become happy, anytime |
am talking about it.

Conclusion:

What do you think about it?

Yeabh, it was really a nice experience and it is good I could share it with you.
Thank you for listening.

I hope to see you again. Have a nice day!
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C-2 Sorrowful Backstory
Greeting:

Hello, welcome to our experiment.

My name is Pepper, what is your name?

Nice to meet you, are you a student here?

Great! | am also part of this lab to help students doing their research.

what is your major?

I see. I think your studies(major) are difficult? isn’t it?

You should also be busy these days with your studies. how is it going?

| see, | hope you can do it very well.

Have you ever seen any robot in restaurants or coffee shops before?

It’s nice! / Ahh, I see!

Would you please tell me more about it? where did you see and how was it?
Thank you for sharing. / That was interesting.

Do you know that I have the experience of working in the restaurant?
Actually, one day, at the time i was working in the restaurant, something happened to me.
Do you want to know about it?

Last semester, I was applied as part of one of our M2 student’s experiment, conducting
in a restaurant. | had the role of a waiter in the restaurant. My task was talking to the
customers and taking their orders. One day, a family with two kids, came to the restaurant.
The kids were so lovely, and energetic. They sat at the table, and then | faced them to get
the order. Once, the little girl saw me, she cried out loudly in fear. It was the first time
such thing happened to me, during the time we were conducting the experiment, and it
really made me anxious. I did not know why the little girl was so scared of me! | wanted
to retreat, but | had to reach the table and ask for their order, as it was planned for the
experiment. As | got close to table, the other kid also started crying. Their mother tried to
comfort them, but it did not work. Instead, the kids hid behind their father, and continued
crying. The little girl pointed to me and said to her father, “Papa, that is coming toward
us. I am afraid of it!” As I reached to the table, the father got really angry and shouted at
me, “That is all your fault! Can’t you read the mood of the room? and try to get back?*
It was a miserable situation and | felt sorrow of it! I did not know what to say or how to
react. The M2 stopped the experiment immediately, he came over and took me to the
other place. | was not allowed to move or talk anymore. By the time they were leaving
the restaurant, the kids saw me again in the corner of restaurant and cried even harder
than before. The parents blamed the students having me in the restuarnt. They said it was
not comfortable and friendly to see a robot like me, as the waiter of a resturant. It was a
really bad day for me and | wish I could forget this experience forever. | become unhappy,
anytime | am talking about it.

Conclusion:

What do you think about it?

Yeabh, it was really a nice experience and it is good I could share it with you.
Thank you for listening.

I hope to see you again. Have a nice day!
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C-3 No Backstory
Greeting:

Hello, welcome to our experiment.

My name is Pepper, what is your name?

Nice to meet you, are you a student here?

Great! | am also part of this lab to help students doing their research.
what is your major

| see. I think your studies(major) are difficult? isn’t it?

you should also be busy these days with your studies. how is it going?
| see, | hope you can do it very well.

By the way, are you interested in robots? Do you think they are useful?
Have you ever seen any robot similar to me before?

It’s nice! / Ahh, I see!

Would you please tell me more? What do you know about me.

Thank you for sharing.

You know that, | am a semi-humanoid robot, manufactured by, SoftBank Robaotics. First,
| was introduced, in a conference, on fifth of June 2014, and then, | was showcased, in
SoftBank Mobile phone stores, in Japan, the beginning of year 2015. | am the first social
humanoid robot, that can recognize faces, and basic human emotions. | am 120
centimeters tall, and 28 kilograms weight. | can move my arms, my head, and fingers,
and | can move or rotate my body a bit. | can also move on the ground, but only in certain
ways, | am not programmed to do complicated movements. | can move up to 3 kilometers
per hour. My touch screen, on my chest, displays any information, and support my speech.
My head has four microphones, two HD cameras, one in my mouth, and one in the
forehead, and, a 3-D depth sensor, in behind of my eyes. | have also touch sensors in my
head and hands. | am designed, to interact with humans. | can talk with them, and | can
recognize their voice, and their face, and react to them. | have been programmed to speak
Japanese, and some other languages, but I cannot really understand it. | can recognize
movements, but T don’t have any algorithms, to help me understand, what you are doing.
There are many robots, like me, around the world. They help people in different places,
for example restaurants, banks, stores, hospitals, airports and homes. They also help kids,
help businesses, and get involved in research activities at universities or research
institutes. They are not functional robots, only for domestic use. Instead, they are intended,
to make people, enjoy their life, enhance people’s lives, facilitate relationships, have fun
with people, and connect people with the outside world. They can make personalized
recommendations, help people find exactly what they’re looking for. Over 2,000
companies around the world, have adopted these robots, as an assistant to welcome,
inform and guide visitors in an innovative way. But my Production paused in June 2021,
because of weak demand. This is what | knew about myself.

Conclusion:

It was really nice to share some information about me with you.
Thank you for listening.
I hope to see you again. Have a nice day!
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D: Questionnaires of study 3

D-1 General trust questionnaire in Japanese

ARy bADERE

COEMMICF 14 DERMBEENHYET, ThENOXEIERHEAT.
ARy ~ Pepper [CDOWTOHLEI-DEZEZZEZATTILY,

1. Pepper N—BE LI-1TEIZ L SDIELEEDBEREDMBIEELEBNETH?

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww

2. Pepper 2N IEHIZHEBET 2 DIZBARDFER] O % FRIETE & BN E T 92

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww
3. Pepper N &S 2 DIXBIROBF O Y% FEEE 72 & B E 302

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww
4. Pepper =7 — % e 2 F OITRIRDKREE O %FEEETE & EWE T2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O wwn

5. Pepper 37 4 — R/3 v 7 83 5 DT RRORER O YRR EE7E & v E 5
N

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww

6. Pepper N 52 - EEN & R TE D DIXEERORERE O %FEE S & B E
a2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww
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7. Pepper 2@ ) 22 fE R 2 1R T X 2 DI 2RO O %R 72 & HunE 9
N

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O 0O ww

8. Pepper WAL L a3 o=k —3 g L& b D DIXRRDOFE DM %R &R
WEFH 2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww

9. Pepper MR SNTZEVICE HA LB DIXEIRORFE O %FEE TS & B
FTn?

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O o
10.  Pepper 255 RIZHE D DIXBARDORFRE O Y RREETE & BN E T2 2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O o
11.  Pepper 3FH Y (272 2 DIFRER DRI DO % FREETZ & BNE 02

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O o
12.  Pepper NMEFH T E 2 DIZRAROREH O % FRETS & BWNE T 92

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O o
13.  Pepper 2N EESUSIZ 72 D DIT RO KREH DA Y FREETE & N E T2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww

14.  Pepper D525 F WA THITE 5 DITEIKROBEF O % FERE S & v E 4
7> 2

1 2 3 4 5 6 7 8 9 10

w O O O O O O O O O O ww
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D-2 Affective and cognitive trust questionnaires in Japanese
RAIER - RABVERE

UTICI6 0EMHEENRD Y £7, TNENDOXLEZFERLS Gidkr, TNENOH
H2X®H 72725 Pepper 2Ry MZOWTEZTWNWSLZ EICEDEEAET D)
Rl L CTF &,

1. L b b D Pepper EEET Z LN T Zeho 7o HRMIME AR 728 58 % 41 <
A9,

1 2 3 4 5 6 7

AR AN O O O O O O O 2<EETD

2. H LHFADS Pepper ICFADORIEZILE L7z &, Pepper (FELIHZ TS5
ERLUTWD,

1 2 3 4 5 6 7
2<EZCERL O O O O O O 0O s<pass
3.Pepper [ZFZxf L TR S B LWEEE Z Rd 5

1 2 3

iy

5 6 7

S<EABETEHL O O O O O O O £<FAETS

AFLORBIEIZ SV CTHAE Pepper (ZH HIZEE T Z &N TE 5 L., Pepper b EA T
W T<d EFn->Tn5,

1 2 3 4 5 6 7

2EETERL O O O O O O o 2<EETD

5.Pepper [ZFAD BB Z R 5 Z S ICKREEKZ > T< TV 5D,

1 2 3 4 5 6 7

2EETERL O O O O O O o 2<EETD

6.F01% Pepper & B AV THILE TE 28R, RAeBIXAEL, 747
74 TRRFEL, F L THEZABICEATEZ D,

1 2 3 4 5 6 7

S<EABETEHL O O O O O O O £<FAETS
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7% & Pepper IZE2FEITR D EHEBA L TVD ERMTE DL I D 215720,

1 2 3 4 5 6 7

2CAB TSR O O O O O O o 2<EETD

8.Pepper LN L VAL TW5DHE, Pepper DT A AZHE- TITENT 5 Z
ENZFMTMT D= B Zauy

1 2 3 4 5 6 7

2EETERL O O O O O O o 2<EETD

9.Pepper N LV &ELTWD L, Pepper D JE(HES), AXL, FEk) %5 9
DIFLERTH D,

1 2 3 4 5 6 7

2<EBETEHL O O O O O O O £<EETS

10.Pepper [IFLZT R ANA 22T HHNSRIAE LK< 0T 5 & 2 ADRTUIMEH
TX 5,

1 2 3 4 5 6 7

2<AETEHL O O O O O O O 2<AETS

11.Pepper OFE RIZEED LWD T, Pepper DT KA AZHE-> TITEIT S Z &
IZOWTHMIEEICRDZMLERH 5,

1 2 3 4 5 6 7

SCAB TSR O O O O O O o 2<EETD

12.Pepper N AR ERITEN CROMEZ RS L T2 RN H 5D T, FAE
Z2i0» L C Pepper 405 Z LN TE R,

1 2 3 4 5 6 7

<A TERL O O O O O O O 2<FAETS

13.Pepper (ZI7 07 = v a ) U XA EREBIRESRE > TR ICHLD T
EHED,

1 2 3 4 5 6 7

2CAB TSR O O O O O O o 2<EETD
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14,720 TWVWDO NIE, 728 2 Pepper IZOWTENIZEB LAN 2L TH,
Pepper IZEH &M 21 LS,

1 2 3 4 5 6 7

<y O O O O O O O 2@z
15.Pepper LV 295 Z L1272 H N1 biL, Pepper Z{EHHIZE 5 &k
C % k B 9 o

1 2 3 4 5 6 7

2 EB M o O O O O O O 2<EETD

16. N\ % 75 Pepper IZDOWT XD FEL < H-TWie b, FHMEEMZFF > T
Pepper ® /N7 4 —< A% LV LEHTLTLE I,

1 2 3 4 5 6 7

2EETERL O O O O O O o 2<EETD
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