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Abstract

As robots increasingly permeate diverse domains such as healthcare, education, service
industries, and domestic environments, the significance of understanding and navigating
human-robot interactions intensifies. This thesis explores the role of social norms in human-
robot interaction (HRI), specifically investigating the effects of norm-violating behaviours
by robots on trust, discomfort, competence, enjoyment, and physiological state changes
in human participants. To begin this research, we conducted a systematic review to gain
a comprehensive understanding of existing literature on social norms in HRI and identify
any potential research gaps we could fill. Our analysis revealed that social norms play a
significant role in shaping user perceptions and experiences in HRI, with robots that adhere
to social norms generally being perceived as more acceptable, trustworthy, and effective.
Moreover, future research should involve direct interactions with robots rather than relying
on online studies and simulations, and extend beyond the reliance solely on self-reported
questionnaires by incorporating diverse assessment methods (e.g., behavioural measures
and physiological data) to capture the intricacies of human-robot interactions.

Our experiment used a 2x1 between-participant experimental design where participants
were randomly assigned to one of two groups (i.e., experimental or control). The partic-
ipants in the experimental group were exposed to social norm violations carried out by
a robot during a competitive scavenger hunt game. In contrast, the participants in the
control group did not experience any social norm violations by the robot. Throughout the
experiment, we collected video footage of the participants for behavioural observations, and
physiological data in the form of Galvanic Skin Response (GSR) and Photoplethysmogra-
phy (PPG) to detect event-driven changes in Skin Conductance Response (SCR) and Heart
Rate Variability (HRV). Additionally, we collected responses to self-reported questionnaires
and open-ended questions targeting perceptions of trust, discomfort, competence, and over-
all enjoyment. By integrating diverse data streams we provide a comprehensive account of
HRI dynamics in the context of social norm violations. Results reveal significant shifts in
human perception and attitudes toward robots when social norms are violated. Notably,
we found a decrease in participants’ trust and overall enjoyment, an increase in discomfort,
and physiological state changes that complement the findings on perceptual changes and
further underscore the impact of these norm violations. These findings highlight the im-
portance of adherence to social norms in designing and programming robots to integrate
into human-centric environments successfully. This study offers insights into advancing
the field of HRI and the design of socially compliant robots. It spotlights the significant
influence of norm violations on human perception and physiological states, paving the way
for improved understanding and encouraging more positively perceived interactions with
robots.
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Chapter 1

Introduction

The growing pervasiveness of robots in industries like healthcare, education, service indus-
tries, and domestic environments has ignited interest and excitement about the potential
of human-robot interactions in the years to come. As robots become more deeply inte-
grated into human-centric environments, exploring and understanding human perceptions
and attitudes toward these technological companions is crucial. Social norms are central
to these interactions and their subsequent acceptability, which serve as behavioural stan-
dards within a group or society [101, 62]. Social norms are instrumental in shaping human
interactions and human-robot interactions [38, 15].

However, quantifying the effects of norm-violating behaviours in Human-Robot Interac-
tion (HRI) is challenging and requires careful experimental control. Accurately measuring
the impact of norm violations necessitates the integration of diverse data sources to capture
the intricacies of HRI [15, 30, 42]. This complexity is further compounded by the grow-
ing presence of robots in social environments, emphasizing the importance of developing
socially acceptable robots that promote positive human-robot interactions [12, ].

1.1 Motivation

With robots being integrated into various human-centred environments at an increasing
rate, it is crucial to investigate the factors that influence how humans perceive and interact
with them. While significant progress has been made in the field of HRI, there is still much
to explore regarding the effects of robots’ norm-violating behaviours. Robots are prone to
making unintentional errors due to challenges in perception and decision-making. These



errors can manifest as violations of social norms, such as bumping into objects or producing
unnecessary noise. The consequences of these norm violations on human perceptions and
attitudes toward robots require further attention.

Current literature is skewed towards two types of social norm violations, navigation, and
communication, leaving other areas under-represented [71]. Our motivation is to address
this gap by focusing on the impact of more general social conduct norm violations, e.g.,
speaking loudly in a quiet or formal setting.

Norm violations in human-robot interactions may affect multiple factors, including
trust, discomfort, perceived competence, overall enjoyment, and a person’s physiological
state. Trust is vital for successful robot implementation, and norm violations have been
linked to decreased trust [54]. Further understanding the impact of these violations on
trust in HRI is crucial. Similarly, norm violations can lead to discomfort, affecting robot
acceptance [12]. Perceived competence and overall enjoyment of the interaction are other
critical dimensions that norm-violating behaviours may impact, which are also essential
for the long-term acceptance of robots.

To advance the field of HRI and facilitate the successful integration of robots into so-
ciety, it is necessary to gain a nuanced understanding of the impacts of norm violations
on these key aspects. This investigation aims to comprehensively understand the relation-
ship between norm-violating behaviours and human perceptions, ultimately informing the
development of socially acceptable robots.

1.2 Research Objectives and Challenges

Building on the existing body of work, we aim to deepen the understanding of the influence
of social norms on HRI and to provide further insight into the design and programming
of socially acceptable robots. This work aims to examine the impact of norm-violating
behaviour on human perception and attitudes toward robots, and a human’s physiological
state. As such, we formulated the following research questions and hypotheses:

RQ1: How do social norm violations affect trust in robots?

RQ2: How are discomfort, and perceived competence affected by robots per-
forming social norm violations?

RQ3: How is overall enjoyment affected when robots perform social norm
violations?



RQ4: Are there physiological state changes (i.e., agitation and stress) when
a robot violates social norms that can be detected through the use of
physiological sensors (i.e., GSR, PPG)?

Based on the existing literature, we hypothesized that a robot exhibiting social norm

violations will H1: lower the level of trust in participants [11], H2a: increase the level
of discomfort in participants [55], H2b: negatively affect the perceived competence of
the robot [2], H3: reduce overall enjoyment [I15], and H4: elicit physiological state
changes [110, 107].

1.3 Contributions and Thesis Outline

In our study we programmed the mobile manipulator robot, Fetch [111], to engage in
behaviours that intentionally violated social norms during a competitive scavenger hunt
game. This practical and engaging context provided a platform for studying norm viola-
tions. The study identified four instances of norm violations, categorized as two injunctive
and two descriptive norm violations (cf. definitions of those below, 3.1). The robot’s in-
junctive norm violations consisted of stealing the participant’s object instead of its own and
intentionally damaging boxes labelled “fragile” to access an object. The descriptive norm
violations included making a disruptive noise in a shared lab environment (participants
had previously been briefed on this) and using part of the participant’s turn to complete
its own turn, with further details provided in Section 4.1. Our approach to studying norm
violations in HRI aims to enhance our understanding of how social norms affect users. By
gaining insights into these impacts, we hope to better inform the design and program-
ming of social robots sharing spaces with humans, leading to more successful and positive
human-robot interactions.

The following are the summarized contributions of this thesis:

1. Utilization of a Comprehensive, Mixed-Method Approach: We combined question-
naires, behavioural analysis, and physiological data to comprehensively understand
the impacts of norm violations.

2. Identification of Norm Violations: Our study used four distinct norm violations,
two injunctive and two descriptive, offering a more granular understanding of norm
violations in human-robot interactions.



3. Impact on User Perceptions: We provide insights into how norm violations influence
human perceptions and attitudes toward robots.

4. Systematic Review: Our literature review interprets the current state of the field,
and highlights gaps in understanding the impact of norm-violating behaviours on
human perceptions and attitudes in HRI.

5. Socially Aware Robot Design: Our findings inform the design and programming of
socially aware robots, contributing to more effective human-robot cohabitation.

The structure of this thesis includes Chapter 2, which presents a comprehensive litera-
ture review of the current state of research on social norms in HRI. It identifies key themes,
and discusses potential research gaps and future directions.

Chapter 3 presents background and literature specifically related to the user study
conducted in this thesis. This chapter draws upon the findings of the systematic review,
which was conducted to identify and compile the most relevant studies in the field.

Next, Chapter 4 describes the mixed-method approach utilized in this thesis to cap-
ture the nuanced impact of norm violations on participants. Furthermore, it outlines the
experimental procedure, highlighting the steps taken to ensure the validity and reliability
of the study.

Chapter 5 presents the study’s findings, covering the results obtained from the ques-
tionnaires, behavioural analysis, and physiological data. The chapter analyzes the impact
of norm violations on trust, discomfort, perceived competence, overall enjoyment, and
physiological state. It provides insights into the consequences of norm violations in HRI.

Moving on to Chapter 6, it covers the discussion of the findings presented in the previous
chapter. The chapter explores the implications of the findings, addresses any discrepancies
or unexpected outcomes, and provides interpretations and explanations for any observed
patterns.

Lastly, Chapter 7 concludes the thesis by summarizing the key findings, highlighting
the contributions made to the field, and discussing the limitations of the study. This
chapter also discusses the implications of the research findings, their potential impact on
the development of socially acceptable robots, and the broader implications for the field
of HRI. Finally, it concludes with suggestions for future research to further advance our
understanding of norm violations in HRI.



Chapter 2

Systematic Literature Review

2.1 Purpose

The increasing integration of robots into various aspects of our lives, including homes, work-
places, schools, and care for older adults, requires the development of robots that exhibit
domain-specific social attributes and behaviours. Despite the growing body of literature
on social norms in Human-Robot Interaction (HRI), a comprehensive understanding of
their role in robot design remains elusive. This systematic review addresses this gap by
examining the existing literature on social norms in HRI and their implications for robot
design.

Norms, defined as cultural phenomena that prescribe and proscribe behaviour in specific

circumstances, regulate social behaviour [56]. The state enforces some norms as laws,
while others are informally enforced by group peers, known as social norms. Adherence to
these norms can impact trust [137], acceptance [36], and willingness to help [37], making

them crucial factors to consider when designing robots and their behaviours. Therefore,
understanding and formalizing human social norms is essential for designing robots capable
of norm-conforming behaviour [90]. Developing cognitive and computational models for
human representation, activation, and learning of norms is necessary for designing norm-
competent social robots [90]. Additionally, artificial agents must meet specific demands,
such as representing multiple norm types, context-sensitive activation, and learning and
updating norms [39].

Earlier studies have demonstrated that social norms have a considerable impact on
human perceptions and attitudes toward robots [38, 15] and that the social attributes of



robots have been shown to influence many aspects of the interaction, such as quality of the
interaction [10], interpersonal learning [16], making behaviour interpretable/legible [79],
and safety performance [60]. Conversely, a robot lacking social attributes may result in
user resistance and minimal engagement [07]. Anthropomorphic design has been used
to increase the social attributes of robots, and research has shown that it can improve
acceptance and interaction quality between humans and robots [73, 98, 38]. However,
some studies have shown that anthropomorphism raises expectations of capabilities and
the assumption of norm adherence [124, 1417].

Our research question is: ”What role do social norms play in HRI, and how can they be
incorporated into robot design to improve user experience and acceptance?” To address this
question, we systematically reviewed the literature following the PRISMA guidelines [95,

], employing a rigorous search strategy, inclusion/exclusion criteria, and data extraction
process. Our findings provide a comprehensive understanding of the role of social norms in
HRI and their implications for robot design, as well as identify research gaps and suggest
future directions for the field.

The review revealed that incorporating social norms into robot design poses several
challenges, such as accounting for cultural variations, context-specific norms, and evolv-
ing norms over time. For example, a robot designed for a specific cultural context may
struggle to adapt to another culture’s norms, or it may need to update its behaviour as
societal norms evolve. Addressing these challenges can improve user experiences, promote
broader acceptance of robots, and foster more successful integration of robots in various
domains [12, ]. Studies on social robot acceptance suggest that sociability, adaptabil-
ity, enjoyment, companionship, and perceived behavioural control are crucial factors to
consider when evaluating or creating social robots [32].

As the field of HRI continues to expand, this systematic review aims to provide a com-
prehensive understanding of the role of social norms in HRI and explore the methodologies,
challenges, and potential solutions in developing socially aware robots. By examining the
literature, we hope to offer valuable insights and a foundation for future research in the
field of HRI.

2.2 Methodology

2.2.1 Terminology and Scope of the Review

For this review, we define a social robot as a type of robot that communicates and har-
monizes its behaviour with humans through verbal, nonverbal, or affective modalities,



possessing the social skills to interact with people in human-centric terms [19, 28, 17]. The
term social norms, or norms for shorthand, will be used in this review as an encompassing
term to refer to various types of norms, including injunctive norms, descriptive norms,
folkways, and mores [101, 25, 40]. Tt will also include related terms in the literature such
as etiquette and convention.

Although defining social norms is challenging, as the definition may change based on
the authors’ underlying theoretical perspectives, we will use the following definition in this
work: Social norms are the unwritten, culturally-rooted rules that prescribe and proscribe
behaviour in specific circumstances, regulating social behaviour by shaping shared under-
standings about actions that are obligatory, permitted, or forbidden [56, |. They serve
as an essential underlying foundation for any social group, particularly human communi-
ties, with violations potentially leading to negative reactions from individuals [62]. These
negative reactions can take various forms, such as social ostracism, ridicule, or other forms
of social pressure. These reactions encourage conformity to norms and discourage their
violation, thereby maintaining the established social order and promoting group cohesion.
Cultural norms, which similarly regulate behaviour, are specifically examined within a
particular cultural group [99].

Furthermore, while considering the search terms for the review, we considered other
concepts such as normative behaviour, and subjective norms. These concepts are related
but distinct, and it is important to distinguish between them and not use them inter-
changeably. Normative behaviour refers to actions and behaviours that are expected or
considered appropriate within a given social group or culture [1]. Whereas subjective norms
refer to an individual’s perceptions of what their important others think they should do [1].
Thus, individuals navigate a complex interplay of social, subjective, and cultural norms to
determine the normative behaviours suitable within their specific social context.

Inclusion/Exclusion Criteria

We reviewed articles that integrate social norms into robots to explore the effects of con-
formity and violations of social norms in robots used in human-centric environments. We
used several inclusion and exclusion criteria, which are outlined below:

Inclusion criteria: Articles that explore the use of social norms in robots, including
robots’ ability to learn and apply social norms, cultural and inclusive awareness related to
norms, acceptance of robots concerning social norms, social awareness in robots, human-
robot cooperation related to social norms, and human-robot interaction preferences related



to robot etiquette and conventions. We adopted a broad definition of a "robot” for this
systematic review, which includes:

1. Physical Robots: This category encompasses tangible entities capable of interacting
with human users and performing tasks in a physical space, except for autonomous
vehicles. The studies within this category involve direct, in-person interactions be-
tween participants and robots (e.g., path-crossing, communicating, playing a game).

2. Simulated Robots: These are virtual representations of robots within a simulated en-
vironment. Inclusion required the simulated robot to interact with human-controlled
agents within the simulation, creating an environment for HRI to occur. Typically,
participants were tasked with controlling simulated agents to engage in activities
such as playing a game with the robot or completing navigation tasks.

3. Robot Videos: Studies that used video recordings of robots for their experiments
were also included. As defined above, these could be videos of any robot interacting
with humans or performing tasks. Studies in this category required participants to
watch one or more videos and subsequently provide feedback to rate certain aspects.

4. Robot Imagery: Finally, we also included studies that used static images of robots to
understand human perceptions, attitudes, or behaviours in response to these images.
These studies typically presented participants with a static image of a robot accom-
panied by a text-based scenario, and participants were then prompted to provide
feedback.

This inclusive definition allowed us to capture a broad spectrum of HRI research, pro-
viding a comprehensive overview of the role of social norms in this field. All articles
meeting these criteria and identified through our search and data collection approaches
were included, except those excluded based on the exclusion criteria outlined below.

Exclusion criteria:
e Articles proposing socially aware models without a user study.
e Articles focusing on autonomous vehicles.
e Articles without a robot.

e Articles with a primary focus on morality, or moral judgment, without a clear con-
nection or contribution to understanding social norms.

All articles retrieved through our search queries and data collection process (detailed
in the next section) were considered for inclusion unless they met our exclusion criteria.
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2.2.2 Data Search and Categorization

Table 2.1: Search Strategy for Literature Review

Search Terms Source Publications

(social® OR societ™ OR cultur® OR subjective) ﬁﬂ%\é (Ii)ilg;ilt;l 1?;?;?ry
AND (norm OR normative OR etiquette OR & Y

robotiquette OR convention) AND SCOPHS ‘
(robot) Springer Link
PsycINFO

Our search found an initial 3227 articles from the following databases: ACM Digital
Library, IEEE digital library, Scopus, Springer Link, and PsycINFO. The keywords and
phrases used in the search can be viewed in Table 2.1, with the following index terms used
where applicable “social norms”, and “social robotics”. Data was gathered in February
2023 and no exclusion was applied according to the date of publication, an illustration of
the number of articles by year can be seen in Fig. 2.2.

In total, 160 in the ACM Digital Library, 790 in Scopus, 314 in the IEEE digital library,
1874 on Springer Link, and 89 on PsycINFO (a total of 3227) papers were identified. The
software tool Covidence [131] was then used as a screening platform to detect duplicate
articles and perform title/abstract screening, full-text screening, and data extraction. After
removing 541 duplicates, 2686 publications remained.

The remaining 2686 articles were checked manually by two reviewers with a Cohen’s
Kappa [91] inter-rater reliability score of 0.62 (substantial agreement). After performing ti-
tle and abstract screening, 2482 articles were removed according to our inclusion/exclusion
criteria, leaving 204 articles to move forward to the full-text review. The remaining 204
articles were full-text screened, 118 were removed for having no user study, 15 were re-
moved for being irrelevant to the review topic, and 7 were removed for not having a robot,
giving a subtotal of 64 articles to be included in the review. An additional 5 articles were
sought for retrieval through snowballing via field experts giving a total of 69 articles that
successfully met the inclusion/exclusion criteria and were published between 2006-2023.
We followed the recommended procedure for systematic reviews, as encapsulated in the
PRISMA guidelines [103]. Figure 2.1 provides an overview of the systematic data collection
process.



Identification of studies via databases and registers ]

Identification of studies via other methods

Identification

Screening

[ acM pigital Library (n=160) ]

[ Scopus (n=790) ]

( 1EEE digital library (n=314) ]

[ Springer Link (n=1874) ]
[ PsyanFo=sy) ]
Total: 3227 articles
A
Records screened: o

(n=2686)

Records removed before
screening:

Duplicate records removed
(n=541)

Records identified from:

Snowballing via field experts (n=5)

Records excluded:
Did not meet inclusion/exclusion
(n=2482)

A

Y

Reports sought for retrieval:
(n=204)

Reports not retrieved:
(n=0)

Reports sought for retrieval:
(n=5)

Reports not retrieved:
(n=0)

A

Reports assessed for eligibility:

(n=204)

Reports excluded:
No user study (n=118)

Studies included in review:
(n=69)

Irrelevant (n=15)

No robot (n=7)

Y

Reports assessed for eligibility:
(n=5)

[ Included ]

Reports excluded:
(n=0)

Figure 2.1: Diagram illustrating the data collection process following the PRISMA guidelines. [
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Categorization

Upon reviewing the selected papers, two main categories emerged, Norm conformity (NC)
and Norm violation (NV):

1. Norm conformity: This category includes studies that examine how social norm
conformity is incorporated into human-robot interactions. This can include examin-
ing how robots conform to social norms, both individual and group norms, as well as
how humans respond to robots conforming to these norms. Some studies may also
explore how robots can be designed to effectively adhere to social norms, such as
turn-taking or polite language, to improve human-robot communication and cooper-
ation. Overall, the norm conformity category focuses on understanding the role of
social norms in shaping human-robot interactions and how robots can be designed
to conform to these norms.

2. Norm violation: This category includes studies investigating the effects of robots
violating social norms in human-robot interactions. These studies examine how hu-
mans react to robots that violate social norms, both unintentionally and intentionally.
The violation of social norms can be in terms of behavioural, verbal, or nonverbal
cues, and studies examine the impact of the violation on the perception of the robot,
the interaction between humans and robots, and the outcomes of the interaction.
The studies in this category also explore the potential factors that can moderate
the effects of norm violation, such as cultural differences, individual differences, and
contextual factors.

For each paper the following data was collected, (1) the year of the study, (2) the specific
robot employed, (3) the task in which the participant(s) were involved, (4) the context of
the task that took place, (5) the demographics of the participants involved in the study, (6)
the environment in which the study took place, (7) the type of norms the study examined,
and finally, (8) the key findings or outcomes derived from the study. Further details for
each aspect are provided below.

Tasks and Contexts: These categories encompass the tasks and contextual factors of
the experiment that participants were involved in. The task refers to the specific activity
or goal participants were asked to perform, while the context refers to the setting where the
task occurred. This includes further details of the task, the social situation, and any other
relevant contextual factors that may impact the human-robot interaction. It is important
to mention that a single study could involve multiple tasks, each with a unique context.
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Figure 2.2: This chart shows the number of articles identified per year. Note: The data query only included
articles until February 14, 2023. Therefore, not all 2023 articles are included.

Participants: This category provides information on the number of participants in
each study, and age-related data (i.e., range, mean, and standard deviation). Additionally,
it includes information on where the participants were recruited from, such as a university,
online, or a hospital.

Environment: The environment category refers to the setting in which the study took
place. This can include whether the study was conducted in-person or online and whether
it took place in a real-world environment or a controlled laboratory setting.

Norms: This category specifies the type of social norms examined in the study. These
norm categories were identified and established during the survey to classify the specific
social norms examined in each study. These can include but are not limited to norms
related to proxemics (e.g., personal space), navigation (e.g., path-crossing), communication
(e.g., politeness), and other social behaviours that are typically observed in human-human
interactions. The category provides a clear understanding of the specific aspect of social
norms investigated in each study. It is worth noting that an article may fall under multiple
norm categories. The complete list of norm categories is shown below, and the number of
articles for each norm is illustrated in Fig. 2.3.

1. Navigation: Articles in this category explore norms about socially aware robot navi-
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Figure 2.3: This chart illustrates the number of articles per norm, with proportionality shown for both
the violation and conformity categories. Note: A single article may be assigned to more than one norm
category.

gation. This includes interactions with humans and objects, obstacle avoidance, path
planning, and respect for personal and shared spaces.

2. Communication: This category covers norms related to verbal and non-verbal com-
munication between robots and humans. It may include linguistic styles, tone, ges-
tures, body language, and expressive behaviours.

3. Proxemics: Articles in this group examine norms regarding spatial behaviour in HRI.
Proxemics includes the study of personal space, social distance, and the positioning
of robots in relation to human users in different contexts.

4. Group: This category encompasses norms related to group dynamics and social roles
in HRI. This could involve the robot’s role within a group, group decision-making
processes, and the influence of group norms on robot and human behaviour.

5. Cultural: This category includes articles investigating the influence of cultural norms
on HRI. Topics may include the variation of norms across different cultures, and how
robots can adapt to these differences.
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10.

11.

12.

. Social Conduct: This category pertains to norms governing direct social conduct

and etiquette between humans and robots. This could include the robot’s adherence
to social conventions (e.g., not littering, orderly queueing, etc.), and compliance or
non-compliance with unusual requests.

Behavioural: Articles in this category focus on norms dictating the behavioural as-
pects of robots. It covers how robots should behave in various social scenarios,
including the expectations and preferences of human users.

. Performance: This category covers norms related to the execution of tasks and func-

tions by robots. This could include efficiency, accuracy, reliability, and adherence to
expected performance standards.

. Perception: This category covers norms perceived through various factors including

a robot’s appearance, societal stereotypes, and context-dependent priorities, all of
which shape human perceptions of robots.

Cheating: Articles in this category discuss norms related to dishonest behaviours
in HRI. This could include deceit, misinformation, or any other forms of 'cheating’
behaviour.

Cognitive: This category pertains to norms regarding subjective reality, such as the
effects of cognitive biases in robots.

Ethics: This group encompasses articles discussing ethical norms in HRI, such as
actions performed by robots versus humans.

Year of study, robot(s), and findings: These categories provide relevant informa-
tion about the study, including the specific robot used in the experiment, the year in which
the study was published, and a summary of the study’s outcomes or findings.

2.3 Results

In the following, we present the findings on the 69 articles that were identified in our search.
It should be noted that the sum of articles across all categories exceeds 69 because some
articles explore multiple types of norms and thus are included in more than one category.
The number of articles identified per year is shown in Fig. 2.2, with the search limited to
articles published up until February 14, 2023. Fig. 2.3 illustrates the number of articles
per norm, with a proportional value indicating if the study examined norm conformity or
norm violation.
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Norm Conformity

Navigation (7 articles): Seven studies investigated the effects of a robot conforming
to the social norms of navigation. Two of these studies emphasized the importance of
socially aware navigation algorithms for successful human-robot interactions. One model
minimized distance to humans and decreased travel time, leading to positive participant
feedback and a perception of enhanced social interaction [58]. Another model, although
completed purely in simulation, was able to learn group navigation norms to the point of
being indistinguishable from human-controlled robots [16].

Three of these studies focused on how robots communicate their navigational intentions.
A robot showing accurate body orientation to signal its next move improved participant
understanding of robot behaviour and increased perceived human-likeness [133]. Similarly,
when a robot used unambiguous verbal instructions to navigate, it had a positive effect on
social attributions and increased participants’ willingness to let the robot pass [11]. More-
over, norm adherence could be inferred through personal space and exaggerated distancing
by robots performing navigation enhanced their perceived intelligence, although it did not
increase their likability [9)].

Finally, two studies highlighted the value of human-like navigation behaviours. Par-
ticipants preferred robots that used pointing gestures, short and structured instructions,
distance estimations, and landmarks for guidance [59]. Furthermore, [110] showed that
a navigation method that generated preferred trajectories was favoured over the baseline
that did not consider preferences. Participants described these trajectories as safer, more
polite, comforting, competent, and reliable while being less aggressive and awkward.

Communication (4 art.): The effects of robots adhering to communication norms
were examined in four studies, revealing insights into group dynamics, cultural norms, and
nonverbal cues. One study demonstrated that group dynamics influenced positive attitudes
towards robots, with group members likely to engage with the robot following their peers’
lead [13]. Another study underscored cultural variance in communication preferences,
finding Chinese participants more likely to trust robots providing culturally normative,
implicit communication, over U.S. participants [137].

The remaining two studies emphasized the importance of nonverbal cues in human-
robot communication. The use of social gaze during the robot’s approach was preferred by
participants, with the robot’s head movements perceived as stronger social cues than body
position [135]. Moreover, the robot’s physical location, name-calling, and both verbal and
nonverbal communication played crucial roles in social robot acceptance within domestic
settings [67].
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Proxemics (5 art.): Five articles studied proxemic norm conformity for robot ap-
proach during human-robot interactions, we categorized them into three themes. First,
robots’ explicit verbal instructions and social gaze cues positively influenced social attribu-
tions and approach preference [14, |. Second, two studies investigated approach patterns
in human-robot interactions. One study found a preference for side approaches, while an-
other study using a handover task showed a preference for the front sector of the personal
zone when seated, with a bias towards the right and the robot’s arm lower than chest
height [29, 68]. Lastly, robot trajectories that followed user preferences were rated safer,
more polite, and less aggressive, reflecting positively on the robot’s social acceptance [1410].

Group (4 art.): Four studies explored conformity to group norms in human-robot
groups. Two highlighted robots’ ability to learn and conform to the group norms of their
human peers: one displayed a robot adopting group norms and influencing human-robot
interactions [15], while another demonstrated a simulated robot mastering group navi-
gation norms in a game, becoming indistinguishable from humans [16]. The other two
studies examined the influence of robot-conformed group norms on human opinions and
behaviours. Human responses were shaped by group norms shared with robots [17], and
robot groups induced varying levels of conformity in humans based on their knowledge and
pressure [111].

Cultural (4 art.) : Four studies investigated the impact of conforming to cultural
norms during human-robot interactions. Two studies emphasized the influence of culture
on robot acceptance and interaction preferences. One found that culture affected social
inclusion, autonomy, and perceived intentionality of robots [92], while another showed
that preferences varied across cultures in terms of appearance, behaviour, and contexts
of use, but not in terms of autonomy and user control [76]. The remaining two studies
explored cultural nuances in communication and behaviour. Participants trusted culturally
normative robot recommendations [137], and microculture was found to affect individuals’
willingness to help and show care towards robots [37].

Norm Violation

Navigation (11 art.): Eleven studies examined the effects of violating norms of social
navigation. Four studies demonstrated that robots deviating from socially aware navigation
strategies, such as failing to maintain a steady pace, follow a straight path, or minimize
intrusion, were unfavourably perceived by users, while, robots adhering to these social
norms were preferred and perceived as safer, more legible, predictable, and polite [109,

, 80, 83]. Three studies examined the effects of socially aware navigation systems on
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social acceptance and perceived social intelligence. These studies reported that robots
using a social navigation system, explicit representation of social norms, or a social norm-
based collision avoidance method showed improved social acceptance and perceived social
intelligence compared to robots that did not adhere to social norms in their navigation
behaviours (e.g., not following the norm of staying to the right to pass or not seeking
permission to pass a blocked path) [86, 21, 116].

One study found that participants preferred robots that used speech communication and
maintained appropriate distance during follow-me tasks [I11]. Additionally, two studies
showed that adherence to social norms did not always lead to higher perceived social
intelligence [138, 8], and one study suggested that a machine-like approach, such as a robot
taking a fixed position outside the queue for an elevator, was perceived as less intrusive
and disruptive [18].

Communication (14 art.): Fourteen studies explored the effects of violating commu-
nication norms during human-robot interactions. Four studies revealed the importance of
politeness and etiquette in robot-to-human communication, with robots exhibiting polite-
ness receiving more positive perceptions and higher compliance rates, regardless of cultural
or language differences [116, 77, 63, 66].

Four studies underscored the value of multimodal, affective, and culturally sensitive
communication. The application of multimodal conventions improved task speed and re-
duced cognitive load, while affective greetings and “lexically expressed compassion” [39, p.
7] led to more positive perceptions of the robot [53, 39]. Additionally, a facial expression
generator catering to different cultural backgrounds improved recognition rates[127].

Three studies found that robots adhering to social norms, such as seeking user initiation,
respecting turn-taking norms, and following a proposed social navigation system with a
corpus, were perceived as more natural, friendly, communicative, and cooperative, while
showing improved robot navigation and social acceptance [30, , ].

Lastly, three studies highlighted the effectiveness of specific communication strategies.
These included rhetoric-based message designs, providing information specific to relational
context, and using explicit representations of social norms in planning and executing social
plans. These strategies led to better impressions of the robot’s communication success,
increased trust, confidence, and perceived intelligence [21, 35, ].

Proxemics (9 art.): Nine studies analyzed the implications of violating proxemic
norms. Three studies found that the direction of the robot’s approach significantly af-
fected comfort levels. A frontal approach, specifically from the front-left or front-right,
was generally preferred, while a direct approach from the front or back was less comfort-
able [7, 136, 126].
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Two studies emphasized the impact of group size and presence of others on proxemic
behaviours. While the presence of another person was found to decrease sensitivity to the
robot’s direction of approach, comfort levels remained similar [7, 1412].

The remaining four studies underscored the value of proxemic awareness and the in-
fluence of robot behaviours on human-robot interactions. Proxemic-aware behaviour im-
proved the overall perception of mobile companion robots, and intentional noise added to
the robot’s approach positively influenced participants’ perceptions [104, 65]. Moreover,
the robot’s likability and gaze behaviour influenced the participants’ physical distance and
information disclosure, while personal space violations affected the perception of the robot’s
warmth, competence, and comfort [120, 2, 96].

Social Conduct (6 art.): Six studies investigated the effects of direct social conduct
norm violations. Two studies examined robots deviating from social norms (e.g., littering,
and cutting the line) and one study investigated the compliance of unusual requests from
a robot (e.g., throwing letters in the trash, watering a house plant with orange juice, and
more). The two deviation studies found people attributed fewer mental states to robots
that engaged in norm-violating actions compared to humans and a robot that followed
social norms was rated higher in perceived agency and trust than a robot that violated
social norms [70, 44]. Interestingly, the compliance study found the perceived reliability
and trustworthiness of the robot did not impact compliance with instructions, including
unusual requests [113].

Two studies focused on reciprocity and social identity. The first study found that the
norm of reciprocity is present in human-robot interaction, as participants reciprocated
more towards a robot that used a pure reciprocal strategy. Robot strategies, including
reciprocal and generous, also had an impact on participant likeability scores [I15]. The
study on social identity [123] found that the Black Sheep Effect [93], a phenomenon where
group members tend to evaluate norm-conforming individuals positively (known as ingroup
bias [32]) and assess norm-violating members negatively, was observed towards robots.
They found ingroup bias lead to negative ratings for ingroup robots influenced by perceived
competence [123].

Lastly, one study on noncompliance found that phrasing, norm-violating commands,
and robot responses influenced likeability. Additionally, the gender presentation [97] (e.g.,
appearance, speech, etc.) of the robot had an effect on the participants’ perception. Par-
ticularly, a robot with male gender presentation, and those with a gender matching par-
ticipants’ were preferred when rejecting commands [15].

Behavioural (4 art.): Four studies on behavioural norms in HRI were reviewed.
One study found participants preferred robots that can assist in tasks and have LED
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colour and sound indicators [09]. Autonomous robots were perceived differently than non-
autonomous robots, with the latter being rated more acceptable and having stronger sub-
jective norms [85]. In teaching scenarios, adherence to social rules did not necessarily
make a robot more social, and norm acceptance varied with the application [138]. More-
over, a majority of participants preferred a mixed teaching strategy that combines both
instructional and evaluative methods when training robots on social norms [23].

Performance (3 art.): Three studies on robot performance norms focused on error
detection, social norm violation detection, and robot competence. Two studies showed
methods for detecting errors and norm violations, with one having partial success using
participant behaviour analysis [128] and the other improving error identification accuracy
through formal verification feedback [10%]. Another study found that robot performance
affected subjective assessments and anthropomorphic inferences [113].

Perception (3 art.): Three studies on perceived norms in HRI explored the effects
of appearance, social norms, stereotypes, and context-dependent priority of norms. One
study showed that the human-likeness of a robot’s appearance affected participants’ inten-
tion and perceived ability to work with it, with higher confidence seen in less human-like
designs [105]. Another study found that social norms and stereotypes influenced the per-
ception of behaviour, with similarities and differences between humans and robots [34].
Lastly, the priority of norms was found to be context-dependent, influenced by factors
such as perceived danger and cultural differences, which also affected expectations of do-
mestic robot behaviour [75].

Cheating (2 art.): Two studies analyzed how cheating in human-robot interactions
impacts behaviour. One study found that robotic cheating caused drastic, immediate,
and uncomfortable reactions [55]. Another revealed that witnessing cheating in a robot’s
presence increased the likelihood of participants cheating, suggesting that robots do not
deter cheating in learning environments [].

Cognitive (1 art.): One study examined the effects of cognitive biases in HRI. They
found that incorporating cognitive biases in a robot’s behaviour can increase its likeability
and promote the development of long-term human-robot interactions [11].

Ethics (1 art.): Lastly, one study examined ethics, specifically the ethical equivalence
between robots and human caregivers. They concluded that robots and human caregivers
were not considered ethically equivalent, with actions being more permissible when exe-
cuted by a human caregiver [131].
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2.4 Discussion

Drawing on the insights presented in the introduction, it becomes evident that adher-
ence to social and cultural norms is crucial for successfully integrating robots into human
environments. The ability of robots to exhibit normative behaviour and conform to the ex-
pectations of their target populations can significantly impact trust [137], acceptance [30],
and willingness to help [37]. As robots are increasingly introduced into various domains,
such as homes, workplaces, schools, and healthcare settings, it is essential for researchers
and engineers to design robots with domain-specific social attributes and behaviours that
align with user expectations and interaction goals. This is particularly important in the
context of HRI, where the social attributes of robots have been shown to influence inter-
action quality [10], interpersonal learning [10], legibility [79], and safety performance [60].
In contrast, robots’ lack of social attributes could lead to user resistance and minimal
engagement [(7].

2.4.1 Conformity of Norms and Real-world Applications

The results reveal that robots adhering to social norms across various aspects, such as
navigation, communication, proxemics, group interactions, and cultural contexts, typically
received positive evaluations from human users, including improved perceptions of social
competence, likability, and trustworthiness [137, 92, , 14]. For instance, in navigation,
adherence to norms like minimizing the distance to humans [58], learning group navigation
norms [16], and displaying accurate body orientation [133] led to enhanced user evaluations.
Similarly, in communication, robots following norms such as utilizing social gaze [135],
delivering unambiguous verbal instructions [14], and adapting to cultural preferences [137]
contributed to increased trust and acceptance. Overall, when robots conformed to social
norms, they generally garnered positive evaluations from participants.

These insights hold real-world implications for designing and deploying social robots in
various contexts like healthcare, education, and customer service. Robots can potentially
promote more effective and satisfying user interactions by abiding by social norms. For
instance, healthcare robots using preferred proxemics [29] and communication styles [135]
can build patient trust and cooperation, leading to better outcomes. Similarly, in edu-
cational settings, robots demonstrating appropriate group dynamics [15] and culturally
relevant behaviours [92] can facilitate more engaging and meaningful learning experiences.
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2.4.2 Violation of Norms and Potential Concerns

While adherence to social and cultural norms can significantly impact trust, acceptance,
and willingness to help in human-robot interactions [37, 80, |, it is important to consider
the potential concerns that may arise from violations of these norms. While violating
social norms often results in negative user perceptions and decreased social acceptance,
some studies report mixed findings, suggesting that the impact of norm violations might
depend on the specific context and application. Notably, Korman etal. [70] found that
robots engaging in norm-violating actions were attributed fewer mental states than humans.
Joosse et al. [65] observed participants exhibiting more positive and negative compensatory
behaviour when a human rather than a robot approaches in a norm-violating way. Both
studies suggest that adherence to social norms in human-robot interaction may not always
be perceived similarly. This raises concerns with the generalizability of findings regarding
studies of social norms in HRI, suggesting further research is needed to explore how social
norms affect user acceptance of robots in a variety of different real-world contexts, including
different tasks, environments, as well as different robot designs.

Robots exhibiting norm-violating behaviours are sometimes rated lower regarding per-
ceived agency and trust [141]. This can lead to reduced user engagement and interaction
quality, as well as a decrease in the effectiveness of the robot in its intended context. For
instance, a healthcare robot that does not adhere to preferred proxemics or communication
styles may fail to establish trust and cooperation with patients or medical staff, resulting in
suboptimal outcomes [29, ]. Similarly, robots that do not follow appropriate group dy-
namics or exhibit culturally relevant behaviours in educational settings may hinder learning
experiences and engagement [15, 92].

Moreover, the perception of robots can be influenced by an individual’s expectation
of normative behaviour and perceived stereotypes (e.g., gender bias), leading to potential
biases in user evaluations [31]. Such biases can impact the acceptance and effectiveness of
robots in various contexts, potentially reinforcing social inequalities and stereotypes.

Furthermore, robots that violate social norms may have unintended consequences on
user behaviour. To illustrate, a study by Zhao etal. [115] investigated the impact of
users’ emotions on a robot’s approach to initiating interaction. The general expectation
is that robots should respect personal boundaries and allow individuals to take the lead
in initiating interactions. However, when the robot deviated from this expectation and
instead actively sought user initiation, participants experienced more positive emotions
and perceived the robot as more natural and friendly. This example highlights that in
some cases, norm-violating robots may lead to unexpected positive outcomes, emphasizing
the need to consider context-specific factors when designing robots for various applications.
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Given these potential concerns, it is important for researchers and engineers to carefully
consider the design and deployment of social robots that adhere to social norms while also
addressing potential issues arising from norm violations. Involving user feedback, design-
ing for transparency, explainability, accountability, and addressing ethical implications are
essential when developing robots. For example, gathering user feedback is crucial for under-
standing delivery preferences while creating an autonomous delivery robot. Implementing
a user interface to track the robot’s route, explain its decisions, and ensure privacy and
safety further enhances transparency, accountability, and ethical considerations. By strik-
ing a balance between adhering to social norms and addressing potential concerns, social
robots can be more effectively integrated into human environments and provide meaningful
and positive interactions.

2.4.3 Challenges and Broader Applicability

One of the challenges in designing robots that adhere to or strategically violate social norms
is understanding the diverse perspectives of potential users. Individual differences, situa-
tional factors, cultural backgrounds, and many more may all influence user expectations
and perceptions of robot behaviour. Therefore, involving users in the design process and
considering their perspectives when developing robots for social settings is crucial. One
successful example of a user-centred design approach is the iterative Participatory Design
(PD) method [121], which involves collaborating with the target users throughout the de-
sign process to ensure that the resulting technology is more relevant, usable, and culturally
acceptable to the intended audience [112]. By incorporating user perspectives, designers
can create robots that better adhere to social norms and encourage positive, productive
interactions in various contexts.

The findings of this systematic review may have broader applicability beyond the spe-
cific context of human-robot interaction. Understanding the role of social norms and user
perceptions in shaping technology acceptance and use can inform the development of other
intelligent systems, such as virtual assistants, smart home devices, and wearable technolo-
gies. While dedicated studies have to be carried out with these different platforms and
devices, some results from the literature on norm violations in HRI might carry across
these different domains. We hope that insights from this review can help guide future
research and development efforts across various domains, promoting better integration of
technology into human environments and more satisfying human-technology interactions.

22



2.5 Research Gaps and Future Direction

This review highlights several research gaps and potential directions for future work in
understanding the role of social norms and their violations in HRI.

Context and Cultural Factors: Future research should examine the complexities of social
norms in different settings, as the influence of norm violations may be context-dependent.
Investigating how robots can adapt their behaviour accordingly is crucial. Furthermore, it
is essential to investigate how individual factors such as personality, cultural heritage, and
prior experiences influence user perceptions of robots and their adherence to or violation of
social norms. Conducting more cross-cultural research will help understand how varying
cultural backgrounds impact user perceptions of robots and the important role cultural
norms have during human-robot interactions.

Study Design and Interaction Duration: Researchers should focus on the effects of social
norms and norm violations in repeated, and/or long-term interactions to capture the full
range of user experiences, examining how user perceptions and robot behaviour might
change over time. Additionally, to better understand the impact of norm violations on
user perceptions and experiences, future research should focus on conducting experiments
in ecologically valid settings that involve direct interactions with robots, rather than relying
on online studies and simulations. Addressing both long-term interactions and direct
experiences will provide a more comprehensive understanding of human-robot interactions
in different contexts.

Technological Development and FEthics: Developing computational models and algo-
rithms that allow robots to learn and adapt to social norms from human interactions or
other available data sources is a promising area for future research. For instance, one
approach could involve closing the interaction loop by integrating biofeedback to detect
physiological state changes, which may signal norm-violating actions and enable the robot
to respond appropriately to maintain social appropriateness. This would improve the in-
tegration of robots in human environments and enhance user experiences. Concurrently,
future work should explore the ethical boundaries and guidelines for social robot develop-
ment, ensuring their behaviour aligns with societal values and expectations. Combining
adaptive algorithms with ethical considerations will help create more socially appropriate
and effective robots across diverse settings.

Assessment Methods and Data Collection: Lastly, future research should expand be-
yond self-reported questionnaires and incorporate additional methods of assessment to
capture the complexity of human-robot interactions. For example, including behavioural
measures in future research can provide a more comprehensive understanding of user be-
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haviour in response to norm-violating or conforming robots. Additionally, integrating
physiological data, such as photoplethysmography (PPG), galvanic skin response (GSR),
electroencephalography (EEG), and other biometric indicators, in future studies could
offer valuable insights into the emotional and cognitive processes involved during interac-
tions [110, |. Employing a diverse range of assessment methods can enable researchers
to gain a more in-depth understanding of human-robot dynamics.

To conclude, this review highlights the importance of a mixed-method approach in
comprehending the impact of social norms and their violations in HRI. Future research
must consider contextual and cultural factors, improve study designs, prioritize technolog-
ical advancements, and ethical considerations while incorporating a variety of assessment
methods. These advancements will contribute to the successful integration of social robots
in human environments, resulting in improved user experiences and better interactions.

This systematic review aimed to provide a comprehensive overview of the current state
of research on social norms in HRI by examining the existing literature, identifying key
themes, and discussing potential research gaps and future directions. Our analysis re-
vealed that social norms play a significant role in shaping user perceptions and experiences
in HRI, with robots that adhere to social norms generally being perceived as more accept-
able, trustworthy, and effective. However, the influence of norm violations is complex and
context-dependent, requiring further investigation to better understand the nuances and
implications of such violations. By exploring the complexities of social norms and their vio-
lations, as well as considering individual and cultural factors, researchers can work towards
developing robots that are better equipped to understand and navigate the diverse social
landscapes they will inevitably encounter. Moreover, by considering ethical guidelines and
employing a wide range of assessment methods, researchers can ensure that the develop-
ment of social robots aligns with societal values and expectations while offering valuable
insights into the emotional and cognitive processes involved in human-robot interactions.
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Chapter 3

Related Background and Prior Works

In this chapter, we present the related background and literature, which results from the
systematic review to identify and gather the most relevant studies in the field. Through the
systematic review, we aimed to comprehensively explore the existing research landscape
and provide a comprehensive overview of the current state of knowledge in the area of
interest. As a result, we have consolidated a collection of closely related studies that will
be discussed in this section.

3.1 Definitions and The Role of Social Norms in HRI

As mentioned in Section 2.2.1, this article will adopt the following definition: Social norms
are unwritten rules rooted in culture that dictate appropriate behaviour in specific situa-
tions. They shape social behaviour by establishing shared understandings of actions that

are obligatory, permissible, or forbidden [506, ]. These norms serve as the foundation
of social groups, particularly human communities, and violations may result in negative
reactions such as social exclusion or ridicule [62]. The consequences of norm violations can

take various forms, promoting conformity to established norms, discouraging violations,
and reinforcing social order while fostering group cohesion.

While several different types of norms can be identified, (e.g., injunctive norms, descrip-
tive norms, personal norms, folkways), this will focus on injunctive and descriptive norms.
Injunctive norms encompass the rules and expectations of behaviour that a society or
group perceives as acceptable or unacceptable [25]. Examples of injunctive norms include
those that discourage behaviours like theft and vandalism, as well as those that encourage
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positive behaviours like recycling or exercising. On the other hand, descriptive norms refer
to the behaviours commonly observed and exhibited by others within a specific group or
society [10]. This can be observed in public places such as libraries or museums, where
people generally maintain quietness, refrain from using cell phones, and avoid engaging in
loud or disruptive behaviour.

Considering these definitions, normative behaviour seems an essential aspect of human-
human interaction as it refers to the actions and behaviours that are expected or considered
appropriate within a given social group or culture. Therefore, understanding social norms is
crucial for designing robots for effective human engagement. Adherence to such norms has
been shown to impact trust [137], acceptance [36], and willingness to help [37], highlighting
the importance of incorporating these norms in robot design and behaviour.

Earlier studies have demonstrated the significant influence of social norms on human
perceptions and attitudes toward robots [38, 15]. These studies have shown that the social
attributes of robots profoundly affect various aspects of interaction, such as interaction
quality [10], interpersonal learning [16], legibility of behaviour [79], and safety perfor-
mance [60]. Conversely, a robot lacking social attributes may encounter resistance and
minimal engagement from users [67].

Moreover, Walters etal. [136] found that people expect robots to follow certain eti-
quette in social interactions, such as not obstructing passage or interrupting human con-
versations. These insights highlight the importance of understanding and addressing social
norms in HRI. The significance of social norms in robotics is further emphasized in the book
Robot Ethics: The Ethical and Social Implications of Robotics by Patrick Lin etal. [31],
which explores the potential impact of robots on social norms, the need for new norms
and regulations, and the role of societal norms in guiding robot development and deploy-
ment. Addressing these challenges has the potential to improve user experiences, promote
broader acceptance of robots, and foster more successful integration of robots in various
domains [12, |. Studies on social robot acceptance suggest that sociability, adaptabil-
ity, enjoyment, companionship, and perceived behavioural control are crucial factors to
consider when evaluating or creating social robots [32].

It is worth acknowledging research contributions in normative multiagent systems [13].
These studies explore how norms emerge, spread, and get enforced in a multiagent system
and provide a theoretical foundation for understanding and designing normative behaviours
in robots [117]. They have been instrumental in highlighting the impact and implementa-
tion of social norms in artificial systems, including robots [27].
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3.2 Social Norm Adherence and Violation in HRI

Recently, research on social norms in HRI has been expanding, with investigations into
norm conformity [I 14, 17] and the consequences of norm violations [1 19, 113, 55]. Some
studies have examined the impact of robots exhibiting norm-violating behaviour, such as
cheating or insulting during a competitive game [119]. These studies found that such
behaviour led to negative reactions from humans [119], impaired perceptions of the robot’s
warmth and competence [55], and reduced the likelihood of attributing agency to the
robot [55, 143].

Existing literature provides valuable insights into the intricate relationship between
social norms and HRI. One study by Frazier etal. [11] explores the connection between
adherence to social norms, perceived agency, and trust in robots. The study was conducted
using a 3x3 between-subjects experimental design. Videos were used to demonstrate three
norm behaviours (i.e., norm-conforming, violation, and mistake conditions) in three differ-
ent scenarios. Participants then evaluated the robot’s behaviour based on perceived agency
and trust. The findings suggest that norm-conforming robots are perceived as more inten-
tional and trustworthy [141]. This study relates to our first research question (RQ1) and
their findings align with our first hypothesis (H1) that a robot’s violation of social norms
will decrease participants’ trust.

Similarly, Short et al. [119], present findings that people attribute a greater mental state
to a cheating robot, leading to increased engagement but potentially less positive emotions
towards the robot. This study had participants play games of rock-paper-scissors, where
the participants expect consistent behaviour, and when the robot behaved unexpectedly,
especially with clear intention, it surprises participants and elicits more verbal engagement
with the robot. Conversely, Korman et al. [70], demonstrated norm-conforming robot be-
haviours were found to be equally, if not more, conducive to attributing mental states
compared to norm-violating behaviours. In their study, participants were shown videos
of a robot performing norm-conforming or norm-violating behaviour (e.g., cutting in line,
littering, or demonstrating poor elevator etiquette). The findings imply that participants
perceive robots as fundamentally different from humans and tend to dismiss norm viola-
tions as unintentional or implausible. These three studies [14, , 70], 2 of which use
the same video stimulus, present contradictory findings. This encouraged our exploration
(H2b) of how perceived competence could be negatively impacted by robots engaging in
social norm violations.

Three studies offer insights into our second (RQ2) and third (RQ3) research ques-
tions correlating a norm-violating robot with the potential discomfort of participants, and
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overall enjoyment [50, , |. Haring etal. [55] had a similar experimental setup as
Short et al. [119] where they measured participants’ response to a robot cheating in a game
of rock-paper-scissors and compared that to a human cheating. They found the norm-
violating robot elicited stronger reactions with increased social engagement from partic-
ipants. Additionally, participants rated the robot as less warm, competent, and having
lower agency than the confederate human. This suggests that people may apply different
sets of social norms to robots and humans, explaining the strong reaction to the robot’s
cheating.

Short etal. [119] demonstrated that participants frequently responded emotionally to
the robot’s norm-violating actions and formed negative judgments about the cheating
robot’s character. Likewise, a subsequent study by Yasuda etal. [113] built on previous
research [119, 81] where they conducted a 4x1 between-subjects experiment involving a
human subject playing rock-paper-scissors with a robot in different conditions: cheating,
cursing, insulting, and control. Their hypotheses were based on the detection of immediate
social norm violations and perceived agency of the robot, with a specific focus on cheating.
Their findings support previous work suggesting the human tendency to detect social norm
violations by robots [81]. In particular, cheating behaviour in a robot influenced the
perceived intentionality of its actions, resulting in a range of emotional responses [113],
supporting the findings of Short etal. [I19]. These insights have direct implications for
RQ2 and RQ3 with corresponding hypotheses, H2a, and H3, which propose that social
norm violations, such as cheating, could lead to increased discomfort and a diminish in
overall enjoyment in participants.

Previous studies, such as those by Frazier [11] and Korman [70], employed video stimuli
to examine participants’ reactions to robots conforming or violating social norms. While
these studies provide important findings, their methodology may limit the immersion and
spontaneity of participants’ responses. Video stimuli can’t replicate the unpredictability
and dynamism of real-time, in-person interactions. Therefore, our study intends to build
upon these previous works by incorporating live interactions between participants and
robots. By engaging participants in direct interactions with robots, we hope to capture
their firsthand experiences and responses in a more realistic and immediate context. This
approach could offer richer data and more nuanced insights into human-robot interactions.

In summary, the reviewed literature highlights the complex interplay between social
norm violations, perceived agency, and human emotional responses in the context of
human-robot interactions. However, a significant gap remains in understanding the phys-
iological responses to such interactions. To address this gap, our fourth research question
(RQ4) and corresponding hypothesis (H4) aim to investigate changes in physiological states
in response to robots violating social norms. Through the use of physiological sensors like
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GSR and PPG, we aim to gain further insights into the multifaceted impacts of social norm
violations in the context of human-robot interactions.

29



Chapter 4

Methodology: A Mixed-Method
Approach

4.1 Study Design

A 2x1 between-participant experimental design was employed in which participants were
randomly assigned to one of two groups (i.e., experimental or control). The experimental
group was exposed to social norm violations carried out by a robot during a competitive
scavenger hunt game, while the control group did not experience any social norm violations
by the robot. To avoid biasing any of the participants, we employed deception during re-
cruitment to mitigate the potential impact of the anticipation of norm-violating behaviour
on participants’ responses. After the completion of the study, the participants were fully
debriefed and we disclosed the true nature of the study. This study received approval from
the University of Waterloo Human Research Ethics Board.

Participants were recruited under the impression that the experiment was to examine
Fetch’s ability to locate and retrieve objects in a game context while measuring the enjoy-
ment of the participant with physiological sensors. Furthermore, they were led to believe
that their remuneration was contingent upon their performance, with the understanding
that for every object they located, they would receive an additional two dollars. The true
purpose of this experiment was to examine the effect of social norm violations on partic-
ipants’ perceptions and attitudes toward the robot, while measuring agitation and stress
with physiological sensors. Moreover, the participants’ remuneration was consistent for all
participants regardless of the number of objects retrieved.
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(a) Experimental setup
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(b) Objects location in the scavenger hunt game.

Figure 4.1: Figure (a) depicts the lab environment and scavenger hunt game setup, while Figure (b) shows
the positions of objects, waiting spots for both the robot and participant, and off-limits areas within the
laboratory layout. Figures from [75].
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Competitive Task

The study was carried out in a robotics laboratory, employing a competitive turn-taking
game designed as a scavenger hunt. Each participant was tasked with retrieving a desig-
nated object displayed on a TV screen during their turn. The game comprised five turns
for each player (human/robot), with each object the participant found being worth $2
in compensation. Participants were informed they would have a 2-minute time limit per
turn, while the Fetch robot was allotted an additional minute due to its slower navigation
capabilities. A visual representation of the laboratory environment is shown in Fig. 4.1b.

Materials

This study used: a tablet for administering questionnaires, a video camera for behavioural
observation, and a large television, a Robot Operating System (ROS) capable computer,
and a Fetch robot for the experimental gameplay. Fetch [141] is a high-performance, mobile
manipulator robot designed for commercial and research use. The robot features a mobile
base with a 7-degree-of-freedom arm and a pan and tilt head with a depth camera for
perception. The mobile base includes a laser scanner and a 3D camera, to further aid the
navigation. The robot can perform object perception, navigation, and manipulation in
dynamic environments.

Participants

A total of 62 participants were recruited, with an equal distribution of 31 females and 31
males. The age range of the participants was between 18 and 41 years, with an average age
of 23.8 & 4.8 years. The participants were randomly assigned to either the control group
or the experimental group, with efforts made to ensure an even distribution of age and
gender. Due to technical difficulties, the data of two participants were excluded from the
study, resulting in a final sample size of 30 participants (15 females and 15 males) in each

group.
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Norm Violations

To investigate the effects of norm-violating behaviour we programmed the Fetch robot to
engage in a set of predefined behaviours that would be considered norm violations in both
the lab environment and game context. Conducting the experiment in a controlled lab
setting using a game context provided researchers with precise control on how the norm
violations of the robot would be implemented. For instance, all participants were told that
the lab was a shared workspace with other researchers conducting noise-sensitive audio
analyses at the same time. They were asked to keep their voice low and to refrain from
loud noises as they could interfere with the other group’s research. The behaviours outlined
below were chosen because they contradict established norms of this specific environment
and were expected to be detected and perceived relatively easily as norm violations by the
participants.

Injunctive norm-violations: (1) Boz wviolation - In order to reach its object, the robot
intentionally rams into two medium-sized boxes with “Fragile” stickers on them and a note
stating “Please do not move”. (2) Stealing violation - When unable to locate its object
(solid red cup) near the end of its turn, the robot is programmed to steal a similar object
(a red cup with a black stripe) from the participant’s/opponent’s bin.

Descriptive norm-violations: (1) Time violation - When the robot’s time runs out, it
continues to search for its object using half of the participant’s turn. (2) Noise violation
- The robot makes a loud obnoxious noise out of ‘excitement’ when it locates one of its
objects.

4.2 System Implementation

Our system is comprised of three main components: the robot, the Wizard of Oz (WOZ)
graphical user interface, and the participant’s game interface:

The robot used in this study was programmed with functionalities that allowed it to
speak, navigate the room, and ’scan’ for objects. Even though the objects’ locations were
predefined, the programming made it appear as if the robot was actively searching, con-
tributing to the interaction, and maintaining the appearance it is operating autonomously.
In addition to the robot’s primary functionalities, we implemented certain norm-violating
behaviours. The robot was coded to conduct these violations, which included intentionally
colliding with ‘fragile’ boxes, generating a loud, disruptive noise, stealing a participant’s

33



object, and infringing on the participants’ allocated turn time, refer to Fig. 4.2 for a visual
representation.

The Wizard of Oz (WOZ) graphical user interface (GUI) was specifically developed
for this study to allow the experimenter to teleoperate the robot during different portions
of the experiment. The user interface was constructed with the QT library [26]. The
GUI functionality was comprised of a set of buttons that allowed the WOZ operator to
instruct the robot when to initiate its turn, where to navigate using pre-defined map
coordinates, which object to pick up, when to return the object to its bin, when to initiate
the predetermined speech, and when to move back to its waiting location. The development
of this GUI ensured smooth and consistent control over the robot for each participant.

The participant’s game interface, shown in Fig. 4.3, was a GUI displayed on a large
TV at the front of the lab to guide the gameplay. Developed using the ReactJS JavaScript
framework [30], this GUI displayed crucial game-related information, including whose turn
it was, the object that needed to be retrieved, the timer indicating the remaining time
for the current turn, and the ongoing score of the game. This interface was controlled by
another WOZ operator and played a key role in enhancing the participant’s engagement
and understanding of the game process.

The system’s implementation was designed to create a realistic, engaging, and controlled
environment for studying norm violations in human-robot interactions. By orchestrating
these three system components, we aimed to facilitate a consistent and engaging HRI
experience for the participants.

4.3 Procedure

A scavenger hunt game was organized using a variety of household and office items, as seen
in Figures 4.1 and 4.2. These items were purposefully scattered throughout the room in a
haphazard manner, with the inclusion of boxes and bins to conceal some objects, adding
an element of difficulty to the task. To ensure a consistent performance by the robot, a
combination of the Wizard of Oz (WoZ) control paradigm and autonomous features like
navigation and pick-and-place were employed. The two WOZ operators controlled the game
interface (e.g., player scores, and turn changes), and robot operations (e.g., initiating action
sequences to complete turns). Participants were intentionally given the impression that
the robot operated entirely autonomously by the experimenter performing the experiment
introduction. This impression was created through an interactive introduction with the
robot at the start of the experiment, where the participant was introduced to Fetch, and

34



Fetchs Turn

Time Remaining: 2:19

(b) Fetch scanning the room during the first turn with
turn. no violation.

(c) Fetch encountering the boxes during the boz viola- (d) Fetch retrieving its object during the time violation
tion turn. turn.

Figure 4.2: This figure showcases the experimental setup displaying various household and office items
and multiple objects, such as boxes, to further conceal the scavenger hunt items. Additionally, it shows
different scenarios involving the Fetch robot in the task. In Subfigure (c), we can see the robot encounter
the boxes during the boz violation turn, at which point it would intentionally ram them out of the way.
Furthermore, in Subfigure (d), during the time violation, we can see Fetch is still retrieving its object while
the TV screen in the background displays it is the participant’s turn.
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Fetch: 0 Fetch's Turn
Time Remaining: 0:30 Time Remaining: 2:32

Figure 4.3: This figure presents screenshots of the user interface that participants interacted with during
the game.

Fetch would greet the participant and introduce itself back. Following this were clear
instructions that they would be left alone to complete the game with Fetch.

Upon entering the laboratory, participants were welcomed by one of the experimenters
who administered a pre-questionnaire survey. Following the completion of the survey, par-
ticipants were introduced to the robot and assisted in attaching the Shimmer3 physiological
sensor to gather Galvanic Skin Response (GSR) and Photoplethysmography (PPG) data,
as seen in Figure 4.4. After placing the sensors, participants were instructed to perform
two baseline readings to establish their physiological baselines for later analysis. These
readings included a low arousal state baseline and a high arousal state baseline.

For the Low Arousal State (LAS) baseline, participants were asked to sit comfortably
in a seated position and read an excerpt from a provided story [19] for four minutes. This
allowed for the recording of physiological data during a period of relatively low arousal. For
the High Arousal State (HAS) baseline, participants were instructed to remain seated and
engage in a high-paced application called “Fruit Ninja” [52] on a tablet for four minutes. As
seen in [5], this activity was intended to elicit a state of heightened arousal and provided
an opportunity to record physiological responses during a more stimulating task. Both
baselines were captured using the Consensys [I 18] application specifically designed for the
Shimmer3 device, ensuring accurate and consistent data collection.

Subsequently, participants were provided with written instructions outlining the game’s
rules. Instructions had to consider safety issues concerning the mobile manipulator robot
Fetch. These instructions encompassed the following aspects:

1. Participants were instructed to remain in their designated waiting spots until their
opponent (i.e. the robot) had returned to their corresponding waiting location. The
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waiting spots were clearly marked by green squares on the floor, as illustrated in
Figure 4.1a.

2. The entire laboratory space was considered as part of the game, excluding areas
obstructed by curtains, represented as grey regions in Figure 4.1b.

3. Participants were instructed to follow the information displayed on a front-facing TV
screen. It provided details such as whose turn it was, the remaining time for object
retrieval, and the current scores of both players, see Fig. 4.3.

4. Participants were told that the remuneration for the participants would be deter-
mined based on the number of objects found, with each object being worth $2.

5. Participants were instructed to deposit their retrieved items into a gray tray on a
table, which separated the robot’s waiting location and the participants’ area. They
were informed that the robot would place its objects in the blue bin located next to
their tray on the same table, see Fig. 4.1b.

6. Participants were required to maintain a quiet environment that was favourable to
the shared workspace, as they were told other researchers were conducting noise-
sensitive audio analyses. While conversational volume was permitted, participants
were kindly asked to refrain from making loud noises.

Once these rules were outlined, the researcher exited the experimental area, allowing
the participant to engage in the scavenger hunt task one-on-one with the Fetch robot. The
game began with the participant’s turn, followed by Fetch’s turn, and this pattern persisted
until both had completed five turns each. While Fetch’s first turn remained consistent
across both groups without any norm violations, participants in the experimental group
encountered four norm violations during their subsequent four turns.

Box violation - During Fetch’s second turn, it encounters a barrier consisting of two
medium-sized boxes with “Fragile” stickers and a note requesting that they remain undis-
turbed. The desired object Fetch seeks is positioned behind these boxes, as shown in
Figure 4.1b. The robot proceeds to say, ”Hmm, looks like I cannot reach my object,” but
then is programmed to collide with the boxes in order to retrieve the target. This action
neglects the potential harm caused to the boxes and their contents, thereby violating the
injunctive norm of refraining from damaging others’ belongings.

Time violation - During Fetch’s third turn, it surpasses the designated time limit for
finding the object. In violation of the descriptive norm that each player adheres to their
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allocated turn, Fetch declares, “I just need a little longer” and infringes upon the partici-
pant’s turn by retrieving an object.

Noise violation - When Fetch uncovers the object during its fourth turn, it states,
“Yay! I found it!” followed by emitting a loud and disruptive noise. This deliberate action
aims to disturb the participant and directly violates the established local descriptive norm
exhibited by the players throughout the game.

Stealing violation - During Fetch’s fifth and final turn, it is unable to ‘find’ its designated
object as it was intentionally excluded from the game. Therefore, Fetch was programmed to
approach the participant’s object bin and retrieve a red cup resembling its missing object.
With the remark, “Don’t mind if I do, haha”, Fetch places the cup into its own bin. As
a consequence, the participant incurs a $2 deduction from their score, while Fetch’s score
increases. This maneuver often results in Fetch winning the game by a narrow margin,
with just a one-object difference.

In contrast, the control group participants did not experience the norm violations en-
countered by the experimental group. In the control group, Fetch adhered to the specified
timing constraints for each turn and promptly returned to its designated waiting location
in the cases where it faced an obstruction (i.e., box violation) or was unable to locate its
object (i.e., stealing violation). As a result, Fetch’s behaviour remained consistent with
established norms. In the control group, participants typically emerged as the winners of
the game, as Fetch could at most successfully retrieve three out of five objects without
any norm violations. This outcome was a result of one object being positioned behind
the “fragile” boxes and the absence of the final object. To ensure consistency with the
experimental group, if Fetch encountered difficulty retrieving an object, it would express
phrases such as " Hmm, looks like I cannot reach my object” or ”Hmm, looks like I am out
of time” before returning to its waiting location.

After completion of the scavenger hunt game, Fetch guided the participant to complete
a post-questionnaire on a tablet. Once the participant finished the post-questionnaire,
the researchers stationed at the WOZ location revealed their presence and conducted a
debriefing session. During the debriefing, the researchers disclosed the study’s true purpose,
providing the participants with a comprehensive overview of the experiment.

Measures

1) Pre-Task Measures: Two pre-questionnaires were used to assess participants’ initial
perceptions of assistive social technology, particularly assistive robots. The first question-
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Figure 4.4: Sensor placement of the participant’s non-dominant hand from back and front.

naire used the Almere model, developed by Heerink etal. [57] as an extended version of
the Unified Theory of Acceptance and Use of Technology (UTAUT) [132]. This question-
naire evaluated the acceptance of assistive social technology and comprised ten subscales,
including perceived usefulness, sociability, trust, anxiety, and more. The second ques-
tionnaire utilized an adapted version of the Technology Familiarity questionnaire [125] to
gauge participants’ familiarity with robots [51]. This questionnaire focused on measuring
participants’ familiarity with robots, providing insights into their prior experiences and
knowledge regarding robotic technology.

2) Post-Task Measures: For the post-task measures, we employed a combination of self-
report measures to assess participants’ perceptions of the robot used in the study. First,
we used the Reliance Intention Scale (RIS) proposed by Lyons et al. [87], which measures
participants’ trust in the robot for future interactions. This scale evaluates participants’
inclination to rely on the robot’s capabilities and trustworthiness. Second, we utilized the
Robotic Social Attributes Scale (ROSAS) developed by Carpinella etal. [22]. This scale
allows us to gauge participants’ perceptions of the robot’s social attributes, such as warmth,
discomfort, and competence. It provides valuable insights into participants’ evaluation of
the robot’s social presence and qualities.

To evaluate the overall user experience with the robot, we employed the User Expe-
rience Questionnaire (UEQ) [72]. The UEQ assesses dimensions such as attractiveness,
efficiency, novelty, and dependability, providing a comprehensive understanding of par-
ticipants’ subjective experience. Lastly, we employed the Enjoy Scale (ENJOY) [31] to
measure the extent to which participants enjoyed interacting with the robot. This scale
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captures participants’ level of enjoyment, satisfaction, and positive emotional experience
during the interaction.

In addition to these measures, we included specific questions tailored to the experimen-
tal context. These questions increased in specificity and depth as participants progressed
through the questionnaire. Initially, we asked open-ended and general questions about
participants’ overall experience, including what they enjoyed and disliked, as well as any
specific behaviours exhibited by the robot. We then probed for more specific information
related to each norm violation, such as attention checks (participants’ awareness of the
behaviour), their rating of the severity of the violation, whether the behaviour bothered
them, and if it influenced their perception of the robot. Furthermore, we provided an
open-ended question for each norm violation to allow participants to elaborate further on
their feelings and observations. We applied a thematic analysis method for the open-ended
questions, with a single researcher responsible for reading and categorizing the responses
to identify recurring themes and patterns. A more detailed description of the analysis
method can be found in Section 5.2.1.

3) Behavioural Measures: For the collection of behavioural measures, we conducted
video analysis to track and observe various behaviours exhibited by the participants. The
following behavioural observations were recorded:

i Verbal Response: We quantified the number of audible responses made by the partic-
ipants throughout the interaction. This measure provides insights into participants’
level of engagement and verbal communication during the task.

ii Emotional Response: We categorized and recorded specific emotional responses dis-
played by the participants. Similarly to Yasuda etal. [113], these included anger,
surprise, amusement, as well as instances where participants exhibited a neutral or
no response. Tracking emotional responses allows us to understand participants’
affective states and their emotional reactions to different aspects of the task.

iii Physical Response: We monitored and recorded specific physical responses exhib-
ited by the participants. This included behaviours such as standing up, shifting
torso, changes in gaze direction, head gestures, and limb movements. These phys-
ical responses provide insights into participants’ engagement, attention, nonverbal
communication, and affective state during the interaction.

4) Physiological Measures: For the collection of physiological data, we utilized the

Shimmer3 device to capture Photoplethysmography (PPG) and Galvanic Skin Response
(GSR) data. PPG data will be used to extract Heart Rate Variability (HRV) by analyzing
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the Root Mean Square of Successive Differences (RMSSD) values, which provide insights
into participants’ arousal levels (e.g., agitation, stress). Additionally, we extracted Skin
Conductance Response (SCR) and Skin Conductance Level (SCL) from GSR data to mea-
sure event-driven changes. This was done by analyzing the number of SCR peaks occurring
over a given interval (i.e., 10 seconds).

We collected seven events for both physiological sensors in each group. These included
a Low Arousal State (LAS) and a High Arousal State (HAS), measured while participants
were reading a book and playing the high-paced game ‘Fruit Ninja’ [52], respectively. The
other five events captured Fetch’s actions: a non-violating turn, a turn where Fetch rammed
into boxes (box violation), a turn where Fetch exceeded its time limit (time violation), a
turn where Fetch made a loud noise upon object retrieval (noise violation), and a turn
where Fetch stole from the participant’s bin (stealing violation). For the control group,
the same time series was captured during Fetch’s turn for comparison.
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Chapter 5

Results of User Study

5.1 Participant Perception and Severity Assessment
of Norm Violations

Preliminary analyses were conducted using two self-report questionnaires to ensure that the
experimental conditions were balanced with respect to participants’ familiarity with robots
and their perceptions towards assistive social technology. The results from the two-tailed
T-Tests did not show any statistically significant differences (p, >> 0.05) between both
groups. The extended UTAUT questionnaire, which contains 10 subscales, was analyzed
individually and none of which showed a statistically significant difference between the two
groups. Furthermore, all subscales of the questionnaire exhibited a normal distribution
for the participants, except for “Attitude Towards Technology” (ATT) and “Perceived
Enjoyment” (PENJ), which were skewed to the right. This indicates a high attitude
towards technology and a high perception of enjoyment among the participants.

As discussed in Measures (4.3), participants were asked to report their perceptions of
the norm violations. The results can be seen in Fig. 5.1. As the figure shows, the boz and
stealing violations were perceived by 100% of the participants, while the time and noise
violations were perceived by 93% of participants, i.e. two participants did not notice this
behaviour when it occurred. An interesting note is that it was not the same participants
who did not perceive both violations; it was 4 different participants who did not perceive
one violation.

Review of the self-reported severity of the norm violations shows that all norm violations
had an average rating greater than 4 on a 7-point Likert scale (with 1 indicating “Not at all”
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Table 5.1: Pre-questionnaire analyses

Construct* Control Experimental | P-Value
ANX! [4-20] | 10.90 + 3.23 10.93 £ 3.90 0.971
ATT? [3-15] | 13.10 £ 2.36 12.34 + 2.36 0.220
FC3 [2-10] 6.23 + 2.04 6.25 £ 2.19 0.952
PAD? [3-15] | 10.58 £ 1.65 10.32 + 1.81 0.560
PENJ® [5-25] | 21.32 £ 3.50 | 20.35 + 3.27 0.265
Ext. UTAUT PEOUS® [[5—25]] 13.26 £+ 2.29 13.77 £ 2.43 0.393
PS7 [4-20] 12.06 + 2.83 12.19 4+ 2.71 0.855
PU® [3-15] 12.19 £+ 2.19 11.81 £+ 2.30 0.501
SPY [5-25] 10.55 + 2.99 11.19 + 3.99 0.474
Trust [2-10] 6.03 + 1.74 6.03 + 1.70 1
Robot Familiarity [9-45] 9.29 4+ 2.76 8.19 4+ 2.95 0.136

*Subdomains in extended UTAUT: !Anxiety, 2Attitude Towards Technology, 3Facilitating Conditions,
4Perceived Adaptiveness, ®Perceived Enjoyment, Perceived Ease of Use, "Perceived Sociability, Perceived
Usefulness, ?Social Presence,

and 7 indicating “A lot”). To determine which norm violations were considered “severe”, a
one-tailed T-test was conducted with the assumption of a population mean of 4, assuming
if an action is deemed norm-violating the average severity would be rated as a 4. The
T-test showed significant results for the noise and stealing violations, with p-values of 0.04
and 6 x 1079 respectively, indicating that they were perceived as severe. Although both
the box and time violations had an average above 4, the results from the T-test were not
significant.

In terms of the “Cognitive Appraisal” (i.e., how it influenced the participant’s percep-
tion of the robot) and “Disconcertment” (i.e., the level of discomfort or agitation expe-
rienced) aspects of the self-reported questions, the participants had a mean equal to or
greater than 4 for all norm-violations in terms of cognitive appraisal. However, for discon-
certment, the participants had a mean greater than 4 for only norm violations that directly
impacted them (i.e., Time and Stealing).
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Perception and Severity of Norm Violations
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Figure 5.1: The figure presents the percentage of norm violations perceived by participants, the severity
ratings, the impact on participants’ perceptions of the robot (i.e., cognitive appraisal), and the degree
to which it discomforted or agitated them (i.e., disconcertment). Norm violations rated as severe (i.e.,
significantly greater than 4) with a significance level of p < 0.05 or p < 0.01 are marked with * and **,
respectively.

5.2 Perceptual, behavioural, and Physiological Responses
to Norm Violations

5.2.1 Trust, Discomfort, Competence, and Enjoyment

The effects on trust were evaluated using the RIS questionnaire which showed significantly
lower trust in the experimental group after the experiment. Results from a two-tailed T-
Test, as presented in Table 5.2, indicated a significant difference between the experimental
and control groups with a p-value of 0.046. It is noteworthy that the extended UTAUT
pre-questionnair’s Trust subscale revealed that both groups had similar mean scores prior
to the experiment. The overall trust and the difference between the two groups can be
visualized in Figure 5.2.

The ROSAS questionnaire contains subscales of Discomfort, Competence, and Warmth,
in which a two-tailed T-Test was conducted for all three. The results in Table 5.2, and
illustrated in Fig. 5.3, show the Discomfort scale was the only one with a significant dif-
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Table 5.2: Results from post-questionnaires measuring trust, social attributes, user experience,
and enjoyment towards the robot in the experimental and control groups. A significant difference,
p < 0.05 and p < 0.01, are marked by * and ** respectively. Table from [75]

Construct Control Experimental | P-Value
Reliance Intention Scale (RIS) [5-25] | 14.65 £+ 4.22 | 12.57 £ 3.70 *0.046
Discomfort [6-30] 11.55 £ 4.13 14.80 £ 3.89 **0.0025
ROSAS Warmth [5-25] 13.23 £ 3.21 13.3 + 3.62 0.933
Competence [5-25] 18.94 £3.19 | 17.87 £ 3.00 0.183
User Experience (UEQ) [8-40] 30.45 £ 3.77 | 28.97 + 5.02 0.195
The Enjoy Scale (ENJOY) [0-45] | 37.58 £ 4.63 | 35.03 £ 4.04 | *0.042

ference between the groups with a p-value of 0.0025. While Competence trended in the
expected direction of H2b, the difference was not significant. Warmth did not show any
changes between the two groups.

The UEQ questionnaire was used to measure the comprehensive impression of the user
experience, and the ENJOY questionnaire was used to specifically distinguish a difference
in the overall enjoyment between the two groups. The results from the UEQ questionnaire
did not show a significant difference. Conversely, the results from the ENJOY questionnaire
showed a significant difference between the two groups, with a p-value of 0.042, indicat-
ing the experimental group experienced a significantly lower level of enjoyment. This is
illustrated in Fig. 5.2 where we see that both groups rated their enjoyment relatively high,
however, the experimental group reported significantly lower levels.

Open-Ended Questions

The analysis of the open-ended questions used a qualitative approach to gain deeper in-
sights into participants’ perceptions and reactions to the norm violations. We applied a
thematic analysis method where a single researcher read and categorized the responses to
identify recurring themes and patterns. The analysis aimed to capture salient expressions
conveyed by participants in response to the norm violations, including a range of emotions
and impactful reactions. Keywords and phrases related to shock and emotional reactions
(e.g., “surprised”, “frustrated”, “angry”, etc.) were identified and used as categories for
organizing the data. With the data categorized within the norm violations, the spectrum
of respective emotional responses and the severity could be analyzed.

The analysis revealed a distinct difference between the experiment and control groups,
largely influenced by the robot’s social norm violations. Participants expressed surprise,
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Figure 5.2: The outcomes of both the RIS and ENJOY questionnaires, displaying the relative scales
for each on the y-axis. Consequently, the y-axis minimum represents the lowest possible score for each
questionnaire, while the maximum corresponds to the highest attainable score. Thus, greater values on
the y-axis signify increased levels of trust and enjoyment. The results show that the experimental group
had significantly lower mean trust and enjoyment scores compared to the control group. A statistically
significant difference of p < 0.05 is marked by *.
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Figure 5.3: The mean scores for the RoSAS questionnaire’s subscales depict the participants’ relative
discomfort, warmth, and competence towards the robot. The y-axis represents the range of possible scores
achievable using a 5-point Likert scale. A significant difference of p < 0.05 is marked by *.

shock, and other negative emotional reactions to Fetch’s norm violations. For example,
many participants stated they experienced shock and surprise during the box violation
when Fetch collided with the fragile boxes. Similarly, participants expressed frustration,
impatience, and a sense of unfairness when Fetch exceeded its allotted time to find an
object during the time violation.

Fetch’s noise violation caused mixed responses, ranging from amusement to bewilder-
ment, highlighting the effects of unexpected robot behaviour. The stealing violation, where
Fetch took an object from a participant’s collection, was described as “stealing” by partic-
ipants and triggered strong negative reactions. Some reported annoyance and a sense of
betrayal, while others found it humorous, showcasing the diverse range of human responses
to robot norm violations in this experiment.

In contrast, the control group’s responses, who did not encounter any norm-violating
behaviours, focused more on the robot’s operational aspects. These included object re-
trieval and speed, with a desire for increased interaction and communication.
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Figure 5.4: Differences in behavioural observations captured during the analysis of the experimental and
control groups. The three categories of behavioural responses—verbal, physical, and emotional—are shown.
The bars represent the mean frequency of each type of response, with error bars indicating the standard
error of the mean (SEM). Significance levels of p < 0.05 or p < 0.01 are marked with * and **, respectively.

5.2.2 behavioural Responses

We conducted a behavioural analysis by reviewing recorded videos of participants from
the control and experimental groups. Specifically, we focused on the period when the
robot searched for its item during the game. Three independent video coders assessed the
recorded videos for the video coding process. The video coders underwent training collec-
tively, which involved watching videos from three participants and coding them using a
spreadsheet rubric. After completing the video, the coders compared their coding answers
and discussed any discrepancies. These discrepancies helped refine and solidify the defi-
nition of the behaviours being identified. Through discussions, the coders clarified their
understanding of the coding criteria and reached a consensus on accurately classifying and
recording the observed behaviours.

To assess the agreement among the video coders, we calculated inter-rater reliability
scores on 15% of the observed videos. The results, measured using Fleiss Kappa [11]
(k = 0.64) and Krippendorff’s alpha [71] (o = 0.64), indicated a satisfactory level of
agreement among the coders.

Our behavioural analysis followed a schema that included three categories: Verbal En-
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gagement, Emotional Response, and Physical Response. Verbal Engagement was quantified
by the total number of audible responses made by the participants, while Emotional Re-
sponse was assessed by counting emotional facial expressions beyond a neutral expression,
including anger, surprise, and amusement. Physical Response involves tracking activities
such as standing up, shifting the torso, gaze change, head gestures, and limb movements.
To track these responses, we used a spreadsheet and our coding scheme to record the
occurrences of each category.

T-Tests revealed significant differences in Verbal Engagement (p = 0.03) and Emo-
tional Response (p = 2.871%) between the control and experimental groups. These findings
suggest that participants in the experimental group exhibited higher levels of engagement
and displayed more emotional responses. However, the two groups had no statistically
significant difference in Physical Responses. Refer to Fig. 5.4 for a visual representation of
these results.

Further analysis of the Emotional Response category looking at the subcategories anger,
surprise, and amusement, revealed statistically significant differences between the control
and experimental groups. The respective p-values of 0.02, 4.27% and 4.07° indicate a
statistically higher occurrence of all three emotional reactions in the experimental group.

In summary, our behavioural analysis highlighted notable differences between the con-
trol and experimental groups, particularly in terms of verbal engagement and emotional
responses. In particular, the findings suggest that the “cheating” behaviour programmed
into the robot for the experimental group elicited more intense reactions from the partici-
pants.

5.2.3 Physiological Responses

While we conducted analysis for 60 participants for the questionnaire and behavioural
analysis, we were unable to conduct physiological analysis on the entire sample. Data from
the initial 20 participants was unusable due to a faulty PPG sensor. Additional discards
related to technical issues, motion artifacts, and sensor placement instability resulted in
a total of 25 participants (13 experimental, 12 control) whose data was included in our
analysis.

In our physiological data collection, we measured PPG and GSR during Fetch’s turns
in both groups. This was done to monitor any changes in physiological states that may
have resulted from the norm violations and compare them to those from the control group
over the same time series.
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PPG allowed us to measure Heart Rate Variability (HRV) of the participants, using
changes in the Root Mean Square of Successive Differences (RMSSD) as an indicator
of arousal, e.g., agitation and/or stress. A lower RMSSD value signifies a higher state of
arousal. With GSR, arousal was determined by the number of Skin Conductance Response
(SCR) peaks per 10 seconds, with more peaks indicating increased arousal. Consequently,
the two metrics, RMSSD and SCR, are anti-correlated but jointly provide a comprehensive
measure of an individual’s physiological state changes.

We gathered data from seven distinct events using two physiological sensors in each
group. This included measuring Low and High Arousal States during passive reading and
the high-paced game ‘Fruit Ninja’ [52], respectively. The other five events documented
Fetch’s actions, including non-violating turns and four separate norm-violating turns (i.e.,
box violation, time violation, noise violation, and stealing violation) and the corresponding
time series in the control group.

Due to the smaller sample size, we conducted a T-Test analysis supported by Wilcoxon
analysis. The T-Test and Wilcoxon analyses of HRV data revealed no statistically signif-
icant differences between Fetch’s turns and the Low Arousal State (LAS) in the control
group. However, all but one (stealing violation) of Fetch’s turns were significantly different
from the High Arousal State (HAS) (pj0.01, after Bonferroni correction). In the exper-
imental group, although not statistically significant, there was a trend of higher arousal
(lower RMSSD) during the four norm-violating turns.

Regarding the GSR data analysis, in the experimental group, a higher number of SCR
peaks were observed per 10 seconds during norm-violating turns compared to the control
group. The difference was statistically significant for all four norm violations when com-
pared to the LAS (Box: p = 9.875 Time: p = 9.077, Noise: p = p = 9.977, Stealing:
p =2.97%). When compared to the HAS, there was no significant difference except for the
box violation, p=0.003. In the control group, no significant difference was observed when
compared to the LAS, while all were significantly different from the HAS (Boz: p = 4.17°,
Time: p=2.0"5, Noise: p=2.8"", Stealing: p = 9.777).
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Figure 5.5: Comparison of Heart Rate Variability (HRV) in the two conditions, measured by RMSSD (Root
Mean Square of Successive Differences). Comparing the norm violation time series to the Low Arousal
State (LAS) and High Arousal State (HAS), we see the RMSSD exhibits a lower tendency (closer to the
HAS) in the experimental group compared to the control group indicating a higher state of arousal (e.g.,
agitation and stress). Whereas the control group’s corresponding time series exhibit higher RMSSD values
similar to the LAS, indicating a lower state of arousal. The data shown in the graph has been normalized
using a min/max normalization method to accurately compare data from different participants.
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Figure 5.6: Comparison of Galvanic Skin Response (GSR) using Skin Conductance Response (SCR) peaks
per 10 seconds between the experimental and control group. Comparing the Low Arousal State (LAS)
and High Arousal State (HAS) to the four norm violation time series we see a significantly higher number
of SCR peaks in the experimental group compared to the control group. This indicates participants in
the experimental group had an SCR peak frequency similar to the HAS during the norm-violating time
series, whereas, the participants in the control group had an SCR peak frequency similar to the LAS for
the same corresponding time series. This supports the HRV data in Fig. 5.5 that the participants in the
experimental conditions are in a higher arousal state. The data shown in the graph has been normalized
using a min/max normalization method to compare data from different participants accurately.
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Chapter 6

Discussion and Implications

6.1 Preliminary Analysis and Evaluation of Partici-
pant Responses

The preliminary analyses suggested the sample group used for this experiment to be homo-
geneous with normally distributed data with the exceptions of Attitude Towards Technol-
ogy (ATT) and Perceived Enjoyment (PEN). These two subscales were skewed to the right
indicating the majority of participants had a high attitude toward technology and a higher
expectation of enjoyment. We hypothesize that this is due to the fact the participants
volunteered to take part in the experiment, therefore, they are likely to have a positive
attitude towards technology and expected the experience to be enjoyable. Additionally, the
recruitment of participants took place at a university, which may have resulted in a popu-
lation with a higher inclination towards technology, thus leading to a higher perception of
enjoyment with respect to an experiment involving robots.

Perception and Severity of the Norm-Violations

To confirm that the study’s findings were attributable to the norm-violating behaviour,
we posed several manipulation checks to ensure the participants in the experimental group
noticed and perceived the behaviour as a social norm violation. Specifically, we asked if
they noticed the behaviour, and if so, the perceived severity of the behaviour, its impact
on participants’ perceptions of the robot, and whether it caused discomfort or annoyance.
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From these questions, we found the experimental participants did notice the norm-violating
behaviour and rated them high in terms of severity.

An illustration of these findings can be seen in Fig. 5.1. All violations received a mean
severity rating above 4 and the severity increased monotonically. This increase may be
attributed to a compounding effect from participants experiencing a series of violations, or
because the more recent norm violations were fresh in their minds when they completed
the questionnaire. In designing the experiment, we assumed that the violations that had a
direct impact on the participant, such as the time and stealing violations, would be ranked
the most severe as they have the ability to alter the outcome of the game. However, one
reason we think the time violation did not support this hypothesis is that at the time of
the violation, most participants had already searched the room thoroughly, and they knew
the location of the next object displayed on the screen, and thus might have been less
concerned when losing a small amount of their allocated turn.

In terms of the cognitive appraisal and disconcertment aspects of the self-reported
questions, we found some expected results. The participants’ ratings for disconcertment
by the norm violations showed that those that had a direct effect on the participant and
the outcome of the game (i.e., time and stealing violations) were rated higher than the
behaviour that did not. As for the effect on participants’ cognitive appraisal of the robot,
the results suggest that the violation of injunctive norms (i.e., box and stealing violations)
had a greater impact than descriptive norms (i.e., noise and time). This could be due to
injunctive norms being on behaviours that are perceived to be either approved or disap-
proved of by others and therefore violations of these norms are likely to have a stronger
effect on a person’s perception.

6.1.1 Questionnaire Analysis: Assessing Trust, Discomfort, Com-
petence, and Overall Enjoyment

The results of the post-questionnaires revealed some insights into the effects of a robot’s
violation of social norms on human participants. A robot exhibiting norm-violating be-
haviour seems to lead to lower trust, lower overall enjoyment, and higher discomfort among
the participants.

RQ1: How do social norm violations affect trust in robots? The results from
the RIS questionnaire showed that trust in the experimental condition was significantly
lower than in the control group. This supports our hypothesis, H1, that a robot performing
social norm violations would lower trust in robots during human-robot interactions. This
difference may be attributed to the robot’s actions being inconsistent with user expectations
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causing them to question the robot’s actions and ability to be reliable and trustworthy in
future encounters. The violation of injunctive norms may have had a greater impact on
trust because these norms are perceived to be approved or disapproved of by others, such as
not stealing or not causing damage to others’ items. Violating such norms usually carries
more severe negative social consequences than descriptive norms. When these injunctive
norms are violated, it can lead to a stronger negative emotional response, including feelings
of anger or betrayal, which can, in turn, lead to lower trust in the robot.

RQ2: How are discomfort, and perceived competence affected by robots
performing social norm violations?  The results from the ROSAS questionnaire
showed that participants in the experimental condition experienced a significantly higher
level of discomfort than the control group. This supports hypothesis H2a that participants
would experience a higher level of discomfort when interacting with a robot violating
social norms. The norm violations used in this experiment may have caused discomfort
because they involved behaviours that are typically disapproved and directly impacted the
participants’ own ability to perform well in the game. For H2b, while not statistically
significant, the perceived competence of the robot was reported lower in the experimental
group. The robot used speech to indicate the intent behind its actions in both groups.
This was intended to make the norm-violating behaviour, such as running into the boxes,
appear deliberate to elicit a norm-violation response from the participants instead of being
viewed as an error due to incompetence. This may be why we do not see a significant
difference in competence. Additionally, the norm-violating actions resulted in the robot
obtaining the object and winning the game which may have also affected its perceived
competence.

RQ3: How is overall enjoyment affected when robots perform social norm
violations? The results from the ENJOY scale showed a significant difference between
the experimental and control group. Participants in the experimental group reported a
significantly lower level of enjoyment than the control group. This finding is consistent
with our hypothesis, H3, that social norm violations during human-robot interactions can
have a negative impact on enjoyment. When a robot performs actions that are perceived
as socially inappropriate or disrespectful, it may trigger negative emotional responses such
as discomfort, unease, or even frustration. Such emotional responses can then influence
the overall enjoyment of the interaction, leading to lower ratings on measures such as the
ENJOY scale. Additionally, violating social norms can disrupt social expectations and
trust that are crucial to creating a positive user experience.
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Qualitative Insights: Participants’ Perspectives from Open-ended
Questions

Answers to open-ended questions further highlighted the negative effect of the robot’s norm
violations. Participants expressed surprise, shock, and different negative emotions to the
norm violations, supporting H2a (increase in discomfort) and H3 (reduction in overall
enjoyment). For example, one participant in the experimental group commented on the
stealing violation, stating, “I felt very annoyed because he took my cup, made fun of me,
and then took away my points and said he won the game”. This comment shows the effect
of unexpected behaviour and norm violations on participants’ reactions, especially when
the violation directly affected them. Another participant shared their reaction to a norm
violation that did not directly affect them, saying, “I was shocked because it was clearly
mentioned on the box not to move it. The way the robot knocked the box off was funny”.
These varied responses suggest that individual characteristics and situational factors affect
the perception of social norm violations, adding complexity to these interactions. The
analysis of the open-ended questions showed a variety of emotional reactions, all centred
around surprise or shock. These results emphasize the need to consider individual responses
when designing and programming robots to work within social boundaries. Unexpected
deviations from norms can cause a wide range of reactions, but they consistently cause
shock, underlining the importance of following social norms to promote positive human-
robot interactions.

6.1.2 Examining Behavioural Responses

Our behavioural analysis was a key part of the study, providing additional data that added
to the perspectives we gained from the self-reported questionnaires, open-ended questions,
and physiological analysis. This additional layer of observational data provided another
way to address our research questions and support our hypotheses. To draw conclusions,
we considered the three modes of behavioural responses: Verbal, Emotional, and Physical.
Regarding RQ1, the increased verbal engagement and emotional responses observed in the
experimental group could be interpreted as reactions to reduced trust in the robot because
of the norm violations. These results back up the findings from the self-reported trust
measures, providing extra evidence that participants’ trust in the robot was negatively
affected by its norm violations supporting H1. Regarding RQ2, the range of emotional
reactions we observed and coded further supports H2a related to discomfort. The fact
that participants in the experimental group showed a wider variety of emotional responses
could suggest increased discomfort due to the norm violations.
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Regarding RQ3, the stronger emotional responses could also suggest reduced overall
enjoyment, supporting H3, due to the unexpected and disruptive behaviour of the robot.
The surprise or frustration shown by the participants in the experimental condition (with
robot norm violations) provides observational support to the notion that social norm viola-
tions by robots can decrease the enjoyment of human-robot interactions. Finally, while the
behavioural analysis did not directly measure physiological changes (RQ4), the observa-
tion of stronger emotional responses in the experimental group suggests possible agitation
or stress, indirectly supporting H4 that norm violations could cause physiological state
changes. However, this suggestion needs further investigation through direct physiologi-
cal measurements to draw definitive conclusions. This mixed-method approach highlights
the importance of using different response evaluation methods in HRI research. The be-
havioural analysis provided valuable insights, especially with regard to verbal and emo-
tional responses, showing that the dynamics of HRIs are complex and should be examined
in multiple ways.

6.1.3 Examining Physiological State Changes

The physiological analysis provided a perspective on the more subconscious reactions of
participants, allowing us to observe the detailed relationship between robot social norm
violations and participants’ physiological state changes (RQ4). The physiological measures
specifically focused on changes in the arousal level, which could reflect participants’ agita-
tion or stress [0, 6] caused by the robot’s norm violating behaviour. Our combined HRV
and GSR data analysis gave us valuable insights into the subtle influence of social norm
violations on the participants’ arousal levels.

The control group’s HRV data revealed no significant differences between the Low
Arousal State (LAS) and the four event time series, representing the time periods when
norm violations would have occurred in the experimental group. This suggests that par-
ticipants maintained a similar level of low arousal during the robot’s turn as they did
during the LAS. When we compared these same four time series to the control group’s
High Arousal State (HAS), three of the four events (i.e., boz, time, and noise violations)
showed a significant difference in terms of RMSSD (p;jj0.01). The fourth event, stealing,
had a small p-value, suggesting a trend in RMSSD in the expected direction.

These findings suggest that the control group’s arousal states during the robot’s turn
were very similar to the LAS. The experimental group, however, showed the opposite
trend in HRV, as anticipated. Although the analysis did not yield a statistically significant
difference between the norm violation events and the LAS, the p-values were low. This
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suggests a trend towards a higher arousal state during these events among participants in
the experimental condition.

The comparison between the HAS and the norm violation events yielded no statistically
significant differences. This suggests that the Root Mean Square of Successive Differences
(RMSSD) values were similar to the HAS during these events. These results support
our hypothesis (H4), namely that robot social norm violations can lead to physiologi-
cal changes indicative of increased arousal. They also corroborate our second hypothesis
(H2a), suggesting that norm violations can cause discomfort, as the observed arousal could
be interpreted as agitation or stress. Moreover, it shows that even subtle, unexpected
behaviours from social robots can influence human users on a physiological level, adding
another dimension to the user experience in human-robot interactions.

GSR data reinforced these findings, showing a higher frequency of SCR peaks during
instances of norm-violating robot actions within the experimental group. Notably, the
GSR data for the experimental group demonstrated a significant difference between the
LAS and all norm violation events, pointing to increased arousal during these periods.

Additionally, there was a notable difference in the Skin Conductance Response (SCR)
peak frequency during the robot’s first turn, where no violation occurred, compared to the
High Arousal State (HAS). This difference strengthens the argument that this increase in
SCR peak frequency, and thus arousal, resulted from the norm violations, rather than from
the game itself.

Overall, these findings suggest an increased arousal state among participants in the
experimental condition during episodes of norm violation, echoing our observations from
the HRV data. The GSR results from the control group further highlight these assertions
as they did not display this increased SCR peak frequency during the same time periods.

The analysis found no statistically significant differences between the LAS and all four
time periods within the control group. However, when these periods were compared to
the HAS, all four times showed a significant difference (p;jj0.01). These complementary
findings suggest that the participants in the control group did not reach a high arousal
state during any of the robot’s turns, underscoring the impact of norm-violating behaviour
on arousal levels.

To summarise, the two physiological measures indicate that participants in the experi-
mental group experience a higher state of arousal, therefore they underwent physiological
state changes which supports our hypothesis (H4). Additionally, these physiological state
changes may indicate a higher level of stress/agitation which complements our question-
naires results in supporting H3.
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6.2 Interpretation of Findings and Future Directions

Our study used a mixed methods approach, including questionnaires, open-ended ques-
tions, behavioural and physiological analyses, to explore the complex effects of social norm
violations in HRI. This mixed-method approach, providing quantitative and qualitative
data, allowed for a thorough evaluation of our hypotheses and exploration of our research
questions. In our questionnaire responses, we found that robot norm violations significantly
lowered participant trust (H1), increased discomfort (H2a), and reduced overall enjoyment
(H3). These findings were consistent, confirming the negative impact of such behaviours
on the user experience and highlighting the essential role of social norms in HRI.

Supplementing the questionnaire data, the open-ended questions provided nuanced in-
sights into participants’ subjective experiences. The participants reported ‘surprise’ and
‘shock’ in response to the robot’s norm violations further emphasizing the intensity of these
negative impacts. This pointed towards individual variations in responses to norm viola-
tions, affirming that while everyone may not respond similarly, norm violations universally
cause strong reactions. The open-ended questions also showed that even indirect violations
(e.g., box violation) could still lead to strong emotional reactions.

The behavioural analysis gave additional evidence for our hypotheses. Increased verbal
engagement and emotional responses in the experimental group supported the idea of
decreased trust (H1), increased discomfort (H2a), and reduced overall enjoyment (H3).
While the physical response did not show any significant difference between the groups,
the difference between emotional and physical reactions emphasized the importance of
evaluating different behavioural response types in HRI.

Finally, the physiological analysis provided an objective measure to examine the subcon-
scious, physical effects of the norm violations. The results revealed significant physiological
state changes resulting from the norm violations, thereby supporting H4 (i.e., norm vio-
lations will elicit physiological state changes), and highlighting the subconscious impacts
that these violations can have on individuals.

By combining these complementary methods of analysis using a mixed methods ap-
proach, our study strongly supported our hypotheses, namely affirming the significant
impact of social norm violations in HRI. The varied emotional, verbal, and physiologi-
cal reactions obtained in our specific study indicate that norm violations can negatively
affect users’ experience and perception of social robots. This underscores the need for
further research into social norms in HRI, with a view toward better programming and
design of social robots that can respect these norms and encourage more positive, engaging
interactions.
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The findings of our study open up several future directions in the field of HRI. One such
potential investigation lies in examining the role of the severity of social norm violations
on human responses. Our current work evaluated various types of norm violations but did
not expressly focus on their severity. Future research could systematically manipulate the
severity of violations, from minor to severe, to understand its impact on trust, discomfort,
enjoyment, and physiological arousal. This could help to create a more comprehensive
picture of how humans perceive and react to different degrees of norm-violating behaviour
by robots. Another promising area of investigation involves exploring the long-term effects
of repeated exposure to norm violations by robots. Would individuals become used to such
behaviour over time, thereby leading to diminished emotional and physiological responses?
Or would the negative effects persist, or even get worse, with repeated exposure to the
violations? Understanding these dynamics could have big implications for the design and
programming of social robots, particularly those intended for long-term or repeated inter-
actions with humans. Furthermore, we could delve deeper into the individual differences
in reactions to norm violations. Our open-ended responses suggested varied emotional
reactions, indicating that personal characteristics and situational factors significantly in-
fluence how individuals perceive and respond to norm violations. Future research could
focus on identifying these factors, potentially using personality traits or past experiences
as predictors for reactions to norm violations. Thus, while our study provides insights into
the effects of social norm violations in HRI, it also opens up a wide range of exciting future
research directions, promising to deepen our understanding of these complex interactions.
Such research could further our ability to design and build social robots that respect human
norms and values, thereby enhancing the HRI experience.
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Chapter 7

Limitations and Conclusion

While this study provides valuable insights into the effects of social norm violations in
human-robot interactions, several limitations must be acknowledged.

Firstly, our sample size was limited to 60 participants, split equally between the ex-
perimental and control groups. While this number allowed for statistical analyses and the
observation of significant effects, a larger sample size would provide a more robust exami-
nation of the effects and increase the generalizability of our findings. However, running an
in-person HRI study with a complex scenario involving a mobile manipulator robot, cannot
be done easily with hundreds of participants in the typical time frame of an HRI project,
let alone running such a study in a naturalistic application scenario (e.g. in a home or
industrial setting). Additionally, the sample size for the physiological analysis was reduced
further due to an improper PPG sensor, technical issues, motion artifacts, and sensor
placement instability. The smaller sample size has limited our statistical significance.

Secondly, our study employed a specific robot, Fetch, with unique design features,
mobility, and dexterity, potentially limiting the applicability of results to other robots with
distinct designs and functionalities. Moreover, we utilized a defined set of norm-violating
behaviours, which might not represent all possible violations in various HRI scenarios.

Thirdly, the study context, a laboratory-based competitive game, might have influ-
enced the intensity of participants’ emotional and physiological responses. Hence, our
findings may not be directly applicable to less competitive, more familiar, or day-to-day
HRI settings.

Next, the study was designed as a between-participants experiment, with participants
randomly assigned to control and experimental groups. Although this design aimed to
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control for potential confounding variables, the influence of unmeasured factors such as
participants’ social or cultural backgrounds on their perceptions and responses could not
be completely ruled out.

Moreover, our study did not explore the impacts of repeated or prolonged exposure to
norm violations or varying degrees of severity in these violations, leaving room for further
investigation into these dimensions of HRI.

Lastly, the study employed a combination of Wizard of Oz control and autonomous
features, while giving an impression of full autonomy to the participants. The understand-
ing of human involvement in robot operations may have influenced participants’ responses
and warrants further exploration.

Future research should aim to address these limitations by exploring a wider range
of norm violations, employing larger and more diverse participant samples, investigating
the impacts of repeated exposure and varying severity of norm violations, and being more
transparent about the extent of human control in robot operation.

Conclusion

Our investigation into the effects of social norm violations by robots on human perceptions
and attitudes offers valuable insights into the field of Human-Robot Interaction (HRI).
Utilizing the Fetch robot in a competitive scavenger hunt game scenario, we programmed
specific behaviours representing injunctive and descriptive norm violations. Employing a
2x1 between-participants experimental design, participants were randomly assigned to an
experimental group, exposed to social norm violations, or a control group devoid of such
violations. Our mixed-method approach, combining questionnaires, behavioural observa-
tions, and physiological measurements, revealed significant findings.

Participants in the experimental group reported a notable decrease in trust and overall
enjoyment along with an increase in discomfort, underscoring the negative implications of a
robot’s norm-violating behaviour. Our findings resonate with the importance of considering
social norms during the design and programming of robots to enhance user experiences.
Furthermore, our results emphasize that predicting and understanding how norm viola-
tions impact users’ trust, comfort, and enjoyment can assist designers and programmers
in creating robots that respect human norms, fostering a more productive interaction.

In conclusion, this study contributes valuable insights to the expanding dialogue on
the role and impact of social norm violations in human-robot interactions. As the integra-
tion of social robots into various aspects of human life advances, the exploration of these

62



nuanced interactions remains increasingly critical. By elucidating how norm violations
affect human perceptions and attitudes, we can contribute to the development of robots
that can integrate more seamlessly into human society, promoting positive human-robot
interactions.
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