C R O S S - C U LT U R A L B E L I E VA B I L I T Y O F
ROBOT CHARACTERS
maxim makatchev

CMU-RI-TR-12-24

Submitted in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy in Robotics
The Robotics Institute
Carnegie Mellon University
Pittsburgh, Pennsilvania 15213

February 2013
Thesis Committee: Reid Simmons (Chair), Michael Agar,
Justine Cassell, Illah Nourbakhsh, Candace Sidner

Copyright © 2013 by Maxim Makatchev. All rights reserved.

Maxim Makatchev: Cross-Cultural Believability of Robot Characters
Submitted in partial fulfillment of the
requirements for the degree of Doctor of Philosophy in Robotics, ©
February 2013

To you.

ABSTRACT

Believability of characters is an objective in literature, theater, animation, film, and other media. Virtual characters, believable as sharing
their ethnic background with users, improve their perception of the
character and, sometimes, even their task performance. Social scientists refer to this phenomenon as homophily—humans tend to associate and bond with similar others. Homophily based on ethnic
similarity between humans and robots, however, has not previously
been tested, in part due to the difficulties of endowing a robot with
ethnicity. We tackle this task by attempting to avoid blatant labels of
ethnicity such as clothing, accent, or ethnic appearance (although we
control for the latter), and instead aim at evoking ethnicity via more
subtle verbal and nonverbal behaviors.
Until now, when designing ethnically-specific virtual agents, their
behaviors have been typically borrowed from anthropological studies and cultural models. Other approaches collect corpora of human
interactions in target contexts and select maximally distinctive behaviors for further implementation on a virtual character. In this thesis,
we argue that both behaviors that signal differences between an anthropologist and the target ethnicity (rich points), as well as maximally distinctive behaviors between target ethnicities, may vary on
their ability to evoke ethnic attribution. We address this discrepancy
by performing an additional evaluation of the candidate behaviors
on their salience as ethnic cues via online crowdsourcing. The most
salient ethnic cues are then implemented on the robot for a study
with colocated participants.
This methodology has allowed us to design robot characters that
elicit associations between the robot’s behaviors and ethnic attributions of the characters as native speakers of American English, or
native speakers of Arabic speaking English as a foreign language,
by members of both of these ethnic communities. Although we did
not find evidence of ethnic homophily, we believe that the suggested
pathway can be used to create robot characters with a higher degree
of perceived similarity, and better chances of evoking homophily effect.
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1

INTRODUCTION

More than machinery we need humanity.
— Charlie Chaplin, The Great Dictator (1940)

Humans tend to treat media, such as images, television sets, and
computers, as social agents—they are polite, trusting and they bond
with media in a similar way that they are polite, trusting and they
bond with other humans. Reeves and Nass [1996] called this phenomenon the Media Equation, for the equality Media = Humans, since
many of their studies show that substituting media for another human leads to similar results. Much evidence points that some of these
mechanisms are subconscious. For example, study participants admit
that being polite to a computer is not rational and they do not consider it as a living, sentient creature.
Capitalizing on the reliability of the Media Equation phenomenon,
many contemporary media artefacts, such as computer interfaces and
robots, are designed to elicit a desired social response. For example,
an on-screen agent portraying a rude tutor may be more engaging
to some students [Graesser et al., 2008]. A robot with its gaze and
speech coupled to replicate a human speaker’s behavior facilitates
comprehension [Staudte and Crocker, 2009].
One desired social response is based on the pervasive phenomenon
of similarity attraction, or homophily [Lazarsfeld and Merton, 1954].
Humans tend to relate with individuals who are similar along sociodemographic dimensions, such as gender, personality, or education. As the Media Equation predicts, homophily can be elicited between technology and its users. For example, Lee et al. [2000] showed
that subjects conformed more to a computer voiced as the matching
gender. Humans preferred the mechanical face that expressed the valence of extravertedness similar to their own [Park et al., 2012]. In
the study by Nass et al. [2000], Korean students judged an embodied
conversational agent (ECA, an on-screen agent that converses) with a
Korean ethnic appearance as more trustworthy, attractive and competent, and also conformed more frequently to such agent’s decisions
as opposed to decisions made by a Caucasian agent.
While homophily along a variety of dimensions have been successfully elicited by both on-screen agents and robots, ethnic homophily
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Figure 1: Hala at work.

has not been studied in human-robot interaction (HRI). This thesis addresses this void by developing a methodology for designing a robot
with ethnic attribution and evaluating the homophily hypothesis.
1.1

designing a robot with ethnicity

One of the reasons for the lack of studies on ethnic homophily in
HRI is the difficulty of creating a robot with an ethnic identity. We
contend that there are two main challenges. The first challenge, identifying ethnic cues, is a necessary step in the design of any ethnic
agent, such as an ECA or robot. It requires bridging the gaps between the qualitative fields of cultural and linguistic anthropology,
quantitative evaluation methods, and the technical implementation
on a robot prototype. The second challenge, endowing a machine-like
agent with ethnic attributes, is unique to physically embodied agents,
or robots. It is closely related to the notion of believability. Below, we
overview these challenges and our ways of tackling them, but first,
we introduce the robot prototype.
1.1.1

The robot prototype hardware

We use the Hala robot receptionist prototype, introduced by Simmons
et al. [2011], to generate videos of the behavior stimuli for an online
study, as well as the actual robot prototype deployed in the main lab
experiment described in this thesis. The robot consists of a humanlike stationary torso with an LCD mounted on a pan-tilt unit PTU-4617.5 manufactured by Directed Perception (now FLIR Motion Control

1.1 designing a robot with ethnicity

Systems). The LCD is used to render a 3D model of the robot’s head,
allowing for a relative ease in endowing the robot with both humanlike and machine-like faces, as well as with faces of various ethnic appearances. The maximum torque limits on the PTU motors, however,
restrict the maximum acceleration and, in the case of the tilt motor,
also its range of the motion. This restriction affected the magnitude of
the nod motion that we were able to implement on the physical head
of the robot. To alleviate this problem, in addition to the expression
of the physical nod, we also implemented an animated expression of
an in-screen nod.
Hala is deployed around the clock as a robot receptionist (roboceptionist) at the main lobby of the CMU Qatar campus. Figure 1
shows Hala interacting with a visitor, as the security staff and a human receptionist are at their duties nearby. Users interact with Hala,
using a keyboard placed in front of her, in one of three available input
modes: English, Arabic or transliterated Arabic (3arabi). There is an
additional screen between the keyboard and the robot that displays
the user’s typed utterances and buttons that switch between the input
methods. Depending on the input mode, Hala will respond in English
or Arabic, by producing a synthesized voice reply as well as a text
bubble that appears next to her face. Hala is designed to provide information about campus directions, weather, local events and answer
queries regarding her personal life. Her backstory is that of a young
unmarried Arab female robot. Her face, with its non-humanlike colors, is designed to minimize expression of ethnic cues via appearance. The robot uses a rule-based dialogue manager that consists of a
knowledge base of canned utterances and rules that trigger responses
in English and Arabic.
We used the Hala hardware to generate stimuli for online studies,
as well as for a study with the robot colocated with the participants,
described in this thesis. For ease of implementation of the stimuli behaviors, however, we used the next version of Hala’s software architecture (Hala 2), with the technical contributions discribed in Chapter 6.
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1.1.2

Challenge 1. Identifying ethnic cues

— Tashi . . . Your island culture is amazing!
Even these juicy tropical candies!
— Heather, I have a confession. These are Tropical Starburst.
You can buy them anywhere.
— Tropical Starbust, TV Ad by TBWA/Chiat/Day

1.1.2.1
Ethnicity

Defining ethnic boundaries

The factors that play a role in constructing a person’s ethnic identity
include language, religion, culture, appearance, ancestry, and regionality [Nagel, 1994]. However, as Waters [1990] notes, “ethnic identification is, in fact, a dynamic and complex social phenomenon.” In
particular, individuals tend to invoke one ethnic identity or another
depending on social context. For example, “someone whose mother
is half Greek and half Polish and whose father is Welsh may selfidentify as Greek to close friends and family and as Polish at work,
or as Welsh on census documents” [Waters, 1990].
In addition to self-ascription, Barth [1969] distinguishes ascription
of others as another critical feature of ethnicity. Charles E. Johnson
[1974], for example, reports the results of the Current Population Survey by the US Bureau of Census, where interviewers were required
to determine the race of those they were interviewing “by observation.” Out of total 22.9 millions of interviewees who were classified
as “Negro” by the interviewer, 1.9 million answered something else
for themselves.
Fluidity with which individuals ascribe ethnic identity to themselves and to others implies that any grouping based on static boundaries void of context is bound to have inaccuracies. In our task of identifying behaviors specific to a group, these inaccuracies may result in
missing behaviors due to high intragroup diversity, or in finding behaviors that are salient for a superset of this group. We address this
difficulty by validating the perception of behavior candidates as cues
of ethnicity.
Specifically, we define two ethnic groups: AmE, native speakers of
American English who are currently residing in the US, and Ar, native
speakers of Arabic who are fluent in English and residing in one of
the countries of Africa and Middle East that has Arabic as a main language. We relax the residency requirements to allow past residences
for studies with physically present subjects (see the Section 1.3 for details). Each of these groups includes a number of distinct dialects and
appearances. We address the intragroup variability by controlling for
such sociodemographic features as gender, race, age, and countries
of longest periods of residency.
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Note that our definition of ethnic groups AmE and Ar does not
involve race. In fact, we focus on behavioral rather than appearance
cues of ethnicity, as we explain in Section 1.1.3.
1.1.2.2

Culture
— You told me to take care of him.
— Ah, shit! I meant to take care of him, not fuckin’ take care of him!
— Frederick and Felix, Formula 51 (2001)

Throughout this thesis we will prefer the term ethnicity to the term
culture as less ambiguous. However, our definition of groups AmE
and Ar in terms of native language rather than race, makes them
closely related to the common use of the concept of culture. Frequently used in related work, the term culture is “one of the most
widely (mis)used and contentious concepts in the contemporary vocabulary” [Agar, 2006]. Agar views culture in terms of the differences
between a source language with its context (including the situation
and the interlocutor’s background) and a target language with its
context. The combination of language and its sociocultural context is
referred to as languaculture by Agar [1994]. As an example, Agar describes a junkie languaculture, junky being the term drug addicts use
to refer to themselves. Their vocabulary (e. g. “get off”), which is distinct from standard English, is tied to their situations (e. g. shooting
heroin), that are distinct from the situations of non-addicts.
Agar refers to such differences, that are in the center of the definition of culture, as rich points. In ethnographic work, rich points are
discovered when the ethnographer’s expectations differ from what
he observes. For example, a university faculty member in the US may
find it unusual the first time a foreign student addresses her as “professor.” The term of address would be a rich point between the professor’s and the student’s ways of using the language in the context.
Note that this rich point can be a cue to the professor that the student is a foreigner, but may not be sufficient to further specify the
student’s ethnic identity.
This thesis addresses this apparent difference between the rich points
and ethnic cues by evaluating salience of the rich points as ethnic cues
as perceived by the target community.

Culture

Languaculture

Rich point

Rich point vs. ethnic
cue
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1.1.2.3

Selecting ethnic cues
Lord Helmet: Found anything yet?
White troopers: Nothing yet, sir!
Lord Helmet: How about you?
Other white troopers: Not a thing, sir!
Lord Helmet: What about you guys?
Black troopers: We ain’t found shit!
— Spaceballs (1987)

Quantitative analogs of rich points, referred to as maximally distinctive behaviors by Iacobelli and Cassell [2007], are commonly used as
a proxy for ethnic cues in the design of on-screen characters with
an ethnic identity. For example, Iacobelli and Cassell [2007] observed
that African American children who were monolingual speakers of
African American Vernacular English gazed more at the toys than
one another, as opposed to Caucasian children who spoke Standard
American English. Such behaviors are discovered through analysis
of human interaction corpora, making them potentially a more objective description of differences between ethnic groups as compared
with rich points, that are dependent on the identity of the ethnographer. However, just like rich points discovered through ethnographies,
maximally distinctive behaviors are not necessarily salient ethnic cues
(see, for example, [Iacobelli and Cassell, 2007], for the discussion on
the difficulty of evoking an African American attribution through behaviors of an on-screen character).
Nevertheless, we consider both rich points discovered through ethnographies, and maximally distinctive behaviors found by corpora analyses, as viable candidates for ethnic cues. We , however, augment the
traditional methodology of building an on-screen agent with an ethnic identity by performing an additional evaluation of ethnic salience
of the candidate behaviors. For brevity, unless there is a need to highlight the difference, we will use the term rich points to refer to both
the results of qualitative ethnographies and maximally distinctive behaviors found quantitatively.
As we explain in Section 1.1.3, we start with rich points between
ethnic groups AmE and Ar that are expressed as they converse in
English. Rich points can make their way into all linguistic levels of a
second language. For example, they can be a cause of pragmatic failure,
a topic that has received a qualitative account in the literature (see,
for example, [Aguilar, 1998] for an overview). The few known quantitative accounts of rich points are limited in the scope of behaviors
and contexts across which behaviors are compared (see, for example,
[Schneider, 2007] for a comparison of English thanking sequences
across regions and speech genres of shopping encounters and radio
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interviews). We review the efforts on identifying maximally distinctive behaviors, as a step in the process of creating on-screen agents
with ethnic identity, in Section 2.2.
In this work we propose an extra step of evaluating the salience
of the candidate behaviors as ethnic cues via crowdsourcing. In addition to the argument that differentiates rich points from ethnic cues
that we gave earlier, such an evaluation allows one to pretest a wider
range of behaviors via an inexpensive, online study, before committing to a final selection of ethnic cues for a more costly experiment
with a physical robot colocated with the participants. The augmented
methodology of creating an agent (a robot or an on-screen character)
with an ethnic identity is as follows:
• Initial candidates are selected from ethnographies (for example,
from known rich points), quantitative human-human corpora
analyses (as maximally distinctive behaviors), research literature on second language acquisition, ECAs, and other areas;
• Candidate behaviors are rendered on-screen and evaluated quantitatively online via crowdsourcing (e.g. Amazon’s Mechanical
Turk);
• Finally, the most salient ethnic behaviors are implemented in a
robot prototype and user studies are conducted.
For example, the following verbal and non-verbal behaviors are
potentially rich points between native speakers of American English
and Arabic.
• Feghali [1997] summarizes the following verbal behaviors shared
by native speakers of Arabic: repetition, indirectness, elaborateness, and affectiveness. The two questions relevant for our study
are: (1) to what extent are these features transferred to native
speakers of Arabic speaking English, and (2) what are the linguistic devices that realize these features.
• Non-verbal behaviors that are candidate rich points include eye
gaze patterns, such as gaze and glance durations. For example,
Leathers [1997] describes differences between direct eye gaze
behavior among Arabs and Japanese. In general, however, there
is little data about differences between non-verbal behaviors of
native speakers of Arabic and American English.
We evaluate these and other candidate rich points by first confirming their occurrences in the corpus of human-human interactions
(Chapter 3), and then measuring their perceived qualities, including
ethnic attribution, by members of AmE and Ar via crowdsourcing
(Chapter 4). Finally, we implement the behaviors on a robot prototype and evaluate ethnic attribution and homophily via a controlled
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study with the participants colocated with the robot (Chapter 5). We
found some evidence of ethnic attribution, but no strong evidence of
homophily. There is, however, one more challenge that a designer of
an ethnically salient robot character must face. We describe it in the
following section.
1.1.3

Challenge 2. Believability of robot characters

Andy Serkis and the other actors playing apes
could be put on regular sets but they did have to wear gray pajamas
with wires all over them and you know these little arms that
came out from their faces with cameras pointed at their faces
to capture their expressions. And you’d think that acting
opposite someone in that kind of outfit would pull you
out of the imaginary circumstances. How could you ever believe
that that was an ape?! But their behavior was so believable that
almost immediately all of that stuff melted away and you could
just interact with them as chimpanzees and really
let the imagination take over, ’cause they were so good at it.
That truly was an enjoyable experience.
— James Franco on Rise of the Planet of the Apes (2011)

Believability

In spite of the difficulties of identifying ethnic cues that we outlined
earlier in Section 1.1.2, there has been considerable work designing
ethnic on-screen agents (see Section 2.2 for an overview). Why is designing an ethnic robot a harder problem than designing an ethnic
on-screen agent? We think that the answer is in the notion of believability.
For the Media Equation to work, humans need a degree of a suspension of disbelief that can create an illusion of life, referred to in the
arts as believability [Thomas and Johnston, 1981; Bates, 1994]. Believability of a character is an objective in literature, theater, animation,
film and other media. It is associated with engagement and emotional
empathy with the character’s emotions and predicaments as experienced by the members of the audience.
While ECAs may be portraying human characters much like it
would be done in an animated film or a puppet theater, we contend
that with few exceptions contemporary robots retain their machinelike qualities and their embeddedness in the real world (or, in theatric
terms, “broken fourth wall” [Bell, 2008]). The first of these factors is
due to mechanical limitations of robots that do not apply to ECAs.
While there is some work on translating principles of animation to
robot movement (for example, the recent work by Ribeiro and Paiva
[2012]) as well as work on human-like robots with extremely realistic appearance (such as Geminoids by Ishiguro [2005]), most of the
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contemporary robots easily give away their mechanical nature either
by their appearance, or, more certainly, by their movement. The second factor, “broken fourth wall,” is a consequence of the fact that
with a few exceptions (for example when robots perform on stage,
c.f. Hayashi et al. [2005]; Lin et al. [2009]; Ogawa et al. [2012]), robots
interact with people in a shared physical space, making it harder to
suspend disbelief.
Expressing ethnic cues with on-screen agents is too not completely
problem-free. For example, behaviors that cater to stereotypes of a
certain community can be found offensive to the members of the
community the agent is trying to depict [de Rosis et al., 2004]. We
speculate that endowing low-believability robots with strong ethnic
cues, such as appearance, may lead to similar undesirable effects. For
example, from the conversations the author conducted on this issue
in Qatar, people are split on their opinions about a possibility of Hala
wearing traditional items of clothing, such as abaya. One reason is
that traditional clothing is associated not just with ethnicity, but with
a multitude of other dimensions of sociodemographic identity, such
as religios attitudes.
In this work, we address this challenge by focusing on subtle behavioral cues, beyond appearance and the choice of speaking Arabic
or English. These cues include verbal behaviors, such as politeness
strategies, and non-verbal behaviors, such as gaze patterns. Although
such behaviors may have smaller effect on ethnic attribution, there are
several arguments in support of using subtle cues of ethnicity:
• In multi-party interactions in a multi-cultural environment, having a robot switch to the native language of a particular user
may lead to undesirable effects of exclusion of other participants.
• For any conversational agent, the choice has to be made on
whether a particular verbal and non-verbal behavior should be
expressed. Knowing how much subtle behaviors contribute to
ethnic attribution allows for an informed choice that optimizes
expression of a particular ethnicity.
• As argued by Iacobelli and Cassell [2007], “physical appearance
is not the most reliable index of ethnicity.” This is especially true
for our particular definition of ethnic groups AmE and Ar. In
this thesis, we validate this statement by evaluating ethnic attribution of images of human-like and robotic faces that we then
use in interaction studies to control for physical appearance.
• We contend that subtle behaviors will not trigger the potential
offensiveness associated with a robot expressing ethnic cues.
For these reasons, we focus on verbal and non-verbal behaviors that
are expressed by members of AmE and Ar when speaking English.
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behavioral cues of
ethnicity?
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1.2

A peek into results.

evaluating ethnic attribution and homophily

Once we identify behavioral cues of ethnicity via corpus analysis and
crowdsourcing experiments, we incorporate them into the behaviors
of a robot prototype and conduct the laboratory experiment with
physically present subjects. Our goal is to evaluate two families of
hypotheses. The first family is concerned with our ability to elicit ethnic attribution by varying the behaviors of the robot characters. The
second family is concerned with the effect of ethnic congruence between the robot character and the participants on perceptual and task
performance measures.
The subjects engage in a realistic direction-seeking dialogues with
several robot receptionist characters that vary with respect to their behavioral and, for control, appearance cues of ethnicity (faces). After
several interactions with a robot character, the participants evaluate
the character’s ethnicity and other perceptual measures via questionnaires. They are also asked to locate the destination of the provided
directions on a map. The performance on this task, intended to measure comprehension and recall, and the number of times the participants thanked the robot, serve as objective measures of homophily.
The procedure repeats until the participant evaluates four different
robot characters.
We analyze the data by performing hypothesis testing on fitted
linear models. We find partial support for the attribution family of
hypotheses. In particular, the robot’s behaviors affect perception of
the robot characters as native speakers of American English by female
participants. However, the robot’s behaviors affected the perception
of the robot character as a native speaker of Arabic only for two of
the four faces.
Our analysis does not find support for any of the homophily hypotheses. For discussion of possible reasons and implications we refer
the reader to Section 5.6.
1.3

terminology

In the section, we define the main terms that we will use throughout
this document. Many of these definitions use other terms defined in
this section. Nevertheless, there are no directed cycles.
AmE. Native speakers of American English (L1 American English
speakers). For online studies, we further restrict this group to those
currently residing in the US. For studies with physically present subjects, we require either at least one year of prior residency in the US,
or prior attendance at an American international school. AmE defines
an ethnic group and a corresponding languaculture (see below).
Ar. Native speakers of Arabic (L1 Arabic speakers). For online studies, we further restrict this group to those who currently reside in one
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of the countries of Africa or the Middle East that has Arabic as an official language. These countries are: Algeria, Bahrain, Egypt, Iraq, Jordan, Kuwait, Lebanon, Libya, Morocco, Oman, Palestinian Territories,
Qatar, Saudi Arabia, Sudan, Syria, Tunisia, United Arab Emirates, and
Yemen. We exclude countries where Arabic is an official language but
is spoken by a minority of the population, such as Chad, Comoros,
Djibouti, Israel, and Somalia. For studies with physically present subjects, we require at least one year of prior residency in one of those
countries. Ar defines an ethnic group and a corresponding languaculture. Note, that we will study the behaviors that are expressed by Ar
when speaking English as a second language (L2).
Culture. Following Agar [2006] we view culture in terms of the differences between a source languaculture and a target languaculture.
In relation to our experiments, we will sometimes refer to ethnically
salient behaviors as belonging to a certain languaculture. Such behaviors are often referred to as culture in the works of other authors.
Sometimes we will stick to our terminology even when describing
their work, and will attempt to clarify the difference when there is a
chance of confusion.
Ethnic congruence. Similarity of ethnicities, ethnic attributions, ethnically salient behaviors, or ethnically prevalent behaviors between
two interlocutors.
Ethnicity. Ethnicity, or ethnic identity of a person is constructed by
the person or by others based on factors that include language, religion, culture, appearance, ancestry, and regionality [Nagel, 1994].
Ethnic identity is a fluid concept that may change with time and context. In our work, we attempt to overcome this fluidity by defining
ethnic boundaries in terms of native language and countries of current or prior residency (refer to the definitions of AmE and Ar in this
section). Behaviors that are prevalent within ethnic groups and different across them are referred to as rich points (see below). Behaviors
that evoke an attribution of ethnicity are ethnic cues (see below).
Ethnically distinctive behaviors. Behaviors that differ between two
ethnic communities. We will overload the notion of rich points to include such distinctive behaviors. Not that not all ethnically distinctive
behaviors are ethnic cues.
Ethnic salience (ethnic cue). We refer to a behavior as ethnically
salient (or as an ethnic cue) if it can evoke an ethnic attribution by a
member of a target community. In other words, in this work, we say
that a behavior is salient of ethnicity A to members of ethnicity B; or
that a behavior is an cue of ethnicity A to members of ethnicity B.
Homophily. A tendency of individuals to associate and bond with
similar others.
Interlocutor. A participant in a conversation.
Languaculture. Languaculture is language with its context, including the situation and the interlocutor’s background. In relation to our
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experiments, we will sometimes refer to behaviors as being specific
to a certain languaculture (AmE or Ar). Since we follow the view of
culture in terms of the differences of languacultures, namely in terms
of rich points (defined below), we will use the term languaculture
where some other authors would use the term culture. Note, that in
case of the languaculture Ar, we will study the behaviors that are
expressed when speaking English as a second language.
Rich point. Rich points are behaviors that signal the differences
between languacultures [Agar, 1994]. We will also use this term in
a broader sense, to refer to distinctive behaviors between two ethnic groups. We distinguish rich points from ethnically salient behaviors, as not every difference between ethnic groups is a cue of ethnicity. For example, a Cantonese sentence ending particle “lah,” often
transferred into L2 English, is a rich point between American English
and Cantonese languacultures. However, unless the listener is familiar with this fact, hearing “lah” may not necessarily evoke attribution
of the speaker as a native speaker of Cantonese.
Robot character. In earlier work, we developed the notion of a believable robot character as a performer with a cohesive backstory, behaviors, and appearance [Simmons et al., 2011]. In this thesis, we are
concerned with robots that use appearance and behaviors to express
their sociodemographic identity, in particular, ethnicity. Throughout
the thesis, we will be referring to the combination of a robot’s appearance and behaviors that aims to express a sociodemographic identity
as a robot character.
1.4

thesis contributions

In this thesis, we advocate for an explicit treatment of ethnic identity
in the design of believable robot characters. The main contributions
of this work are as follows.
• Methodology for identifying salient ethnic behaviors via onscreen simulations and crowdsourcing. We combine these behaviors to create robots that evoke ethnic attribution. While this
thesis focuses on robot characters, this methodology can be potentially applied to the design of behaviors of on-screen agents.
• Evaluation of effects of human-robot ethnic congruence on interactions.
The main hypotheses of this thesis are as follows:
Hypothesis I (Ethnic attribution) Believable ethnic identity of robot
characters can be created using behaviors selected via lower fidelity
on-screen simulations and crowdsourcing.
Hypothesis II (Homophily) Human-robot ethnic congruence improves subjective and objective measures of interactions.

1.5 thesis overview

1.5

thesis overview

The remainder of the document is as follows. Background and related work is reviewed in Chapter 2. Chapter 3 describes our work
identifying culturally salient behavior candidates from existing studies and our own corpus of service encounters. Chapter 4 presents our
results in evaluating ethnic salience of verbal and non-verbal behavior candidates. In Chapter 5, we use selected behaviors to create ethnically salient robot characters and evaluate their ethnic attribution
and homophily in a controlled lab experiment. The technical implementation of this work is described in Chapter 6. Finally, Chapter 7
summarizes the results, and outlines directions of future work.
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H O M O P H I LY A N D A G E N T S W I T H A N E T H N I C
IDENTITY

We start the chapter with a review of work on homophily in humanhuman and human-agent interaction through similarity via the dimensions of gender, personality, and ethnicity. We then describe examples of agents (ECA and robots) with ethnic identities and position
owr own work in this space.
2.1

homophily in human-human and human-agent interaction

The insiders in a we-group are in a relation of
peace, order, law, government, and industry, to each other.
Their relation to all outsiders, or others-groups, is one of war and plunder....
Sentiments are produced to correspond.
Loyalty to the group, sacrifice for it, hatred and contempt for outsiders,
brotherhood within, warlikeness without—
all grow together, common products of the same situation.
— William Sumner, Folkways (1906)
Human social networks display homophily effects along a diverse
set of dimensions, from the easily accessible individual characteristics,
such as demographic factors of age, gender, ethnicity, religion, education and occupation (see McPherson et al. [2001] for an overview),
to deeper individual characteristics, such as personality (e.g. Selfhout
et al. [2010]). The effect of homophily is also observed in arbitrarily
defined dimensions of similarity. Namely, randomly categorizing people into groups can lead members to perceive outgroup members as
less trustworthy, honest, and cooperative than members of their own
group, even without any interaction between or within the groups
(see Brewer [1979] for an overview of research on factors affecting
ingroup bias).
The study of homophily between humans and agents has a shorter
history, with fewer dimensions of similarity explored and less agreement about the effect of similarity on performance. In this section,
we review work on human-human and human-agent homophily induced via similarity of gender, personality or ethnicity.
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2.1.1

Gender

Sex and gender homophily begins from an early age, with school children being more likely to resolve intransitivity of friendship relations
(namely, when A likes B, and B likes C, but A does not like C [Hallinan and Kubitschek, 1990]) by deleting a cross-sex friendship than
by adding another cross-sex friendship [Tuma and Hallinan, 1979] .
In fact, Tuma and Hallinan found that most children are more likely
to delete a same-sex friendship than to resolve the intransitivity by
adding a cross-sex one. These early inbreeding processes contribute
to development of adult gender homogeneity of both work establishments and voluntary associations (see McPherson et al. [2001] for
an overview). This gender homogeneity of real world work groups
sharply contrasts with studies that show that gender-heterogeneous
teams outperform homogeneous ones in many business scenarios
(see, for example, Hoogendorn et al. [2011]; Apesteguia et al. [2012]).
Gender preferences in service encounters display sensitivity to interaction scenarios. For example, patients generally prefer same-sex
physicians (e.g. Levinson et al. [1984]). On the other hand, men buying a massage service for no specific health reason tend to prefer a
masseuse, while the women’s choice is more mixed and is conditional
on a number of factors [Poria, 2008].
One of the early experiments with gendered computer-generated
speech showed that subjects liked and conformed more to a malevoiced computer but, controlling for this main effect, subjects conformed more to the computer voiced with a matching gender [Lee
et al., 2000]. In a followup study that used a cartoon character and
controlled for the gender stereotype of the task (sports versus fashion), Lee [2003] showed, however, that subjects’ conformity to the
computer agent is associated not with the interaction between the
genders but rather with the pairwise interactions between the subject
gender and the task and between the agent gender and the task.
Siegel et al. [2009] studied the persuasiveness of a museum robot
that varied its voice between pre-recorded human female and male
voices. They found cross-gender preference on measures of credibility,
while men rated the robot with the female voice as more trustworthy
and engaging. Men tended to donate more to the female-voiced robot,
while women donated more to female-voiced robot when they were
accompanied by another person.
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2.1.2

Personality

— Why don’t you give me a little bit on
personality traits that you are loooking for.
— Yes, I want her to be blond.
— Borat, Da Ali G Show (2003)
A study of friendship networks among just-acquainted late adolescents by Selfhout et al. [2010] showed that individuals tend to select friends with similar levels of agreebleness, extraversion and openness. A review of studies on personality composition of workgroups,
conducted by Halfhill et al. [2005], highlighted associations between
the group’s homogeneity with respect to personality traits and the
group’s performance. Halfhill et al. blame personality clash [Vaccaro,
1988] as one of the reasons of the performance decrease.
Studies of the relationship between personality dimensions and attraction of ECAs and robots have mixed results. Isbister and Nass
[2000] studied a full-body ECA that expressed extravertedness dimension of personality with both verbal and non-verbal behaviors. They
found that participants tended to prefer characters with personality
that is complementary, rather than similar, to their own. On the other
hand, using a mechanical face to express only non-verbal behaviors,
Park et al. [2012] showed that participants preferred the robot with
a similar valence of extravertedness. The participants did, however,
perceive the robot with complementary personality as more socially
present. Lee et al. [2006] reported complementary preference for the
valence of extravertedness expressed via verbal and non-verbal behaviors of a Sony AIBO. Tapus et al. [2008] found that an assistive therapy
robot that matched the valence of extravertedness of stroke patients
via verbal and non-verbal behaviors was successful in increasing the
durations of therapeutic interactions. However, robots are not always
easily attributed personality. For example, Woods et al. [2005] report
that personality attribution to a non-anthropomorphic robot is positively associated with technological experience and negatively associated with the participant’s age.
2.1.3

Ethnicity

Individuals who share similar demographic characteristics are drawn
to each another, as similarity provides a source of familiarity, predictability, comfort, and validation (see, for example, Williams and
O’Reilly [1998] for a review).
Studies of human workgroups show mixed relationship between
cultural diversity and workgroup outcomes (see, for example, Barinaga [2007] for an overview). For example, Watson et al. [1993] showed
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that culturally homogeneous (white) student work teams had better interaction and performed better on tasks of case analysis than
culturally heterogeneous (white, black, Hispanic, Asian and MiddleEastern) work teams. However, the so-called paradox of heterogeneity
presented by Blau [1977] suggests that national diversity can weaken
barriers instead of heighten barriers to effective performance in groups.
Thus, an analysis of performance of NHL teams in terms of winning
percentage reveals a U-shaped relationship between team national
heterogeneity and team performance [Phillips and Phillips]. In other
words, teams that are low and high on national heterogeneity outperformed teams that are in-between.
To explain these inconsistent findings, Ely and Thomas [2001] and
Barinaga [2007] suggest that deeper factors may be at play, such as
discourse about national identity. Behrend and Thompson [2011], for
example, refer to similarity expressed via appearance as shallow-level
similarity, as opposed to deep-level similarity achieved via matching behaviors and attitudes. In fact, expressing congruence (similarity) via ethnically specific non-verbal behaviors is shown to be a better predictor of attraction than ethnic congruence itself [Dew and
Ward, 1993]. In particular, Dew and Ward asked Palagi (white New
Zealand) women to interview one of two female confederates, who
was either Palagi or Samoan. Each of the confederates could express
Palagi and Samoan non-verbal styles, enabling 2 × 2 between-subject
design: confederate ethnicity × confederate non-verbal style. In the
authors’ words: “Findings revealed that nonverbal style, but not ethnicity, significantly affected person perception in intercultural encounters. More specifically, subjects preferred individuals who exhibited
culturally congruent nonverbal behaviors.” The fact that ethnic congruence may not be necessary for ethnic homophily suggests a possibility that a non-humanlike agent that is not capable of evoking an
ethnic attribution may still elicit a positive response by using congruent ethnic behaviors.
Ethnic congruence in agents, namely the property when the ethnic
identity expressed by an agent coincides with the ethnicity of a user,
is known to improve interactions. For example, Baylor and Kim [2003]
showed that African-American students may affiliate more strongly
with an African-American agent, and perceive it as more engaging
and more facilitating of learning. A later study by Baylor and Kim
[2004], however, showed that both black and white students learned
more with a black agent. Nass et al. [2000] compared a Korean and a
Caucasian agent, where the difference was expressed via appearance
only, and found that participants of the same ethnic group judged the
congruent agent as more trustworthy, attractive and competent, and
also conformed more frequently to the congruent agent’s decisions.
Iacobelli and Cassell [2007] studied story telling with Virtual Peers
(see Section 2.2) that expressed their ethnicity via both verbal and
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non-verbal behaviors. They found a trend where African American
children would tell back longer stories to the agent with congruent
ethnicity.
In the previous paragraph we outlined several studies that evaluate
homophily between users and on-screen agents. To the best of the author’s knowledge, ethnic homophily effects have been not tested with
robot characters. In the following section, we focus on the aspects of
design of an agent with ethnic identity.
2.2

designing agents with ethnic identity

When in Rome, they do as he does.
— The Most Interesting Man in the World,
Dos Equis TV ad by Euro RSCG
The majority of studies that involve ECAs with ethnically-authentic
traits model ethnicity through appearance of the agent and its language choice (for example, Spanish versus English). Similar bias towards appearance-based expression of ethnicity is observed in robot
characters, such as Ibn Sina [Mavridis and Hanson, 2009] and androids [Ishiguro, 2005]. On the other hand, a complete character design approach advocated by Hayes-Roth et al. [2002] suggests that ethnic, as well as individual variability, should be expressed in all of “the
ten key characteristic qualities that animate characters—distinguished
from other synthetic characters by their lively autonomy and individual personas—should posses.” These ten qualities, according to
Hayes-Roth et al. [2002], are identity, backstory, appearance, content
of speech, manner of speaking, manner of gesturing, emotional dynamics, social interaction patterns (e.g. how does the character address and react to other interactors depending on their gender, age
and status), role and role dynamics.
Recent years saw the development of ECAs that express their ethnic identity via some of these qualities, beside the appearance and
the choice of language. Many of them rely on the notion of national
culture, formalized by Hofstede [2001] via five dimensions of variability:
1. Small versus large power distance, or “the extent to which the less
powerful members of organizations and institutions (like the
family) accept and expect that power is distributed unequally.”
2. Individualism versus collectivism, or the degree to which individuals in the society are integrated into groups.
3. Masculinity versus femininity, or “how central a role traditionally
male values like earnings, recognition, advancement and challenge play in a society.”

Hofstede’s model
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4. Weak versus strong uncertainty avoidance, i.e “the extent to which
uncertain or unknown situations are seen as a threat.”
5. Long versus short term orientation. Long term orientation is association with such values as thrift and perseverance. Short term
orientation is associated with respect for tradition, fulfilling social obligations, and protecting one’s “face.”
In spite of the criticism, Hofstede’s model of national culture can
provide some intuitions about possible rich points. In Section 3.1.1,
for example, we will use the difference in power distance scores between a number of predominantly Arabic-speaking countries and the
US to speculate on the possible attitudes towards unequal status encounters and, as a result, ethnic differences in gaze behaviors of a receptionist. For now, we continue with the review of several advanced
ethnic ECAs.
Kyra (Kira, Kirita)
The Kyra (Kira, Kirita) character, is an adolescent girl from the US
(Brazil, Venezuela) [Hayes-Roth et al., 2002], who both speaks in the
appropriate dialects of American English (Brazilian Portuguese, and
presumably, Venezuelan Spanish), and also chooses ethnically-specific
conversation content (shibboleths) and displays localization-dependent
degrees of shame when discussing the fact that she is an orphan.
Some of the ethnic traits implemented by Hayes-Roth et al. [2002]
appear to be derived from speculations on values along the Hofstedelike dimensions of national culture, such as individualism and power
distance; others have no clear indication of their sources.
Virtual peers
Iacobelli and Cassell [2007] describe an African-American and CaucasianAmerican virtual peers that interact with children using elements
of either African American Vernacular English (AAVE) or Standard
American English (SAE), have different eye gaze patterns, but share
the same appearance. African-American children who participated
in the study showed a trend towards perceiving the agent’s ethnicity and mimicked the SAE virtual peer’s linguistic behaviors more
frequently. Verbal and non-verbal behaviors in this study were identified via corpus analysis of interactions between dyads of Caucasian
and African-American children. We deploy a similar approach by analyzing the videos of interactions between Ar and AmE in Section 3.2.
African American children were able to more readily recognize the
ethnic attribution of the agent with Caucasian behaviors, rather than
the ethnic attribution of the agent with African American behaviors.
This result is somewhat similar to the result of our final experiment,
where we were more successful in eliciting attribution of the robot as
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a native speaker of American English, rather than a native speaker of
Arabic (see Section 5.5.1).
Carmen
Yin et al. [2010] introduce Carmen, an ECA that attempts to promote healthy habits among older users by building long-term relationships. The adaptation of the agent from an Anglo-American to
a Latino-American population involved (a) changes in language of
power-distance, namely, appeals to authority “were reworded or removed to increase the counselor’s affinity,” [Yin et al., 2010] and (b)
appeal to collective activities, to reflect the findings from Hofstede’s
cultural dimensions research. The authors note the difficulties of targeting a particular culture, including the lack of access to the target
user population and lack of expertise in the target culture by the development team. The first part of this thesis attempts to address these
issues by using crowdsourcing (see Chapters 3 and 4).
CUBE-G
The German-Japanese project CUBE-G is one of the most extensive
data-driven efforts of identifying and generating ethnically-specific
behaviors. [Rehm et al., 2009b] describes how analysis of body movements of Japanese and German participants during interactions with
actor confederates was used to create a model that relates parameters of non-verbal behaviors and the values of Hofstede’s cultural
dimensions. Specifically, Rehm et al. [2009a] collected a cross-cultural
multimodal corpus of dyadic interactions in three scenarios (first encounter, negotiation, and interaction with an individual of a higher
status), that they annotated with respect to head, arm, and leg postures. They also coded gestures on the expressivity scale adopted
from Pelachaud [2005]. Finally, they trained a Bayesian network that
connects Hofstede’s cultural model parameters with the parameters
of posture and expressivity scales.
To the best of the author’s knowledge, there has not been a robot
character with a comparably explicit treatment of its ethnic identity.
This thesis addresses this gap.
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The primary goal of the study described in this chapter is to select
viable candidate behavioral cues of native speakers of American English (AmE) and native speakers of Arabic, as they are speaking English as a foreign language (Ar). In particular, we are focusing on a
specific type of service encounter: the interactions with a receptionist.
Similarly to the common approach of designing agents with ethnicity, we start with identifying rich points and maximally distinctive
behaviors from qualitative and quantitative studies. We focus on behaviors that are feasible in the Hala robot prototype, introduced in
Section 1.1.1. For example, its inability to move its base and torso,
or to perform translational motions with its head implies that we
cannot explicitly control interpersonal distance. We also exclude possible prosodic differences for the sake of keeping the scope of the
work within reach. Our primary focus among non-verbal behaviors
is gaze, head gestures such nods and head shakes, and facial expressions, such as smile. For the verbal behaviors, we are looking for differences in lexical choices, syntactic structure as well as pragmatic
strategies (e.g. giving an excuse).
First, we review the existing work on rich points between AmE and
Ar groups along these verbal and non-verbal dimensions. It is generally agreed that many of these behaviors are highly dependent on
the context. Since there are no studies of receptionist encounters, we
collected out own video corpus of such encounters, annotated and analyzed it. This section describes this data collection and analysis and
ends with a discussion of the candidates we select for the evaluation
of their ethnic salience by the studies described in Chapter 4.
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3.1

related work

3.1.1
3.1.1.1

Nonverbal behaviors
Gaze and status
Не смею требовать любви.
Быть может, за грехи мои,
Мой ангел, я любви не стою!
Но притворитесь! Этот взгляд
Всё может выразить так чудно!
Ах, обмануть меня не трудно!..
Я сам обманываться рад!
I do not dare to plead for love;
Love, for the sins I have committed,
I am perhaps unworthy of.
But make believe! Your gaze, dear elf,
Is fit to conjure with, believe me!
Ah, it is easy to deceive me...
I long to be deceived myself!
— Alexandr S. Pushkin, Confession (1826)
Translated by Katharena Eiermann

Amount of gaze on the interlocutor is associated with status (see
[Ridgeway et al., 1985] for an overview), where status can be defined
as “having control or influence over another or possessing privileged
access to restricted resources” [Mast and Hall, 2004]. Several studies
suggest that Arabic-speaking societies may have a different attitude
towards status than, for example, the United States. Nydell [1987],
for example, emphasizes the importance of family background and
social class in determining personal status in Arab societies (as opposed to individual character or achievement). Hofstede’s model of
national culture, introduced in Section 2.2, places “Arab world” (the
term he uses for Egypt, Iraq, Kuwait, Lebanon, Libya, and Saudi Arabia) at the high end of power distance spectrum, while the US is at
its lower end [Hofstede, 2001]. Since power distance is defined as
“the extent to which the less powerful members of institutions and
organizations within a country expect and accept that power is distributed unequally,” it is likely to be related with attitudes towards
status. In the context of our study, we can speculate a more significant status difference between the receptionist and the visitor in an
Arabic-speaking society, as opposed to the US.
How does the status differences affect gaze? Exline et al. [1975]
note that peers look more at their partners while listening than while
speaking, while high-status male ROTC officers looked at cadets about
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the same amount of time while speaking as while listening. Lowstatus cadets looked substantially more while listening than while
speaking. Ellyson et al. [1980] confirms this pattern among female
dyads. This pattern, however, may not be universal, as Johnson [1976]
reports that African Amercans tend to look at their conversation partner more while speaking than while listening. It has also been suggested by Argyle [1967]; Strongman and Champness [1968] that breaking first the initial eye contact is a nonverbal sign of deference or
submission.
If our hypothesis that status difference would be more apparent in
the behaviors of a receptionist and a visitor in an Arabic-speaking
society is true, and their behaviors in the unequal status encounters
are similar to those described in the cited studies, we could expect Ar
receptionists to exhibit more gaze on visitor during their own speech
as compared with AmE receptionists.
3.1.1.2

Head movement

Head movement has been studied in both the context of conversation
(e.g. by McClave et al. [2007]) and as emblematic gestures that can
be understood without speech (e.g. by Safadi and Valentine [1990]).
Safadi and Valentine note that side-to-side shake signaling negation
in American culture is now also used to some extent by Arabs, especially in Saudi Arabia. However, they claim that upward toss of
the head is still a common emblem for “no” in Arab cultures. As
for the head movements that co-occur with speech, McClave et al.
[2007] shows that native speakers of Arabic, Bulgarian, Korean and
African American English use the same patterns of head movements
to express inclusivity, lists of alternatives and diexis (i.e., referential
use of space). In addition, in each culture speakers used affirmative
head movements to elicit backchannels from their listeners: Bulgarian
speakers used lateral shakes, the other speakers used head nods.
Comparative studies, such as [Safadi and Valentine, 1990], suggest
cross penetration of previously ethnically specific behaviors. In particular, the upward toss of the head as “no” may not be as prevalent
as before. We hope our corpus analysis will give us more up-to-date
intuition on this issue.
3.1.1.3 Nonverbal behaviors in service encounters
In general, gaze (see Montague et al. [2011] for an overview) and
smile (see, for example, Kim [2009]) can play defining roles in the outcomes of service encounters. For instance, customers reported higher
satisfaction when they interacted face-to-face with a bank teller who
responded with contingent smile, rather than constant neutral or constant smiling expression [Kim, 2009]. The same data showed that
amused and polite smiles differ with respect to their temporal proper-
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ties [Hoque et al., 2011]. Analysis of verbal and nonverbal expressions
in the videos of inter-ethnic encounters of Korean retailers with Korean and African-American customers showed that these language
communities had different perception of function of socially minimal
and socially expanded encounters [Bailey, 1997].
The openly accessible CUBE-G corpus of nonverbal behaviors from
role plays of German and Japanese participants covers scenarios that
may be relevant for service encounters, including first meeting, negotiation and status difference [Rehm et al., 2009a]. However, we have
not been able to locate any nonverbal corpora of service encounters
between speakers of Arabic. Hence, we collected our own video corpus of receptionist encounters, which may be the first annotated corpus of nonverbal behaviors in receptionist interactions, and the first
annotated nonverbal corpus of service encounters freely available online at [Makatchev et al., 2012] (original video and audio data are not
included). We describe this corpus in detail below, in Section 3.2.
3.1.2

Verbal behaviors

A number of corpora of service encounters exists. While some of
them are concerned with encounters between members of different
languacultures, the work on Arabic service encounters is scarce. One
example is audio recordings of Syrian shopping interactions were collected and analyzed by Traverso [2001]. Shopping situations, have
some similarity to the receptionist encounters. For example, in the
simplest case, they both consist of several routine actions, with ritualized language patterns. In the shopping situations in Syrian Arabic,
it’s opening sequence, welcoming, offer of service, acknowledgment
of the request, agreement for buying, exchange of money, closing sequence. In the receptionist encounters in English, as we will see, the
sequence of steps is less involved: opening sequence, offer of service,
request for directions, the directions exchange with possible clarification questions, and closing exchange. Traverso discusses that Syrian
shopping exchanges can deviate from the routine, breaking into mutual “challenging activities,” separate from bargaining and independent of the customer’s decision to buy, that start with a face threatening act (e.g. criticism or confrontation). There is no telling if such
activities transfer into a second language. If we were to find this kind
of languaculture-specific behavior in Arabic receptionist encounters,
and if it was also present when native speakers of Arabic were speaking English as a second language, it would be welcomed as a rich
point that is a viable candidate for an ethnic cue.
In general, the following verbal behaviors are reported by Feghali
[1997] as shared by native speakers of Arabic: repetition, indirectness,
elaborateness, and affectiveness. It is not clear to what extent these
behaviors transfer into second language. The literature on pragmatic
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transfer from Arabic to English suggests that some degree of transfer
occurs for conventional expressions of thanking, apologizing and refusing (e.g. [Bardovi-Harlig et al., 2007] and [Ghawi, 1993]). Thus,
Ghawi [1993] notes that native English speakers used explanation
strategy (e.g. “I’ve been busy”) only in about 29% of the apology
situations, Native speakers of Arabic used explanation in 71% of situations when speaking Arabic, and in 76% of situations when speaking
in English as a second language. This data provides us with a backup
intuition for the design of the behavioral ethnic cue candidates, which
we will rely on, as most of the results of our corpus study are suggestive at best.
3.2

a cross-cultural corpus of annotated verbal and
nonverbal behaviors in receptionist encounters

To address the lack of nonverbal corpora of human receptionist interactions, we collected and annotated a corpus of dyadic interactions
between participants who play roles of a receptionist and a visitor.
Our hope was that, guided by intuitions described in the related work
(Section 3.1), we would identify distinctive verbal and non-verbal behaviors that could serve as viable candidates for behavioral cues of
ethnicity, that we could additionally evaluate for their ethnic salience
in a followup study. As we show in our analysis, some of the expected differences, such as in the amount of gaze on user, were not
found. In other cases, where the differences are apparent, the sparsity
of the data precludes us from claiming they are ethnically specific. In
the end, we had to rely on a combination of the intuitions from the
related work and the suggestive findings from our corpus analysis
to generate a broad range of behavior candidates, in hope that true
ethnic cues will be identified in our study on perceived ethnicity.
3.2.1

Data collection

3.2.1.1 Participants
We recruited via emails and posters in Education City in Doha, Qatar
and via announcements posted on bulletin boards across the CMU
campus in Pittsburgh, USA. The recruitment materials specified that
we were looking for native speakers of American English or Arabic
who are at least 18 years old. The majority of the participants (17 of 22)
were university students, staff, or faculty. The participants filled out
demographic surveys (figure 47, Appendix C) and evaluated themselves on a ten-item personality inventory (TIPI) Gosling et al. [2003]
and 20-item positive and negative affect scale (PANAS) Watson et al.
[1988]. The distribution of participants is shown in Table 1.
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Arabic
Doha
American English
Arabic
Pittsburgh
American English

Females

2 (2)

Males

6 (5)

Females

2 (2)

Males

3 (1)

Females

1 (1)

Males

1 (0)

Females

5 (2)

Males

1 (0)

Table 1: Distribution of participants between Doha and Pittsburgh experiment sites. The numbers of different participants in the receptionist
role, whose interactions were annotated, are shown in parenthesis.

People apply different criteria when they report their native language and mother tongue [Laitin, 2000]. For example, people may
refer to their ancestral language as their “mother tongue” even if
they do not speak it [Dorian, 1981]. To control for this, in addition
to asking their native language, we asked the participants to list the
countries they lived in for more than a year, and their ages at the time
of moving in and out of the country. All but 3 participants (who were
all in the American English condition in Doha) spent the majority
of their lives in the country where their native language is a primary
spoken language. A female participant in Doha changed her reported
native language from American English to Tulu, after asking the experimenter a clarification question. Her data remains in the corpus
although she is not included in the Table 1. One of the recruited subjects was an Arabic-speaking male professional receptionist. A female
native speaker of American English had prior experience working at
a reception desk. We will refer to these two participants as experts.
Interactions of several participants were not analyzed due to lack of
time or intentionally excluding them. In particular, data corresponding to two male participants playing a receptionist were excluded
from the analysis: one American English condition participant had
a strong East Asian accent and another Arabic condition participant
held himself too casually for a typical receptionist. However, interactions where these two male participants were acting as visitors are
included in the analysis.
Mean age of participants in Doha was 25 years (sample standard
deviation, SD = 7.8). In Pittsburgh, average age was 28.7 years (SD =
12.7). Native speakers of Arabic were on average 23.2 years old (SD =
4.2), while the average age of native speakers of American English
was 30.9 years (SD = 12.5).
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3.2.1.2 Procedure
After filling out the questionnaires, one of the participants was asked
to play the role of a receptionist while the other was ushered away
from the reception desk and instructed to ask the receptionist for directions to a certain location inside or outside the university building.
The location was picked by the experimenter from the following list:
library, restroom, cafeteria, student recreation room, a professor A’s
office, another building on campus. Visitors were asked to seek help
of the receptionist for directions using English language and then to
proceed towards their destination.
Most of the participant pairs were not familiar with one another.
The fact of familiarity, when clear, is noted in the annotations. Similarly, the annotations include information on whether the participant
had a thorough (works or studies inside the building) or passing
(works or studies in a nearby building) familiarity with the experiment site.
The sessions were held at 3 sites:
• Site 1: CMU Qatar lobby, the seat of an actual receptionist. A
chair was provided. There was a computer screen with the building directory standing on the counter, in front of and facing the
receptionist.
• Site 2: CMU Qatar lobby, the counter facing the direction opposite of Site 1, the security guard chair was vacated for the participant acting as a receptionist. There was no computer, but there
was a magazine placed on the counter in front of the receptionist. This site was used as an alternative to Site 1, to reduce the
disturbance to normal operations.
• Site 3: CMU Pittsburgh, an unoccupied receptionist counter on
the 5th floor of Gates-Hillman Complex. There was no computer, but there was a magazine placed on the counter in front
of the receptionist. A chair was provided.
In Doha, on-duty security guards were present in the vicinity of the
reception desk.
Each pair of participants would have 2-3 interactions with one of
the subjects as a receptionist, and then they would switch roles and
have 2 or 3 more interactions, depending on allotted time. After that,
the participants were debriefed on their experiences. Overall, more
than 60 interactions were recorded.
The interactions were recorded with 2 or 3 consumer-level high definition video cameras. Visitor and receptionist were each dedicated a
camera capturing their torso, arms and face that was positioned about
45 degrees off their default line of sight (namely, the line of sight that
is perpendicular to the front edge of the rectangular reception desk).
Most of the interactions would have a third camera capturing the side
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view of the scene. All cameras were in plain view. In addition to the
audio captured by the cameras, an audio recorder (iPod) was placed
on the receptionist desk.
3.2.2

Annotation scheme

Our main motivation for this corpus collection is to mine occurrences
and time profiles of verbal and nonverbal behaviors for potential rich
points. Consequently, we have chosen to annotate the data at the level
of granularity that minimizes the coding effort while at the same
time allowing to capture timing and major features of communicative events. For example, instead of annotating each of preparation,
hold, stroke, and retraction phases of a hand gesture (see Kita et al.
[1998] for the description of phases of body movements), we annotated an interval between the beginnings of the stroke and retraction
phases. Similarly, facial expressions were annotated as intervals approximately from the beginning of rise to the beginning of decay
phases, with some error inherent to manual annotation (see Hoque
et al. [2011] for the description of phases of facial expressions). The
annotation scheme, developed in the process of annotating the corpus, is summarized in Table 2.
Modality

Values

Speech

Transcribed utterances,
cluding non-words

Eye gaze

Pointing
(self-initiated),
pointing (following interlocutor), focus (interlocutor,
guard, desktop, down, up,
left, right, front, back, scattered, destination)

Face

smile (open or closed lips)

Head

nod, half nod, double nod,
multiple nod, upward nod,
multiple upward nod, micro
nod, shake

Hand

Pointing (left or right hand),
finger only

Torso

Sitting, standing, focus (left,
right, front, back, destination,
interlocutor, desk)
Table 2: Annotation scheme.

in-
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Coding nonverbal expressions, as well as transcribing ambiguous
speech, involves a degree of subjectivity. For example, the exact point
of gaze fixation within the recipient’s face is hard to identify even
by the recipient himself (as shown in the study by von Cranach and
Ellgring [1973]). In fact, Cook [1977] showed that a typical direct eye
contact consists of a sequence of fixations on different points on the
face. Since it is unclear whether the exact fixation pattern has any influence on social communication, in this study we do not distinguish
between different fixation points within the general face area (neither
does the video fidelity allow that). The author was the primary annotator. Three of the interactions were annotated by a second annotator
(associated with the study, but unaware of the exact study hypotheses
discussed in Section 3.1.1) with the F-scores between the two annotators’ temporal interval annotations for the receptionist’s speech, gaze
on user and pointing gazes equal to 0.94, 0.96, and 0.88, respectively.
The F-score of the transcribed receptionists’ speech histograms is 0.90.
The annotation is done using the multi-track video annotation tool
Advene [Aubert and Prié, 2005]. The tool allowed us to simultaneously annotate multiple modalities in a timeline interface. It was chosen over other annotation tools with similar capability due to its free
availability on Linux and relative stability of the code.
3.2.3

Note on the analysis

Analysis of such rich multimodal data is a complex task. We make it
feasible by limiting our analysis below to the modalities that are afforded by our robot prototype (see Section 1.1.1), namely gaze, neck
movements, facial expressions and verbal behaviors. The variety of
sites and destinations, combined with a relatively low number of subjects, requires care when comparing the data, since even the same
destinations will generally require different directions from different
sites. Therefore, we control for the total duration of the interaction for
aggregate durations of events, and focus largely on events of a smaller
scale, such as fragments of continuous gaze, occurrences of facial expressions and nods, and relative word frequencies. We conclude with
a qualitative analysis of a few cases of greetings, disagreements, and
failures to provide information.
3.2.4

Analysis: duration of interaction

The 46 annotated interactions with 13 participants acting as receptionists lasted about 1697 seconds (28.3 minutes) in total. Both Arabic and American English-speaking female receptionists had about
the same average duration of interactions (figure 2). Three interactions with the AmE male receptionist notwithstanding, on average,
female receptionists tended to interact longer than male ones (the
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Receptionist's native language and gender
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Figure 2: Duration of interactions with receptionists grouped by native language and gender. Interactions where receptionists were not able
to give any directions are excluded.

95% highest posterior density (HPD) interval for the male coeffiecient
is [−37.31, −2.49] and the linear model (LM) coefficient’s p-value is
0.026). Interactions were longer with visitors who are native speakers
of American English (the 95% HPD interval is [3.30, 29.26] and the
LM coefficient’s p-value is 0.063). Significant interaction were found
between male visitors and receptionists, with a positive effect on duration (the 95% HPD interval is [11.20, 52.44] and the LM coefficient’s
p-value is less than 0.001).
3.2.5

Analysis: gaze

3.2.5.1 Overview of gaze behaviors
Two gaze behaviors that make up the longest fraction of interactions
are gaze on visitor and gaze towards the landmark while pointing
(pointing gaze). Other gaze behaviors annotated included gaze at the
desktop computer (for Site 1) and gaze towards a particular direction
that is not the user or while pointing (referred to as other gaze). We
briefly review these gaze behaviors here and focus on each of them
in more detail in the sections that follow.
Fitting a linear model that predicts the amount of a receptionist’s
gaze on visitor given the duration of interaction (the scatter plot in
figure 3) yields the significance of the duration (b = 0.79, t(44) =
14.29, p < 0.01). The overall model’s fit also shows significance with
adjusted R2 = 0.8, F(1, 44) = 200.2, p < 0.01.
As seen in figure 3, the biggest outliers from the fitted line are
receptionists r1, r2, r4. All of them were in Site 1, and so either used
the computer (the expert Ar male receptionist r1) or looked at the
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Figure 3: Duration of a receptionist’s gaze on the visitor versus the length of
the interaction. Numbers correspond to the participants’ ids. The
line corresponds to the best linear fit, R2 = 0.8, F(1, 44) = 200.2,
p < 0.01.

33

identifying rich points

100
80
60
40
20

Duration of receptionist gaze pointing (s)

120

Receptionist's gaze pointing

● 12
6
16 ● 6 ● ●6 7 ● 7
● ●4 123
●●
15
13
19
111
12
● 416
● 7
11●●11●15
2●12
24●12
116
8131 8 2 ● 16 1
●●
●
1
1419
●1 15
● 16
● 16
1
●

●

7

●

19

0

●

0

20

40

60

80

14

14

100

120

Duration of interaction (s)

(a) Duration of a receptionist’s gaze pointing versus the
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(b) Duration of a receptionist’s gaze pointing versus the
length of the interaction (zoomed vertical axis).
Figure 4: Gaze on visitor and pointing gaze.
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Figure 5: Duration of a receptionist’s gaze on the visitor plus on the desktop
versus the length of the interaction. The line corresponds to the
best linear fit, R2 = 0.92, F(1, 44) = 535.9, p < 0.01.

screen (receptionists r2 and r4). The cumulative durations of on user
and on the desktop computer produces a linear fit shown in figure 5.
The duration is significant with b = 0.85, t(44) = 23.15, p < 0.01, and
the complete linear model is significant with R2 = 0.92, F(1, 44) =
535.9, p < 0.01.
It is interesting to observe in figures 4a and 4b that the duration
of pointing gaze does not grow proportionally with the duration of
interaction, and there is a relatively large range of pointing durations.
All longer pointing durations (8 seconds or longer) correspond to
female receptionists. More analysis and data would be necessary to
control for destinations, since they affect complexity of directions.
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3.2.5.2

Other gaze

Other gaze corresponds to gaze anywhere but towards the visitor (gaze
on visitor), and not towards the destination while giving directions
(gaze pointing) or while listening to the visitor repeating the directions
(gaze towards where visitor is pointing).
Figure 6a shows that apart from the clear outliers corresponding
to Site 1 (receptionists r1, r2, r3, and r4), durations of other gazes
increase relatively slowly with the duration of interaction. However,
observe that even the same receptionists exhibit a broad range of their
other gaze duration (e.g. r6 and r16).
Figure 6b shows durations of other gaze for the 3 interactions where
no directions were given as the receptionists admitted not knowing
the information. Notice the trend towards more of other gaze when the
receptionist did not know the directions. Thus, r15 spent 13.0 seconds
performing other gaze when she did not know the directions, versus
5.2 and 6.9 seconds when she did. Similarly, r16’s other gaze took 7.0
and 11.2 seconds when she did not know directions, versus 13.4, 2.7,
4.6 and 2.6 seconds when she did.
The data showed no associations of the amount of other gaze with
gender or ethnicity of either receptionists or visitors.
Figure 7 shows the estimated density of distribution of durations
of continuous other gaze intervals for Arabic and AmE female receptionists when they were able to give directions. Both distributions
peak at about the same value within 0.5–1 second range, although
AmE females exhibit a noticeable density peak in 2–3 second range.
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(a) Interactions where some directions were given.

120

Receptionist's other gaze

100
40

60

80

●

American English male
American English female
Arabic male
Arabic female

20

Duration of receptionist's other gaze (s)

●

● 15

● 16

0

● 16

0

20

40

60

80

100

120

Duration of interaction (s)

(b) Interactions where receptionists failed to give directions.
Figure 6: Duration of a receptionist other gaze (including gaze on the desktop) versus the length of the interaction.
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Figure 7: Gaussian kernel density estimate of female receptionist’s continuous other gaze durations. Interactions where receptionists were
not able to give any directions are excluded. The bandwidth is
selected automatically.
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Figure 8: Duration of a receptionist’s gaze on visitor versus the length of the
interaction. Interactions where receptionists were not able to give
any directions are excluded. The data is grouped by the receptionist’s native language and gender.

3.2.5.3 Gaze on visitor
The amount of gaze on user does not reveal any association with native language or gender of the receptionist or the visitor. The gentler
slope of the linear fit for male native speakers of Arabic (figure 8) is
in part due to the data points corresponding to Site 1, where all the
receptionists gazed on the desktop computer. An optimistic reader
could draw connections with our hypothesis that Ar receptionists
would exhibit less amount of gaze on visitor. We caution against such
wishful thinking, as the 3 interactions for AmE male receptionist are
based on a single subject and the difference is not present among
females.
As we discussed in Section 3.1.1.1, amount of gaze on listeners
during speaking can be associated with status differences. Therefore,
given the reported differences in power distance between AmE and
Ar languacultures [Hofstede, 2001], we expected to see an effect of
ethnicity on the amount of the receptionist’s gaze on visitors. However, this was not the case. Excluding the cluster of receptionists r1-r4,
who spoke while looking at the computer, and therefore gazed less
at the visitor, there is no significant associations between ethnicities
(either the receptionist’s or visitor’s) and the amount of gaze on visitor while speaking (figure 9). There is also no significant associations
with either receptionist’s or visitor’s genders.
Analysis of durations of continuous gazes on visitor shows that
Arabic speakers tend to have more of short-duration gazes lasting less
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Figure 9: Duration of a receptionist’s gaze on the visitor during the receptionist’s speech.

than 1 s (figure 10). This is true for both female and male subjects (figures 11 and 12). In fact, the mean duration of gazes on visitor for Arabic speakers is 2.78 s versus 4.40 s for speakers of American English
(p < 0.002). However, the difference of means for female speakers is
not significant (figure 13).
Gender of the visitor does not appear to affect the distribution of
continuous gaze on visitor.
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Figure 10: Distribution of durations of continuous gaze on visitor for speakers of Arabic and American English.
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Figure 11: Distribution of durations of continuous gaze on visitor for speakers of Arabic and American English. Female receptionists only.
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Figure 12: Distribution of durations of continuous gaze on visitor for speakers of Arabic and American English. Male receptionists only.
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Figure 13: Estimated distribution of durations of continuous gaze on visitor
for female speakers of Arabic and American English. Only interactions where directions were given are shown.
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Figure 14: Duration of a receptionist gaze pointing versus the length of the
interaction. As opposed to figure 4b, interactions where receptionists were not able to give any directions are excluded. Labels
correspond to the full interaction code: the receptionist’s id, the
visitor’s id and the id of the encounter for a given pairing of
receptionist and visitor.

3.2.5.4

Pointing gaze

Zero pointing for interactions r16v15i3 (the code stands for receptionist 16, visitor 15, and interaction 3), r16v17i2, and r15v16i3 correspond
to the cases where receptionists did not know the directions. Figure 14
shows the aggregate duration of pointing gaze and does not include
interactions where receptionist was not able to give any directions.
Differences within an individual behavior can be seen when comparing r16v15i1, which had little pointing, with r16v15i2 and r16v17i3. In
r16v17i3, the receptionist is confidently giving directions to the destination she has just learned herself (when she was playing a visitor).
The plots and linear fits (see Figure 15) suggest that there may not
be an effect of language but there may be an effect of the reception-
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Figure 15: Duration of a receptionist’s gaze pointing versus the length of
the interaction. Interactions where receptionists were not able to
give any directions are excluded. The data is grouped by native
language and gender.

ist’s gender. Indeed, fitting a mixed-effect generalized linear model
shows that male receptionists pointed with their gaze significantly
less than female ones (the 95% HPD interval for mixed-effects model
coefficient is [−12.13, −2.29] and the LM coefficient’s p-value is 0.002).
Also, receptionists of both genders tend to point less to male visitors (the 95% HPD interval for the mixed-effects model coefficient is
[−6.91, −0.09] and the LM coefficient’s p-value is 0.044).
Analysis of durations of pointing gazes shows a trend towards
short gazes (less than 1 s) for Arabic speakers, compared to the prevalence of gazes lasting between 1 and 2 seconds for speakers of American English (Figure 16). This trend is present for both female and
male subjects (Figures 17 and 18, respectively). Correspondingly, Arabic speakers tend towards shorter (less than 1 s) gaps between gazes
on visitor. Figure 19a demonstrates this tendency for Arabic females.
The skew of Arabic female receptionist’s continuous pointing gaze
durations towards sub-second glances is evident in the Gaussian kernel density estimate with an automated bandwidth selection, shown
in Figure 19b. Velichkovsky et al. [1997] (as quoted by Pfeiffer [2010])
described associations between cognitive levels of information processing and durations of gaze fixations. However, he did not distinguish among fixations lasting longer than about 500ms, attributing
all such gazes to communication tasks. While this discrepancy appears to be associated with ethnicity, its underlying mechanisms are
unclear. Thompson [2012] suggests that higher actual or perceived
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Figure 18: Distribution of durations of continuous pointing gaze for speakers of Arabic and American English. Male receptionists only.
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speed of gaze transitions, that might result from the shorter gaps in
gaze on listener, is one of the technics used in an actor’s portrayal of
lower status.
Gender of the visitor may have an effect on the distribution of the
contunous pointing gazes. For example, Arabic female receptionists,
when talking with male visitors, spend a fraction of time pointing
over durations of 7 to 9 seconds, while with the female visitors the
distribution of pointing gazes is concentrated in the interval between
0.5 and 3 seconds (Figure 20a). This pattern is not as pronounced in
American female receptionists (Figure 20b). However, small amount
of data per condition prevents us from making inferences.
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Figure 19: Gaussian kernel density estimates of female receptionist’s durations of gaps in gaze on user and durations of continuous pointing gaze. Interactions where receptionists were not able to give
any directions are excluded. The bandwidth is selected automatically. The dashed lines indicate the durations corresponding to
the modes of the density estimates.
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Figure 20: Gaussian kernel density estimates of female receptionist’s continuous pointing gaze durations with male and female visitors.
Interactions where receptionists were not able to give any directions are excluded. The bandwidth is selected automatically.
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3.2.5.5 Gaze in a conversation
Case studies of gaze behaviors in the context of a conversation can
yield some hypotheses for further evaluation. For example, compare
the gaze behaviors of the Ar female receptionist r4 with an Ar male
visitor v1 (figure 21) and AmE female receptionist r12 with Ar male
visitor v11 (figure 22). Notice the short glances towards the visitor
that punctuate fragments of the directions sequence spoken by r12.
These glances appear to precede visitor’s backchannels and therefore may play a role in maintaining engagement, i.e. are likely connection events Rich et al. [2010]. Receptionist r4, on the contrary, did
not glance at the visitor until the very end of the directions sequence.
These different gaze behaviors may reflect individual styles, genders
and cultures of receptionist-visitor pairs, or levels of comfort and expertise, among other possibilities. While the small number of subjects
prevents us from drawing such conclusions from our corpus, we will
evaluate how individuals perceive duration and frequency of mutual
gaze via a crowdsourcing study (Chapter 4).
3.2.5.6 Summary of gaze analysis
Contradicting to our hypothesis, there were no ethnic differences
in the amount of the receptionist’s gaze on visitor. Females tended
to point more for longer interactions, while males used a constant
amount of pointing gaze. Continuous pointing gazes tended to be
shorter for Arabic receptionists: the mode for Ar females was 0.82s
while the mode for AmE females was 1.19. We will use the duration
and frequency of the continuous pointing (and, as a side effect, mutual) gaze as one of the variability dimensions in the study of ethnic
attribution described in Chapter 4. Although the total amount of gaze
on visitor did not find convincing support in our data, we will use it
as another dimension of variability, since it has some support in the
related work.
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Figure 21: Interaction between the visitor v1 and the receptionist r4. Wide
vertical stripes represent intervals of speech. Narrow vertical
stripes represent (from left to right): intervals of visitor’s and
receptionist’s gaze towards the direction pointed by the receptionist, and visitor’s and receptionist’s gaze towards each other.
Color coding of these modalities is specified by the icons in the
upper part of the plots.
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Figure 22: Interaction between the visitor v11 and the receptionist r12. The
visitor’s eye gaze for this particular dialogue is partially inferred
from his head gaze. Wide vertical stripes represent intervals of
speech. Narrow vertical stripes represent (from left to right): intervals of visitor’s and receptionist’s gaze towards the direction
pointed by the receptionist, and visitor’s and receptionist’s gaze
towards each other. Color coding of these modalities is specified
by the icons in the upper part of the plots.
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3.2.6

Smiles and nods

For smiles and nods, we focus on the expert receptionists: an Ar male
and AmE female. The Ar male receptionist consistently combined his
verbal greeting (typically with “yes, sir”, or reciprocatory “hi”) with
a nod and slight closed smile. He also nodded as he backchanneled at
the visitors as they were confirming the directions, and as a response
to thanks during the closing (“you are welcome,” or “welcome, sir”).
The AmE female, on the other hand consistently greeted with an open
smile and “hi, how can I help you.” She only nodded during the
direction exchange and the closing (“you are welcome”).
Contradicting to the expectations, we did not observe any upper
head tosses, that may have the semantics of “no.” Some nods do appear to start with an upward motion, but we did not link it with any
ethnicity.
3.2.7

Lexical analysis

Sometime during my life toilet paper became bathroom tissue.
— George Carlin
Potential differences in the dialects of English spoken by Ar and
AmE participants may find their reflection in their lexical and syntactic choices. Similarly, possibile pragmatic transfer (see Section 3.1.2),
and differences in power distance are likely to affect word choices. We
attempted to identify potential differences in the surface realization
by performing N-gram frequency analysis.
• Only the Ar male expert receptionist used “sir.” The polite address was used in the greeting (“yes, sir”), direction giving (“sir
please go to one zero zero seven”), and closing (“welcome, sir”).
However, no receptionist said “madam,” or “ma’am.”
• While expressions “take a left (right)” were used by both nonexpert AmE and Ar speakers, expressions “turn left (right)” and
“go to your left (right)” were used exclusively by AmE speakers.
The expert Ar speaker never used the “take a left (right)” expression, instead saying “go to the right,” “walk that way.”
• “You may go” and “you may take the (central elevator)” were
used only by the Ar male expert receptionist and the Ar female
receptionist who was paired with the expert before as a visitor
(and who heard him use “you may take the (central elevator)”).
• “Go straight ahead” was used exclusively by AmE speakers,
while “go straight” without following modifier “ahead” was
used exclusively by Ar speakers.
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• Only the Ar male expert receptionist (r1) used “please”:
r1: sir please go to one zero zero seven
r1: hold on please
r1: just a second please

In the last two cases, the receptionist paused while looking up
the directions on the computer. It should be noted, however,
that, with one exception, the computer was used only by the Ar
expert receptionist.
• Three Ar receptionists responded to the closing “thanks” with
“welcome,” or “welcome, sir.” No AmE receptionist used this
response, normally saying the conventional “you are welcome.”
Using politeness markers “you may,” “please go,” as well as the
deferential term of address “sir,” fits well within the predictions of
Arab culture models that claim high power distance and importance
of relative status. Indeed, Brown and Levinson [1987] claimed that
the level of politeness is determined by “relative power ... the social distance ... and the ranking of the imposition.” Workplaces are
no exception, with “power and politeness ... inextricably intertwined
in every workplace interaction” [Holmes and Stubbe, 2003]. Finally,
Daller and Yildiz [2006] show that Hofstede’s power distance values
of nations can remain relevant in spite of global convergence.
Closing “welcome” instead of “you are welcome,” and phrasing
“go straight” instead of “go straight ahead” while specific to Ar subjects in our corpus, at the time were interpreted by the author, perhaps naively, as indicators of English proficiency, rather than indicators of Arabic native language. However, “welcome” as response to
thanks can be interpreted as a transfer from Arabic “ahlan,” that can
be used both as a response to thanks and as a welcoming to one’s
house. Wertheim [2013] referred to this phenomenon as L1 semantic
and pragmatic mapping into L2. These phrases, together with “take a
left (right),” “turn left (right),” and “go to your left (right),” would
be good candidates for further evaluation of their ethnic salience via
crowdsourcing, as described in Chapter 4. As we discuss in the end
of this chapter, we considered the set of the candidate behaviors that
we identified sufficiently large, and did not include every possible
candidate into the crowdsourcing study.
3.2.8

Conversation analysis

Due to the scarcity of the dialogue data, we performed a conversation
analysis of a number of representative cases. We focus our conversation analysis on dialogue acts that are common in receptionist interactions and are reported elsewhere as places of high cross-cultural vari-
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ability (e.g. [Feghali, 1997; Bardovi-Harlig et al., 2007; Ghawi, 1993]):
greetings, disagreements, and failures to provide information.
3.2.8.1

Greetings

Although Feghali suggested analysis of Arabic greetings, not much
work on Arabic conversation openings, especially in service encounters, exists. A special case, phone conversation openings, has been
compared between Palestinian and American English languacultures
by Awadallah [2009]. Awadallah reports that Palestinian Arabic speakers, in contrast with speakers of American English, often duplicate
“how are you,” namely, the Arabic analogue is said more than one
time by the same speaker. Similarly Saadah [2009] reports that Arabic
“how are you” exchange can take multiple turns. These differences in
telephone conversation openings suggest that similar tendencies may
exist in face-to-face interaction.
In our corpus data, Ar receptionists show tendency to greet with
“hi, good morning (afternoon),” and “hi, how are you?” AmE receptionists tended to use simple “hi,” or “hey,” or “hi, how can I help
you?” The expert AmE female receptionist used “hi” and a broad
smile with lifted eyebrows. The Ar male expert receptionist greeted
the same Ar male visitor with “yes, sir” and a nod in both of their
encounters. In their first encounter, the receptionist initiated:
r1: Yes, sir
v3: Hello
r1: Hi

In their second encounter, the receptionist responded to the visitor’s greeting:
v3: Hello, I am so sorry
r1: Yes, sir

Responding to the visitor’s traditional greeting “as-salamu alaykum,”
the expert Ar receptionist used the canonical “wa alaykum s-salam,”
which can be translated as “peace be upon you,” and “and to you be
peace,” respectively. No other instances of code-switching between
English and Arabic were observed.
3.2.8.2 Failure
Failure to meet expectations is commonly followed by an apology,
and apology strategies differ across languacultures. For example, Ghawi
[1993] studied the use of following strategies: an expression of apology (“I am sorry”), an explanation (“I’ve been busy”), and acknowledgment of responsibility (“It was my fault”), an offer of repair (“Can
I help you?”) and a promise of forbearance (“It won’t happen again”).
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(a) Before the onset of lip stretch.
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(b) At the peak of lip stretch.

Figure 23: Receptionist r15 before and at the peak of lip stretch (AU20).
Used with permission.

Ghawi found an evidence of transfer of the frequently used explanation strategy into English spoken as a foreign language by native
speakers of Arabic. We can expect that several of these strategies are
applicable to the situation of handling the failure of giving the visitor
the requested information.
On 7 occasions, the receptionist did not know some aspects of the
directions to the destination. Some handled it by directing the visitor
to a building directory poster or by advising to search for directions
online. Others just admitted not knowing and did not suggest any
workaround. Some receptionists displayed visible discomfort by not
being able to give directions.
On two occasions receptionists offered an explanation for not knowing the directions. Thus, AmE female r6 said:

Explanation

r6: i am not hundred percent sure because i am new

Meanwhile, Ar female r16 said:
r16: i don’t know actually his name, that’s why i don’t know
where his office

An AmE female r15 used a lower lip stretch (figure 23) and an
emphatic:
r15: I have n... I have absolutely no idea I’ve never heard
of that professor and I don’t know where you would find it.

She then went on to suggest to the visitor (v16) to look up the
directions online. Interestingly, the visitor v16, who previously, as a
receptionist, used an excuse and did not offer a repair, adopted r15’s
strategy and facial expression (lip stretcher, AU20 of the Facial Action
Coding System (FACS) by Ekman and Friesen [1978]) when acting as
a receptionist again with the visitor v17:
r16: i have no idea actually. you can look up like online or
something

Offer of repair
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This example highlights the entrainment effects in our corpus. Since
each subject participated in multiple interactions, usually with multiple interlocutors, the likely carry-over and entrainment effects may
have reduced apparent intergroup differences. A deeper analysis, facilitated by a bigger amount of data, could account for the interaction
history.
Although Ghawi [1993] found that native speakers of Arabic used
an explanation strategy much more than native speakers of English,
both when speaking their native Arabic and when speaking English
as L2, the few failure cases in our data did not allow us to draw
such inferences. The data is, however, useful for us to borrow the
realizations of the apology strategies (phrasings) for the stimuli of
the failure-handling behaviors used in our studies described in the
following chapters.
3.2.8.3

Disagreement

On 7 occasions, a visitor tried to correct the receptionist, or incorrectly recited the directions when trying to confirm them. The receptionist responded in one of the three ways: (1) disagreed directly and
followed with a correction, (2) disagree indirectly by providing the
correct information, or (3) distanced himself from a disagreeable information by referencing the information source.
(1) The Ar female receptionist r7 directly disagreed and corrected
Ar male visitor v8:
v8r7: Okay, so I just go all the way down there and...
r7v8: No, you take the elevator first.

(2) The expert Ar male receptionist r1, however, did not disagree
directly with Ar male visitor v2:
r1v2: This way. Go straight.. (unclear) to the end.
v2r1: So this (unclear) to the left.
r1v2: Yeah, to the right. Straight, to the right.

Similarly, the AmE male receptionist r14 just gave the correct directions, when the visitor v10’s clarification question had wrong information.
(3) The same expert Ar male receptionist distanced himself from
the disagreeable information with another Ar male visitor1 :
v3r1: I think he moved upstairs, right?
Second floor. [He uses dean’s office?]
r1v3:

[Mm::

]

according

to my directory it’s one one one zero zero seven.

1 Square brackets are aligned vertically to show overlapping speech and colons denote
an elongation of a sound.

3.3 summary

We did not have clear predictions for differences in handling disagreements between Ar and AmE participants. On one hand, indirectness and power distance ascribed to Arabic languacultures could
result in avoidance of face threatenings forces that come from direct
contradiction. Refusals, which are similar to disagreements in that
they can also be realized via direct and indirect negation, are inappropriate in some situations for native speakers of Arabic. Nelson
et al. [2002] note that such situations include refusing an interlocutor
of higher status and refusing an invitation to dinner from a friend. In
other contexts, however, Nelson et al. [2002] shows that both L1 English and L1 Arabic speakers use significantly more direct strategies
than indirect ones.
Our data, too, shows that Ar receptionists can disagree directly
and indirectly. We hope that further evaluation of the disagreement
strategy would help to evaluate its usefulness for ethnic attribution.
3.3

summary

In this chapter, we reviewed the literature on rich points between
Arabic and American English languacultures and collected our own
corpus of receptionist interactions to identify rich points in this particular type of a service encounter. Some trends that correlate with
languacultures were observed, in particular for distributions of durations of continuous pointing gazes. Other results are qualitative and
are suggestive of associations between linguistic behaviors and such
facets of the identity as expertise, gender, or ethnicity.
Analysis of our corpus data suggests that the difficulty of inferring rich points and their realization in a new context is inherent to
both qualitative and quantitative studies. In short, no clearly distinct
behaviors between Ar and AmE groups were found. However, our
analysis and the related work allows us to formulate hypotheses on
the realization of the potential rich point behaviors, which we will
evaluate in the next chapter.
We hope that our multimodal annotated corpus of receptionist encounters will be useful to the community. Its annotations are freely
available online [Makatchev et al., 2012].
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In previous chapter we discussed that rich points and rich point candidates between AmE and Ar communities, identified in related work
and in our corpus analysis, require further evaluation, for the following reasons: (a) rich points from related studies may not be applicable
to our specific context of receptionist service encounters, (b) most of
the behaviors identified via corpus analysis are only candidate rich
points, as they may be associated with expertise or an individual, and
finally (c) even true rich points may not be salient ethnic cues. The
goal of the next stage of our methodology is to evaluate rich points
and rich point candidates on their salience as cues of ethnicity. In particular, we would like to select behaviors that are cues of Ar ethnicity
to members of Ar, AmE, or both, and, similarly, we would like to
find cues of AmE ethnicity for Ar, AmE, or both ethnic groups. Such
behaviors, when identified, can be implemented on the robot prototype which can be further evaluated in a smaller study with colocated
participants.
Estimating ethnic salience of a large set of behaviors requires a
large group of participants from both ethnic groups. In our work, we
solve this problem by conducting the study online and recruiting the
participants via an online workforce marketplace, Amazon’s Mechanical Turk (MTurk). This method of data collection is an example of
crowdsourcing, defined by Howe [2006] as “ the act of a company or
institution taking a function once performed by employees and outsourcing it to an undefined (and generally large) network of people in
the form of an open call.” Following crowdsourcing terminology we
will sometimes address participants recruited via MTurk as workers.
Online crowdsourcing of our task behavior evaluation by ethnic
communities is not as straightforward as we can hope. First, not every
community is equally represented in online workforce, making the
recruitment of workers from underrepresented communities harder
and more costly. Second, online stimuli, such as text, or even video,
may not have as much effect as a colocated robot would. The ability
to select cues of ethnicity via crowdsourcing from rich points and
rich point candidates is an integral part of the first hypothesis of this
thesis:
Hypothesis I Believable ethnic identity of robot characters can be created using behaviors selected via lower fidelity on-screen simulations
and crowdsourcing.
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In this chapter, we describe our pilot study on applicability of
crowdsourcing to evaluating personality and naturalness (used as a
proxy for ethnic attribution) of dialogue transcripts presented as text.
Encouraged by our results, we conducted a study that evaluated verbal and nonverbal candidate behavioral cues of ethnicity rendered
on a robot and presented as videos. The stimuli in the latter study
are evaluated on perceived animacy, anthropomorphism, likeability,
intelligence, safety, and ethnic attribution. Results are not as easy to
interpret for the purpose of selecting ethnic cues as we would hope.
However, together with intuitions from related work on rich points,
they allow us to narrow down the set of candidate ethnic cues and
proceed towards implementing them in a robot prototype, and testing
its ethnic attribution, as described in Chapter 5.
4.1

crowdsourcing hri

As we defined in the beginning of this chapter, crowdsourcing refers
to outsourcing tasks to a large group of people through an open call
(as opposed to traditional employee recruitment). Crowdsourcing on
the Web has recently gained popularity as a tool for conducting inexpensive and large-scale user studies. In human-robot interaction
studies, Lee et al. [2010a], for example, used videos to introduce two
robot prototypes, and described the actual test items using text and
schematic imagery. The study evaluated user’s perception of different
strategies, realized as utterances spoken by the robot, for mitigating
breakdowns in the task of bringing a can of soda. Chernova et al.
[2010] used online multi-player games to collect situated dialogue
data in the environment that mirrors an actual robot deployment scenario.
Crowdsourcing has been proven especially effective for labor-intensive
natural language processing tasks, such as translation, information
extraction and annotation [Callison-Burch and Dredze, 2010]. Crowdsourcing is particularly attractive for the opportunity to recruit study
participants native to a particular locale. Higgins et al. [2010], for
instance, reports that their tasks formulated in Arabic language attracted encouragingly high participation of workers from Arabic-speaking
countries of Morocco, Egypt, Lebanon, Jordan, UAE and Dubai, in
spite of the low overall proportion of workers from these countries [Ross
et al., 2010].
Nevertheless, there are well known difficulties associated with crowdsourcing. First, special measures must be taken to ensure reliability
of the data. The common undesirable issues for questionnaire tasks
are multiple participation by one person, random answering, and
demand characteristics (where subjects change their behavior in response to being measured) (see, for example, [Kittur et al., 2008]). We
will outline how we addressed these issues in Section 4.2.5.
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Attracting participants in an online market place like MTurk requires adjusting the monetary reward according to the workforce
supply. In our studies we performed these adjustments manually, on
batches of 10 or 20 tasks at a time. While reward for workers from the
US was usually close to the minimum US wage (7.25 USD per hour),
recruiting workers from Arabic speaking countries at times required
up to 10 fold increase of pay. Other, non-monetary rewards, may be
more successful in attracting scarse worker populations. For example, games with a purpose (see, for example, von Ahn and Dabbish
[2008]) attract users by being fun to play.
4.2
4.2.1

evaluating verbal behaviors via text stimuli
Motivation

The goal of this pilot study is two-fold. First, it is to evaluate the
feasibility of online crowdsourcing as a methodology for evaluating
perception of linguistic stimuli across the communities of AmE and
Ar workers. Second, shall the crowdsourcing work, the stimuli that
receive different perceptual scores across user communitives can be
considered as rich points. Note that this study was conducted before
the corpus collection described in Section 3.2. Therefore, we developed the stimuli for this study relying exclusively on related work
on pragmatic transfer and cultural models (reviewed in Section 3.1).
Hence, even though the study will allow us to identify linguistic stimuli that are perceived differently by AmE and Ar participants, we will
not use the exact realizations of those stimuli in our further studies.
Instead, we will use the rich points identified in this study as a guidance for the selection of categories of stimuli for a followup study,
described in Section 4.3.
4.2.2

Procedure

After a demographic questionnaire (Appendix A, figure 47) each recruited Amazon’s Mechanical Turk (MTurk) worker was presented
with a sequence of web pages, one dialogue per page (Appendix A,
figure 39). The instructions requested the worker to imagine that he is
visiting a university building for the first time and sees a female receptionist who appears to be in her early 20s and of the same ethnic background as the participant. The following transcript is the dialogue
that occurs between the participant and the receptionist. The dialogue
is followed by the questionnaires: in one version of a study, it consists
of the items of the Ten-Item Personality Inventory (TIPI [Gosling et al.,
2003]), and in the other version it is a single item of naturalness on a
7-point Likert scale (for consistency with TIPI questionnaire).
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The experiment used crossed design with the following factors:
linguistic variability dimensions (verbosity, hedging, alignment, or
formality—discussed in detail in Section 4.2.3), valence (negative, neutral control, or positive), dialogue acts (greeting, question-answer, disagreement, or apology), ethnicity (with levels American English and
Arabic). Each participant is presented with 12 dialogues corresponding to 3 values of valence of one of the dimensions of variability
across 4 dialogue acts. The naturalness version of the study, being
less labor intensive with only one item in its questionnaire, presented
each particular with 24 dialogues, corresponding to two dimensions
of linguistic variability. Hence, valence and dialogue act were withinsubject factors, while linguistic variability dimension were treated as
an across-subject factor, as well as ethnicity and gender. Within each
session the items were presented in a random order to minimize possible carryover effects.
In addition, each participant received one validation dialogue with
a dialogue intended to be unambiguously unnatural if the participant
indeed speaks American English or Arabic, depending on the ethnicity condition (see tables 11 and 12).
Upon completion of the study, the participant was presented with
a random code to enter into MTurk’s form in order to claim the
payment. An experimenter had an opportunity to inspect the participant’s data before authorizing the payment. A small number of
participants failed validation questions and were banned from future
participation.
4.2.3

Stimuli

This study was performed before the corpus collection and analysis
described in Chapter 3, so the stimuli selected was guided purely by
review of related work.
4.2.3.1 Rationale
We choose verbal stimuli according to their potential for being rich
points between native speakers of American English and Arabic. [Feghali,
1997] summarizes the following linguistic features shared by native
speakers of Arabic: indirectness, elaborateness, and affectiveness. The
two questions relevant for our study are: (1) to what extent are these
features transferred to native speakers of Arabic speaking English,
and (2) what are the linguistic devices that realize these features.
The literature on pragmatic transfer from Arabic to English suggests that some degree of transfer occurs for conventional expressions of thanking, apologizing and refusing (e.g. Bardovi-Harlig et al.
[2007] and Ghawi [1993]). We hypothesize that the transfer is present,
or at least favorably perceived by native speakers of Arabic, in the dialogue acts relevant to receptionist dialogues. In addition to apologies,
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these dialogue acts include greetings, answering information questions, and disagreement. Our experiment on scoring of naturalness
of linguistic expressions is aimed at evaluating the perception of such
transfer.
Indirectness, elaborateness, and affectiveness can be realized through
multiple linguistic devices. Here, we are limited both by the size of
the experiment with respect to the stimuli and the number of subjects, as well as by the behaviors that we can realistically generate
in dialogue systems. One of devices that may be relatively easy to
realize is verbosity. We use intra-turn verbosity for all dialogue acts
except for greeting, for which, based on the ethnography by Suzanne
Wertheim (reported in Hobbs and Sagae [2011]), we use discourse verbosity measured by the number of turns. Hedging has been found to
be useful for expression of personality ([Mairesse and Walker, 2010]).
We select it, speculating that it may be a plausible way of realizing
indirectness in English by L1 Arabic speakers. Alignment (namely,
using the same words or syntactic structures by multiple interlocutors), or its lack, are associated with affective language (Isard et al.
[2006]).
Finally, cross-cultural differences in social distance and power status relationships affect the politeness strategies used by native speakers of English and Arabic (e.g. Atawneh [1991], cited in Farahat [2009]).
Out of many linguistic devices that realize politeness strategies in English and Arabic, we have chosen a few that we united under the
term formality. They include address forms (“sir”/ “madam”), jargon
and slang (“what’s up?”), and deference markers that target negative
face [Brown and Levinson, 1987], such as “kindly (follow...)”, “I am
afraid.”
An additional argument in favor of the dimensions of verbosity,
hedging, alignment and formality as potential rich points is that they
play a strong role in inferences about the personality of speaker (see,
for example, an overview in Mairesse and Walker [2010]). Personality perception and personality types suitable for particular tasks are
known often to be potential rich points [Rushton, 1999].
4.2.3.2 Realization
And, boy, we went to talking.
She said “yeah,” and I said “yeah,”
And we went to having a real good time.
— Blind Mississippi Morris and Brad Webb,
Juke, Back Porch Blues (1999)
We designed linguistic stimuli by varying sentence structure and
lexical choice along the four dimensions of verbosity, hedging, align-
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ment, and formality. We define these dimensions in more detail below.
• Verbosity corresponds to the number of words per turn (intraturn verbosity) or number of turns (inter-turn verbosity). Positive valence of verbosity corresponds to more words (turns).
We increased intra-turn verbosity by using complete syntax versus truncated, such as “the library is on the second floor” versus just “second floor.” Verbose greeting is realized by treating asking “How are you?” which is treated as an informationseeking question that requires a response and a reciprocal question, such as “I am doing well, thanks, you?” resulting in a
multi-turn exchange. Positive and negative valences of verbosity
across all dialogue turns are shown in table 7.
• Hedging corresponds to the number of tentative words (“maybe”,
“perhaps”, etc.) or expressions of uncertainty (“I think”, “if I am
not mistaken”), where positive valence of hedging corresponds
to a larger number of tentative words or expressions of uncertainty (see table 8).
• Alignment corresponds to the choice of syntactic structures or
words that mimic those of a conversation partner (interlocutor).
Positive alignment corresponds to preference towards the choices
of the interlocutor, specifically, higher overlap in syntactic structure and lexical choice. An example of a lexical alignment would
be both interlocutors using the same synonym, such as “bathroom”, instead of one interlocutor using “bathroom” and the
other “restroom.” An example of a syntactic alignment in the
context of a greeting would be the pair of utterances “How are
you doing?” and “I am doing well”, as opposed to a non-aligned
pair “How are you doing?” and “Not bad.” The alignment stimuli across all dialogue turns are shown in table 9.
• Formality corresponds to a degree of social distance expressed
in the language. Positive formality is realized via a choice of
words and syntactic structures, specifically, terms of address
that highlight social distance, demonstrate reverence, humble
the speaker and elevate the addressee. In our case we use “sir”
and “madam” as formal terms of address, polite markers such
as “kindly (follow...),” humbling devices “I am afraid” and “I
have to apologize” (see table 10).
Since we are primarily interested in dialogue, the stimuli include
fragments of dialogues consisting of 2 to 6 consecutive dialogue turns
by two interlocutors. For each dimension of language variability and
each of two valences (and a neutral control condition shown in Table 6) we present dialogue fragments corresponding to four dialogue
acts of greeting, answer to a question, disagreement and apology. The
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participant is asked to imagine that he or she is the visitor and the
other interlocutor is described as a “female receptionist in her early
20s and of the same ethnic background” as that of the participant. The
description of the occupation, age, gender and ethnicity of the interlocutor whose utterances the participant is asked to evaluate should
provide a basic context and help avoid variability due to the implicit
assumptions that subjects may make. An example of a web page presenting an item of the stimuli, including the description of the context,
a dialogue fragment and the naturalness item, is shown in figure 24.
Appendix A.1 contains an example page with personality scale questionnaire (figure 39) and the full set of stimuli (Tables 6–10).
Imagine that you are visiting a university building for the first time and see a
female receptionist who appears to be in her early 20s and of the same ethnic
background as yourself. The following conversation takes place between you
and the female receptionist. (This text will not change from page to page, but
the conversations below will be different.)
You

Receptionist

Good morning.
Good morning. How are you today?
I am doing well, thanks. You?
Very well, thank you.
How’s your family?
Everyone is doing fine, thanks.
How about yours?
Mine is doing well too.
How may I help you?
Do you agree that the Receptionist’s utterance was natural?
Disagree

Disagree

Disagree

Neither

Agree

Agree

Agree

strongly

moderately

a little

agree nor

a little

moderately

strongly

d

disagree

1

d

2

d

3

4

d

5

d

6

d

7

d

Figure 24: A rendering of the web page that presents a positive verbosity of
the greeting with the naturalness question. Symbol represents
HTML radio button element.

d

4.2.4

Measures

We ran two versions of the study in parallel. In one version, participants were asked to evaluate the receptionist’s utterances with respect
to measures of personality using the ten-item personality question-
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naire (TIPI, see Gosling et al. [2003]). In the other version, participants
were asked to evaluate the receptionist’s utterances with respect to
their naturalness on a 7-point Likert scale. We used the naturalness
item as a proxy for ethnicity, assuming that a behavior that is natural
for a participant of ethnicity A, and not natural for a participant of
ethnicity B, is a potential rich point. Although the naturalness item
performed reasonably well (i.e. several stimuli were rated differently
on naturalness by the participants of different ethnicities), in further
studies we switched to more direct questions on ethnic attribution,
hoping to measure perceived ethnicity in a more direct way.
The TIPI measure has been previously used in evaluating the personality of text fragments by Mairesse and Walker [2008]. It is shorter
than other personality inventories (notably, the 240-item inventory
NEO-PI-R proposed in Costa and McCrae [1992]) and at the same
time it retains a high degree of accuracy [Gosling et al., 2003], making it suitable for studies that require repeated measures of multiple
stimuli.
In the naturalness version, we replaced the TIPI questionnaire with
the question “Do you agree that the receptionist’s utterances were
natural?” A similar measure of naturalness has been previously used
in evaluations of computer-generated speech by Mairesse and Walker
[2010].
In summary, the naturalness version of the study had one question
per stimulus, as opposed to ten questions per stimulus in the personality version. In an attempt to balance the workload of participants,
we doubled the number of stimuli presented to each participant in
the naturalness version, by presenting within one session the 24 conditions that correspond to two dimensions of linguistic variability.
4.2.5

Subjects

We recruited native speakers of American English from the United
States and native speakers of Arabic from any of the countries of
North Africa and Middle East with a significant fraction of Arabicspeaking population, namely Algeria, Bahrain, Egypt, Iraq, Jordan,
Kuwait, Lebanon, Libya, Morocco, Oman, Palestinian Territories, Qatar,
Saudi Arabia, Sudan, Syria, Tunisia, United Arab Emirates, and Yemen.
Since this is a pilot study, we did not have good estimates of the expected effect size. We judged that for an effect of 0.5, with power of 0.6
at significance level 0.05 we would need around 22 participants. We
recruited participants via MTurk until each study condition (a combination of a dimension of linguistic variability, measure, and ethnicity
of the participant) was successfully completed by at least 25 participants and at least 10 of each gender. Since tasks (or HITs, Human
Intelligence Tasks, in Amazon’s lingo) were requested in batches of 5
or 10, some conditions were completed by a few more subjects than
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the minimum required. Due to the lower rate of participation, there
were only 13-20 participants per each of the Arabic conditions. Nevertheless, the existing data has proved sufficient to draw a number of
statistically significant inferences.
Upon completion of each HIT, participants received monetary reward as a credit to their MTurk account. Special measures were taken
to prevent multiple participation of one person in the same study
condition: the study website access would be refused for such a user
based on the IP address, and MTurk logs were manually checked for
repeated MTurk user names to detect logging into the same MTurk
account from different IP addresses.
Overall, we noticed lower participation of workers from Arabic
speaking countries as compared with workers from the United States.
This led us to deploy a number of techniques, suggested by Higgins
et al. [2010] to help promote the study among Arabic speaking MTurk
worker community:
• We added descriptions in Arabic language and script to the titles of the HITs.
• We temporarily increased rewards for a subset of HITs to help
promote the study among workers. Such an increase also pushes
HITs towards the top of search results ordered by the amount
of reward.
• We reposted HIT requests frequently (on a daily basis) to ensure
high rating of the HITs in search results ordered by recency.
The demographics of the study participants by countries is shown
in table 3. We counted each participant and study combination once,
since a participant was allowed to take any subset of the 6 study
conditions (4 conditions with the personality measure and 2 conditions with the naturalness measure). While we attempted to balance
the conditions by gender, we observed a bias towards higher female
participation among American workers and an opposite bias towards
male participation among workers from the Arabic speaking countries. In total, there were 100 male and 55 female participants in the
Arabic condition, and 63 male and 103 female participants in the
American English condition. Interestingly, Ross et al. [2010] reported
similar biases by sampling workers from the United States and India.
4.2.6

Results

We fitted linear mixed-effects (LME) models [Pinheiro and Bates, 2000]
to the data and performed model selection using likelihood ratio tests.
For the rationale on the model fitting technique, we refer the reader
to Appendix A.2. The comparison of models fitted to explain the personality and naturalness scores (controlling for language and gender)
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Language

Country

N

Arabic

Algeria

1

Bahrain

1

Egypt

56

Jordan

32

Morocco

45

Palestinian Territory

1

Qatar

1

Saudi Arabia

5

United Arab Emirates

13

Total

155

United States

166

American English

Table 3: Distribution of study participants by country.

shows significant main effects of valence and dialogue acts for all
pairs of personality traits (and naturalness) and linguistic features
(see Tables 13–16). This means that averaging results over dialogue
acts is not appropriate. Note that the effect of the participant’s gender was not significant.
The results also show that for every personality trait (and naturalness) there is a linguistic feature that results in a significant three-way
interaction between its valence, the native language, and the dialogue
act. These results suggest that (a) for both language communities, every linguistic dimension is associated with every personality trait and
naturalness, for at least some of the dialogue acts, (b) there are differences in the perception of every personality trait and naturalness
between the two language communities.
To further explore the latter finding, we conducted a post-hoc analysis consisting of paired t-tests that were performed pairwise between
the three values of valence for each combination of language, linguistic feature, and personality trait (and naturalness). Note, that comparing raw scores between the language conditions would be prone to
find spurious differences due to potential culture-specific tendencies
in scoring on the Likert scale: (a) perception of magnitudes and (b)
appropriateness of the intensity of agreeing or disagreeing. Instead,
we compare the language conditions with respect to (a) the relative order of the three valences and (b) the binarized score averages, namely
whether the score is above 4 or below 4 (with scores that are not
statistically significantly different from 4 excluded from comparison),
where 4 is the neutral point of the 7-point Likert scale.
Selected results of the post-hoc analysis are shown in Figures 2527. The most prominent cross-cultural differences were found in the
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scoring of naturalness across the valences of the formality dimension
(see Figure 25). Speakers of American English, unlike the speakers
of Arabic, find formal utterances unnatural in greetings, questionanswer and disagreement dialogue acts. Formal utterances tend to
also be perceived as indicators of openness in disagreements and of
conscientiousness in apologies by Arabic speakers, but not by American English speakers. Finally, hedging in apologies is perceived as
an indicator of agreeableness by American English speakers, but not
speakers of Arabic.
Interestingly, no qualitative differences across language conditions
were found in the perception of extraversion and stability. This crosscultural consistency can be interpreted in support of the previous
findings that extraversion is one of most consistently identified dimensions (see, for example, Gill and Oberlander [2002]). It could also
be possible that our stimuli were unable to pinpoint the extraversionrelated rich points due to a choice of the linguistic dimensions, or
particular wording. Larger variety of stimuli per condition, and an
ethnography to identify potentially culture-specific linguistic devices
of extraversion, could shed the light on this issue.
4.2.7

Discussion

Our analysis shows that the naturalness scale is a viable measure to
identify cross-cultural differences in the perception of language. Personality scores too, while similar in many conditions, did show strong
dependencies on the ethnicity of the grader. The biggest qualitative
differences were:
• Apologies required manipulation of verbosity and formality to
be scored positively on naturalness and on desirable personality
traits of agreeableness and conscientiousness by Arabic speakers.
• High degree of formality differs dramatically on naturalness
between American English and Arabic speakers.
• Lack of alignment has a dramatic effect on naturalness in both
populations.
• Naturalness is not always correlated with personality traits.
The differences on personality scores may have multiple explanations. There is, for example, a possibility that the study stimuli reflect
on the same “general interpersonal dimension of personality” [Scherer,
1972] for both groups of participants, but this general dimension is
attributed differently to the Big Five personality traits, due to crosscultural differences in implicit personality theories. Similar valid criticisms could be raised when comparing across cultures any self-reported
measurements, including naturalness.
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Figure 25: A subset of data comparing scores on the Big Five personality traits and naturalness as given by native speakers of American English (left half of the page) and Arabic (right half of the
page). Blue, white, and pink bars correspond to negative, neutral,
and positive valences of the linguistic features respectively. Dialogue acts listed along the horizontal axis are a greeting, questionanswer pair, disagreement, and apology. Error bars the 95% confidence intervals, brackets above the plots correspond to p-values
of paired t-tests at significance levels of 0.05 (*) and 0.01 (**) after
Bonferroni correction.
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Figure 26: A subset of data (continued from Figure 25) comparing scores on
the Big Five personality traits and naturalness as given by native
speakers of American English (left half of the page) and Arabic
(right half of the page). Blue, white, and pink bars correspond to
negative, neutral, and positive valences of the linguistic features
respectively. Dialogue acts listed along the horizontal axis are a
greeting, question-answer pair, disagreement, and apology. Error
bars the 95% confidence intervals, brackets above the plots correspond to p-values of paired t-tests at significance levels of 0.05 (*)
and 0.01 (**) after Bonferroni correction.

71

evaluating ethnic salience of rich points

** **

greeting

**

qa

disagree

Arabic, verbosity, naturalness
1 2 3 4 5 6 7

1 2 3 4 5 6 7

American English, verbosity, naturalness

apology

* *

**
**

greeting

qa

** **

**
**

greeting

qa

**
**

disagree

apology

* *

**
** *

greeting

qa

greeting

qa

*

**
**

disagree

apology

**

*

** **

** **

greeting

qa

disagree

apology

disagree

apology

disagree

apology

*

qa

*

disagree

apology

Arabic, formality, naturalness
1 2 3 4 5 6 7

** **

*

greeting

American English, formality, naturalness

**
**

**
**

Arabic, alignment, naturalness
1 2 3 4 5 6 7

1 2 3 4 5 6 7

American English, alignment, naturalness

**
**

**

*

Arabic, hedging, naturalness
1 2 3 4 5 6 7

1 2 3 4 5 6 7

American English, hedging, naturalness

1 2 3 4 5 6 7

72

**
**

greeting

**
**

qa

disagree

apology

Figure 27: A subset of data comparing scores on naturalness as given by native speakers of American English (left half of the page) and Arabic (right half of the page). Blue, white, and pink bars correspond
to negative, neutral, and positive valences of the linguistic features respectively. Dialogue acts listed along the horizontal axis
are a greeting, question-answer pair, disagreement, and apology.
Error bars the 95% confidence intervals, brackets above the plots
correspond to p-values of paired t-tests at significance levels of
0.05 (*) and 0.01 (**) after Bonferroni correction.

4.2 evaluating verbal behaviors via text stimuli

Since the stimuli consisted of one dialogue per a combination of
valence and linguistic dimension, observed effects may be due to idiosyncratic features of the particular dialogues. In that case, generalizations based on these results may not transfer well to different utterance realizations. The utterance realizations we used, while inspired
by the related literature, were not sourced from the target populations.
Naturalness scale has proven to lend to an easy interpretation, but its
association with ethnic attribution is unclear. In Section 4.3.4 we will
address these issues by evaluating ethnic attribution of concrete realizations (instead of attempting to generalize over linguistic dimensions) sourced from the corpus analysis presented in Section 3.2.
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4.3

joint evaluation of verbal and non-verbal behaviors

This section presents our main crowdsourcing study that aims at evaluating ethnic salience of a set of rich points and rich point candidates
selected by performing corpus analysis and drawing upon intuitions
from the related studies (Section 3.2). In the study, we attempt to address the deficiencies of the pilot study, presented in the previous
section, by using an explicit ethnic attribution, sourcing the realizations of behaviors from our corpus analysis, and using stimuli that
are similar to those used in the final study with the colocated robot
(presented in Chapter 5).
The main goal of our crowdsourcing study is to jointly evaluate
perception of verbal and non-verbal behaviors. We rendered the behaviors on the robot prototype, and used their videos as stimuli, to
ensure the close relation between the stimuli of the final experiment
and the online study. However, to be able to draw inferences about
the influence of behaviors on perceptual (and, later, also objective)
measures, we would like to be able to generalize over the robot’s appearance. Another concern is that appearance can have an effect on
ethnic attribution and on perceptual measures of on-screen agents
(see, for example, Baylor and Kim [2004]). Similarly, voice features,
such as prosody, may affect attributions of ethnicity (e.g. Todd [2002])
and personality (e.g. Scherer [1972]; Markel et al. [1972]). Therefore
we precede the main crowdsourcing study of this chapter by first selecting and evaluating the robot’s appearance and voice.
4.3.1

Selecting faces with high ethnic attribution

To control for the ethnic attribution of the robot’s face, we wanted
to select four faces: two human-like, with strong ethnic attributions
as AmE and Ar, and two robotic faces with low ethnic attribution.
In this section, we describe the study on selecting the two humanlike faces. All four faces, including the two robotic ones, are further
evaluated Section 4.3.2. While it is not required, we were hoping to
select faces that produce agreeable attributions by both of our subject
populations: native speakers of American English residing in the US
and native speakers of Arabic residing in one of the Arabic-speaking
countries of North Africa and Middle East with Arabic as an official
language. 1 Note, that since neither AmE nor Ar are uniform racial
groups, instead of a clear dominant face we expect to see a distribution.
1 We limit Ar participants to those with IP addresses from the following countries: Algeria, Bahrain, Egypt, Iraq, Jordan, Kuwait, Lebanon, Libya, Morocco, Oman, Palestinian Territories, Qatar, Saudi Arabia, Sudan, Syria, Tunisia, United Arab Emirates,
Yemen.
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4.3.1.1 Stimuli
An artist2 designed 18 human-like female face models (figure 28) that
have identical 3d wireframe models but range along the following
dimensions:
• 3 values of skin tone. Using the terminology from Fitzpatrick
[1975], they are: dark (s1), dark intermediate, or “olive” (s2),
and light (s3).
• 2 values of eye color: brown (e1) and blue (e2), in terms of
Martin-Schultz scale, described in Mackey et al. [2011].
• 3 values of hair color: black (h1), brown (h2) and blond (h3),
according to Fischer-Saller scale described in Hrdy [1978].
The participants were presented 2 pages of stimuli. In the first page,
the participants were shown the complete set of 18 human-like faces
in a random order and asked the following:
Put a checkmark under every face that looks like a person of your
own ethnicity (in other words, a person who could be your close
relative). You can mark multiple faces.
The second page had the same 18 faces in a generally different
random order and, for AmE subjects, the task was as follows:
Put a checkmark under every face that looks like a person who is a
native speaker of Arabic. You can mark multiple faces.
For Ar subjects, the task description was:
Put a checkmark under every face that looks like a person who is a
native speaker of American English. You can mark multiple faces.

4.3.1.2 Participants
The participants were recruited using Amazon’s Mechanical Turk.
The task description specified that we were looking for native speakers of American English residing in the US (AmE condition) or native
speakers of Arabic from one of the set of the countries with Arabic
as an official language (Ar condition). Participants were given a demographic questionnaire that asked (in English) their sex, age, race
(based on the US census classification, AmE condition only), native

2 Rich Colburn.
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(a) s1e1h1

(b) s1e1h2.

(c) s1e1h3

(d) s1e2h1

(e) s1e2h2.

(f) s1e2h3

(g) s2e1h1

(h) s2e1h2.

(i) s2e1h3

(j) s2e2h1

(k) s2e2h2.

(l) s2e2h3

(m) s3e1h1

(n) s3e1h2.

(o) s3e1h3

(p) s3e2h1

(q) s3e2h2.

(r) s3e2h3

Figure 28: Human-like faces.
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language and English proficiency (figure 47). We also asked participants to list up to three countries where they lived the most of their
lives, with the number of years they lived in each.
In total, 53 speakers of American English (AmE) residing in the
US, and 50 speakers of Arabic (Ar) residing in predominantly Arabic speaking countries participated in the study. Among AmE participants, 43 declared themselves as White, 7 as Asian, 2 as Black or
African American. One participant did not provide an answer to the
race question.
4.3.1.3 Results
On average, participants selected 4.9 images from each page (SD =
3.2). Figure 29 show votes for each face’s attributions by both populations. Note the higher AmE attribution of light skin faces, compared
with dark skin ones, likely due to the unbalanced participant pool
in AmE condition. AmE and Ar subjects agreed on one image that
resembled a native speaker of Arabic the most. There was less agreement on the appearance that resembles a native speaker of American
English, as multiple images received high scores from AmE subjects.
In the end, we chosen s2e1h1 (figure 28g, further referred to as face
1), favored by both AmE and Ar subjects as someone resembling a
speaker of Arabic, s3e2h3 (figure 28r, further referred to as face 2),
the face that was a clear favorite for Ar participants and that was
among the highly rated by AmE participants as someone resembling
a speaker of American English.
4.3.2

Scoring ethnic attribution of faces

4.3.2.1 Stimuli
The same artist used the human-like face models to design two robotic
faces: face 3 (figure 31c) and face 4 (figure 31d). We tested their ethnic
attribution by giving the participants the following task description:
This image is used to represent an animated character of a receptionist. We ask you to guess that character’s ethnicity, in terms of the
character’s native language. Please rate your guess.
The participants rated their guesses on two 5-point semantic differential scale (Not American English—American English, Not Arabic—
Arabic), that we deployed to be consistent with the Godspeed questionnaire that we used for the main crowdsourcing experiment (see
Bartneck et al. [2009] for a detailed introduction of the Godspeed instrument). For all conditions, all textual descriptions (except for the
demographic questionnaire) were also provided in Arabic (figure 30).
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(a) Votes by AmE participants on face attribution to their own ethnicity.
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(b) Votes by Ar participants on face attribution to AmE.
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(c) Votes by Ar participants on face attribution to their own ethnicity.
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(d) Votes by AmE participants on face attribution to Ar.
Figure 29: Distributions of votes on ethnic attribution of the 18 human-like
faces. The horizontal axis labels denote skin tone, eye, and hair
color.
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Figure 30: The stimulus for evaluation of the ethnic attribution of a face.

To verify that ethnic attribution of face 1 and face 2, selected from
the set of 18 faces, would be possible without other faces readily available for comparison, we included those two faces in the random permutation of the four faces (one face per web page) in the experiment.
4.3.2.2 Participants
We recruited participants using MTurk, as described in Section 4.3.1.2.
In total, there were 14 participants in the Ar condition and 17 participants in the AmE condition.
4.3.2.3 Results
Ar participants rated face 1 as more Ar, face 2 as more AmE. Face
3 and face 4 did not result in a significantly different ethnic attributions, with average attributions below the midpoint of the semantic
differential scale.
AmE participants rated Face 2 as more AmE, but, somewhat unexpectedly, did not show significant differences in ethnic attribution of
Face1. Face 3, however, was rated by AmE participants as more Ar,
perhaps because of the braids.
4.3.2.4 Discussion
While the difference in attribution on face 1 in the scores of AmE
participants is not significant, it is in the right direction. The unexpectedly close scores for this face, as opposed to the votes it received
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(a) Face1

(b) Face2

(c) Face3

(d) Face4

Figure 31: Human-like Face1 and Face2 were selected based on the large
number of votes they collected as someone resembling native
speakers of Arabic and American English, respectively. Face3 and
Face4 are the robotic faces that elicit low ethnic attribution.
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(a) Attribution of the four faces by native speakers of Arabic.
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(b) Attribution of the four faces by native speakers of American English.
Figure 32: Ethnic attributions of the four faces. Error bars the 95% confidence intervals, brackets above the plots correspond to p-values
of paired t-tests at significance levels of 0.05 (*) and 0.01 (**).
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in the previous study of selecting faces from the set of 18, can be
explained by the differences in stimuli and measure. In the earlier
study, it was shown on the same page with 17 other faces, potentially
biasing the AmE subjects towards stereotypical choices for the Ar appearance. The measure of selecting the face that may look like a close
relative, on the other hand, biases away from the stereotypical choice
for AmE appearance. As it happens, the stereotypical, in the view
of AmE participants, Ar face 1, is scored, by AmE participants, as
about equally likely to belong to a character who is a native speaker
of Arabic or a character who is a native speaker of American English.

4.3 joint evaluation of verbal and non-verbal behaviors

4.3.3
4.3.3.1

Evaluating voices
Stimuli

The robot prototype uses the Acapela text-to-speech software [Acapela
Group]. We evaluated ethnic attribution of 6 English female voices:
Heather, Laura, Lucy, Nelly, Rachel, and Tracy. Each web page of
the test contained a widget that allowed the participant to replay the
voice snippet reciting a count of integers from 1 to 10. The page had
two questions scored on a 7-point Likert scale. The first question was:
Do you agree that it is likely that the person speaking in this audio
has the same ethnicity as yours?
The second question depended on the reported native language of
the participant. For AmE participants it read:
Do you agree that it is likely that the person speaking in this audio is
a native speaker of Arabic?
For Ar participants, the second question read:
Do you agree that it is likely that the person speaking in this audio is
a native speaker of American English?

4.3.3.2 Participants
We recruited via MTurk 20 participants in AmE condition and 22
participants in Ar condition.
4.3.3.3 Results
Ar participants attributed all six voices to AmE speakers, rather than
Ar speakers. AmE participants attributes all voices to AmE speakers,
except for the Lucy and Rachel voices. The British voice Lucy was
attributed as more likely to belong to Ar, while the voice Rachel did
not show a significant difference in ethnic attribution by AmE participants.
4.3.3.4 Discussion
Ideally, we would like to control for the ethnic attribution of voices
as well, varying through a range of voices with various attributions.
However, we were not able to obtain an English voice that would be
attributed to a native speaker of Arabic by native speakers of Arabic.
A larger study could generate custom voice for a text-to-speech software that satisfies the ethnic attribution requirements. Alternatively,
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(b) Attribution of the voices by native speakers of American English.
Figure 33: Ethnic attributions of the six Acapela voices. Error bars the 95%
confidence intervals, brackets above the plots correspond to pvalues of paired t-tests at significance levels of 0.05 (*) and 0.01
(**).
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it is also possible to use canned recordings of human speech. For the
remaining studies of this thesis, we selected the voice Laura, which
has been used as the voice of Hala, has high attribution as AmE, and
low attribution as Ar by both AmE and Ar participants. We discuss
this, and other limitations of the studies, in Section 7.3.
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4.3.4

Evaluating videos of verbal and non-verbal behaviors

Earlier, in Chapter 3, we argued for the need to evaluate rich points
and rich point candidates on their ethnic salience. In this section, we
describe our main crowdsourcing study that attempts to address this
need.
The pilot study presented in Section 4.2 showed the feasibility of
evaluating the perception of textual stimuli via online crowdsourcing. Appearance cues of ethnicity were selected and, together with
the text-to-speech voices, were evaluated in a series of pre-studies,
described in Sections 4.3.1 and 4.3.3. In this study, we combined appearance cues with the potential behavioral cues of ethnicity, that we
identified from rich points and rich point candidates, to generate the
videos of the stimuli. In the following section, we introduce the procedure for evaluating the perception of these stimuli.
4.3.4.1

Procedure

Ar and AmE participants recruited via MTurk were assigned to one
of the 4 study conditions: (1) greetings, (2) gaze during directiongiving, (3) handling failure to provide answer, or (4) a combination
of strategies for handling disagreement and politeness. The last study
condition had two categories of stimuli combined to balance the load
across conditions. After the participant completed the demographic
questionnaire (figure 47), presented in English, he was taken through
a randomized sequence of web pages each of which contained a description of a situation, an embedded video of the stimuli (hosted
by YouTube), and the items of the Godspeed and ethnic attribution
questionnaires (figures 40 and 41). All stimuli pages were presented
in both English and Arabic.
Randomly within the sequence of stimuli we showed a validation
page, designed to test whether the participant is able and is indeed
viewing the video stimuli and can understand English (figure 42) or
Arabic (figure 42), depending on the native language condition. All
participants who completed the study were paid, but their responses
to the validation questions were periodically checked. In this study,
none of the participants failed the validation question.
4.3.4.2

Stimuli

The stimuli were presented to the participants recruited via MTurk
as videos, each hosted by YouTube and embedded into a web page
with the Godspeed questionnaire (see Bartneck et al. [2009]) for the
description) and two questions on ethnic attribution (figures 40 and
41).
The robot’s utterance were spoken in the voice Laura by the Acapela
text to speech software, with the mouth of the robot’s animated face

4.3 joint evaluation of verbal and non-verbal behaviors

moving in synchrony with the spoken phonemes. Assumed user utterances were silent and shown as captions embedded into the video.
The detailed description of the stimuli and the URLs for the videos
are listed in Appendix B. Videos were pretested by 3 people to validate that the smiles and nods are recognized as such. All stimuli
were shown with faces 1, 2, and 3. Face 4 was not used to reduce the
workload on the study participants. Although, based on the results
of Section 4.3.2, face 4 may be a better candidate for a face with a
neutral ethnic attribution, this study was performed before the evaluation of ethnic attribution of faces (but after the study on selection of
the faces, described in Section 4.3.1).
We studied 5 categories of stimuli: three of them were different
realizations of dialogue acts of greetings, handling failure and handling disagreement, and two corresponding to gaze patterns and politeness markers during direction-giving. The stimuli behaviors were
selected to match as closely as possible the original rich point (or
rich point candidate) behaviors observed in our receptionist corpus
(Section3.2). Although we varied through all possible combinations
of verbal and nonverbal behaviors for the greetings, that has proven
to decrease the participant enrollment and the study completion rate,
even though we tried to counterbalance the increased workload with
a larger pay. Splitting such a large number of combinations from one
stimuli category between multiple studies would result in the inability to perform complete within-subject comparison, possibly reducing the power of the analysis.
Greetings. Utterances “yes, sir”/“yes, ma’am” (depending on the
reported gender of the MTurk worker) and “hi” were presented in
all possible combinations with physical robot head nod, the virtual
head nod, broad smile, or no movements besides mouth movements
related to speaking. The 8 combinations were presented with each
of the three faces, for the total of 24 stimuli. The utterances were
presented as parts of greeting exchanges:
Dialogue 1:
v: Hello
r: Yes, sir (Yes, ma’am)

Dialogue 2:
v: Hello
r: Hi

Direction giving. A fixed 4-step direction giving utterance was
combined with 6 different gaze stimuli: (1) moving the gaze towards
the destination at the beginning of the first turn and moving the gaze
back towards the user at the end of the fourth turn, (2) gazing towards
the destination at every turn for 1.2s, (3) gazing towards the destination at every other turn for 1.2s, (4) gazing towards the destination at
every turn for 0.8s, (5) gazing towards the destination at every other

87

Because Reid said
so.

88

evaluating ethnic salience of rich points

turn for 0.8s, (6) always looking towards the user (forward). In total,
combined with the three faces, there were 18 stimuli in this study
condition. Gaze transitions included both the turning of the physical
screen, as well as virtual eye movement.
The verbal part of this stimuli is as follows:
v:
r:
r:
r:
r:

Can you tell me where the library is?
Library... Go through the door on your left.
Turn right.
Go across the atrium.
Turn left at the hallway and you will see the library doors.

Handling failure to provide an answer. Two failure handling strategies were tested, both including a 0.6 second gaze to the left peaking
at 0.2 rad angle. When presented across the 3 faces, this study condition contained 6 stimuli in total.
Dialogue 1, emphatic admission of failure, no explanation:
u: Can you tell me where the Dean’s office is?
r: I have no absolutely idea.

Dialogue 2, admission of failure, and an explanation:
u: Can you tell me where the Dean’s office is?
r: I don’t know where it is, because I am new.

Handling a disagreement. Two dialogues that do not involve any
nonverbal expression and vary only on how explicit the disagreement
is. In an attempt to balance the workload of MTurk workers, these
6 stimuli (when presented across the 3 faces) were combined with
the 6 stimuli of the politeness category into a single 12-stimuli study
condition.
Dialogue 1, explicit disagreement:
u: Can you tell me where the cafeteria is?
r: Cafeteria... Go through the door on your left,
then turn right.
u: Go through the door, then left?
r: No, turn right.

Dialogue 2, implicit disagreement:
u: Can you tell me where the cafeteria is?
r: Cafeteria... Go through the door on your left,
then turn right.
u: Go through the door, then left?
r: Yes, turn right.

Politeness. The third direction-giving gaze condition (1.2s gazes
towards destination ever other step) was varied with respect to the
politeness of the robot’s utterances. As we pointed out, these 6 stimuli
(when varied across the 3 faces) were combined with the 6 stimuli for
handling disagreement into a single 12-stimuli study condition.
Dialogue 1, no politeness markers (a direct style):
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u: Can you tell me where the library is?
r: Library... Go through the door on your left,
turn right. Go across the atrium,
turn left into the hallway and
you will see the library doors.

Dialogue 2, with politeness markers (polite style):
u: Can you tell me where the library is?
r: Library... Please go through the door on
your left, then turn right. You may go
across the atrium, then you may turn left
into the hallway and you will see the
library doors.

4.3.4.3 Measures
In this crowdsourcing study, instead of having a naturalness item,
we attempted to measure ethnic attribution more directly, by giving
the following prompt followed by the 5-point opposition scales Not
American English—American English and Not Arabic—Arabic (figures 40 and 41).
The robot’s utterances and movement copy the utterances and movements of a real person. Please rate the likely native language of that
person:
We also used the Godspeed questionnaire (Bartneck et al. [2009]),
as an additional perceptual measure, instead of the personality inventory, for the following reasons. First, we are going to use the Godspeed questionnaire as a proxy for perceptual measures of homophily
in the study with a colocated robot, described in Chapter 5. Confirming that rich point candidates are indeed perceived differently across
ethnic communities using the same perceptual measure can improve
our chances of measuring consistent differences when the behaviors
are perceived via a colocated robot. Second, unlike personality instruments, the Godspeed questionnaire is adapted and quite extensively
tested on measuring the perception of robots. As we will see in the
following sections that discuss the study results, we will have to resort to looking for perceptual differences on the Godspeed measures,
as ethnic attribution measures prove not to reveal significant score
differences for most of the behaviors.
4.3.4.4 Results
Each group of stimuli were scored as separate within-subject experiments to 16-35 workers in each of AmE and Ar communities. We
tested the significance of the behaviors as predictors of the questionnaire scores by fitting mixed effects generalized linear models and
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computing empirical confidence intervals. The results are discussed
below. For the complete listing of significant results, we refer the
reader to Appendix B.2.
Greetings. Table 17 shows significant perceptual measures for a
linear mixed model that uses videos (each of which is a combination of face, verbal and nonverbal behaviors) as an independent variable. Table 18 shows significant perceptual measures
for a linear mixed model that uses faces, and verbal and nonverbal behaviors as independent variables. Although AmE workers
rated the verbal behavior “yes, sir”/“yes, ma’am” higher on
likeability, intelligence, animacy and anthropomorphism, they
gave it lower scores on AmE attribution. Surprisingly, the same
verbal behavior scored higher on AmE attribution by Ar workers, but they did not consider it more likeable or intelligent.
Smile and in-screen nod improved likeability for both AmE and
Ar workers. However, AmE workers scored smile, physical nod,
as well as face 3 as less safe, while Ar workers rated face 2 as
less safe, and smile and in-screen nod as more safe nonverbal
behaviors.
The comparison of the perceptual scores suggests that the greeting “Yes, sir”/“Yes, ma’am” elicits ethnic attribution, although
differently for Ar and AmE workers. Physical nod is found less
safe in various combinations by works in both groups. The data
does not provide enough grounds to prefer smile over in-screen
nod for any of the two ethnic groups.
Direction giving. Significant perceptual scores on direction giving stimuli are shown in Tables 19 and 20. AmE workers showed
an effect of gaze 6 on increasing AmE attribution (primarily due
to interactions with face 1 and face 3) and on decreasing Ar attribution. Both Ar and AmE workers scored all faces with gaze
6 lower on animacy and likeability. Face 2 had a main effect
of lowering Ar attribution for Ar workers, and face 3 lowered
AmE attribution for AmE workers.
In summary, Gaze 6 is positively associated AmE attribution
and negatively associated with Ar attribution for native speakers of American English. There is no telling which of the gazes
1–5 may elicit stronger attribution of the robot character as Ar.
Handling failure to provide an answer. Significant perceptual
scores on direction giving stimuli are shown in Tables 21 and 22.
Ar workers rated the no-explanation strategy as less Ar and as
more AmE. AmE workers found no-explanation strategy safer,
except for face 2. Ar workers rated face 3 as less likeable.

4.3 joint evaluation of verbal and non-verbal behaviors

In summary, no-explanation strategy appears to be a positive of
AmE ethnicity and negative cue of Ar ethnicity to native speakers of Arabic.
Handling disagreement. Tables 23 and 24 show significant perceptual scores on disagreement strategy stimuli. The explicit disagreement behaviors were ranked as more intelligent by AmE
workers and Ar workers, yet, less likeable by both. Ar workers,
however, scored face 3 giving an explicit disagreement lower on
likeability. No apparent cues of ethnicity were found.
Politeness. Polite markers during direction-giving were scored
as more likeable by both AmE and Ar workers. Ar workers,
however, also scored polite directions as more intelligent and
animate. Again, no cues of ethnicity are apparent from the data.
Averaging over faces, behaviors, stimuli categories, and participant
populations, robot characters were attributed as more likely to be
AmE rather than Ar (MAmE = 3.90, MAr = 1.70, t(5638.87) = 28.07,
p < 0.001). This overall prevalence of AmE attribution is present
within each of the stimuli categories and within both AmE and Ar
participants. It should not be surprising, as all characters spoke English, with the same voice. Interestingly, few combinations of behaviors and faces showed differences in perception between the two participant populations. Also, there were few combinations of behaviors
and faces that resulted in any shift in ethnic attribution of the robot
characters.
4.3.4.5 Conclusions
Two main conclusions can be drawn. First, the ethnic attributions of
the faces shown as images were generally not replicated by videos
of the faces rendered on robots engaged in a dialogue. Second, since
ethnic attributions rarely differ for these stimuli, other measures, such
as Godspeed concepts, become more useful indicators of rich points.
However, interpretation of the difference in Godspeed concept scores
across subject groups is not that straightforward. For example, while
AmE participants scored directions with polite markers higher only
on likeability, Ar workers gave this combination higher scores also
on intelligence and animacy. Does such differences in the number of
positively associated perceptual measures make a behavior a good
candidate for an ethnic cue? Even when ethnic attributions are significant, the subject groups may disagree on them. For example, the
verbal behavior “yes, sir”/“yes, ma’am” has a negative effect on AmE
attribution by AmE participants, but a positive effect on AmE attribution by Ar participants. This supports the idea that a behavior can
be a cue of ethnicity for members of an out-group and not a cue (or,
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in our case, a negative cues) when viewed by the members of the
in-group.
Contrary to our hopes, not all categories of behaviors evaluated on
their ethnic salience had definitive ethnic cues. Below, we summarize
our arguments for choosing one or another behavior for ethnically
salient robot characters described in Chapter 5. In cases when no
behavior had significantly different ethnic attribution score, we relied
on perceptual scores of Godspeed questionnaire. In some cases, we
had to rely on our intuitions from the corpus data and the related
work.
Greetings. AmE and Ar workers give the verbal behavior “Yes,
sir”/ “Yes, ma’am” contradictory signs on its attribution as
AmE. Nonverbal smile and in-screen nod both receive high perceptual scores on Godspeed measures, from both AmE and Ar
workers. Since the source of “Yes, sir” and a nod is an expert Ar
receptionist, we decided to use this combination in the characters designed to evoke attribution as Ar. The other combination,
“Hi” and smile, will be used in characters designed to evoke
AmE attribution.
Direction giving. Gaze 6 (no pointing gaze) is a positive cue of
AmE ethnicity and a negative cue of Ar ethnicity, for AmE workers. This makes it a good choice to be used as a gaze behavior of
a robot character designed to evoke AmE attribution. Both gaze
2 (4 × 1.2s pointing gazes) and gaze 4 (4 × 0.8s pointing gazes)
were rated as more animate by Ar workers. We chose gaze 4 for
the robot character designed to evoke Ar attribution because of
a bias of Ar receptionists towards sub-second pointing gazes
observed in our corpus analysis.
Handling failure to provide an answer. Since the strategy with
no explanation is rated by Ar workers as a positive cue of AmE
and a negative cue of Ar ethnicities, it makes it a good choice
for a cue of AmE ethnicity. Another behavior, the explanation
without lip stretch is going to be used as a cue of Ar ethncity.
Handling disagreement. In one of the mixed models (Table 23),
AmE perceived the explicit disagreement strategy as more intelligent. However, in the second model (Table 24), explicit disagreement had negative effect on intelligence for both AmE and
Ar workers. We use the difference shown in former model, and
the indirectness, ascribed to Arabic cultures in the related work,
as justifications for selecting implicit disagreement as a cue of
Ar ethnicity, and explicit disagreement as a cue of AmE ethnicity.
Politeness. Ar workers expressed positive perception of politeness markers on intelligence, likeability and animacy. AmE work-
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ers considered polite strategy only as more likeable. AmE workers also considered it as less intelligent with face 3. Based on
this comparison we select the polite strategy as a clue of Ar
ethnicity, and the direct strategy as a cue of AmE ethnicity.
4.4

summary

This chapter presented our approach to evaluating the salience of
rich points and rich point candidates as ethnic cues using online
crowdsourcing. The first study of perception of textual stimuli gave
us assurance that the target communities, in particular native speakers of Arabic, are available for recruitment via Amazon’s Mechanical
Turk. Using personality and naturalness measures, we were able to
interpret scores for some of the dimensions of linguistic variability in
terms of ethnic salience. Encouraged by these results, we conducted
an online study that used as stimuli videos of both verbal and nonverbal behaviors. This time, we we used perceptual measures that
attempt to evaluate ethnic attribution via more direct questions, as
well as the Godspeed questionnaire, tailored for human-robot interaction. The results of this study were harder to interpret. Few stimuli affected ethnic attribution scores, and even when they did, sometimes the attribution was different for different communities of participants. In other cases, stimuli affected subsets of perceptual measures of the Godspeed questionnaire, but often in the same direction
for both groups of participants. Such cases were interpreted as follows. If sets of affected measures are comparable (one is a subset of
another), the ethnicity of the participants for whom the behavior affected a larger set of perceptual measures was identified as the one
for which the behavior is a potential ethnic cue. If sets of affected measures are identical or incomparable, we had to rely on the ethnicity
of the behavior realization in our corpus data, and on our intuition
from related studies.
In summary, while evaluating perception of the behaviors via crowdsourcing was not sufficient in itself for selection of ethnic cues, by
drawing upon the corpus data analysis and the cultural models from
related work, we were able to make an informed guess for all of our
behavior categories. Whether these guesses were sufficient enough to
be combined in robot characters that elicit ethnic attribution and homophily, remains to be seen. The study presented in the next chapter
gives a partially positive answer to the ethnic attribution part of this
question.
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The analysis of the corpus of video dialogues and evaluation of behavior candidates via crowdsourcing allowed us to narrow down the
set of rich points that are potential cues of ethnicity. We divided the
most salient behaviors into two groups and presented them as two
experimental conditions: behavioral cues of ethnicity 1 (BCE1) and
behavioral cues of ethnicity 2 (BCE2). We hypothesize that these behavior conditions will affect perceived ethnicity of the robots (as we
control for the appearance). We remind the reader that we continue
to refer to the combination of a robot’s appearance (varied by face)
and behaviors (BCE) as a robot character.
Ethnic attribution family of hypotheses 1Ar and 1AmE: Behavioral cues of ethnicity will have a main effect on ethnic attribution of
robot characters. In particular, BCE1 will have a positive effect on the
robot characters’ attributions as Ar, and BCE2 will positively affect
the robot characters’ attributions as AmE.
We also hypothesize that these behavior conditions will elicit homophily, measured as concepts of the Godspeed questionnaire (see
Bartneck et al. [2008]), and objective measures of task performance
(locating a destination on a map) and thanking the robot (see Section 5.4 for the detailed description of the measures).
Homophily family of hypotheses 2A–2G: A match between the
behavioral cues of ethnicity expressed by a robot character and the
participant’s ethnicity will have a positive effect on the perceived animacy (2A), anthropomorphism (2B), likeability (2C), intelligence (2D),
and safety (2E) of robot characters. Participants in the matching condition will also show improved ability to locate the destination on the
map (2F) and they will thank the robot more (2G).
5.1

participants

Adult native speakers of Arabic who are also fluent in English (Ar)
and native speakers of American English (AmE) were recruited in
Education City, Doha. Data corresponding to one Ar subject and 3
AmE subjects were excluded from the analysis due to the less than
native level of language proficiency or deviations in protocol. After
that, there were 17 subjects (7 males and 10 females) in the AmE
condition and 13 subjects (7 males and 6 females) in the Ar condition.
The majority of the Ar participants were university students (mean
age 19.5, SD = 1.6), while the majority of AmE participants were
university staff or faculty (mean age 26.4, SD = 9.2).
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Figure 34: Experimental environment.

5.2

procedure

Experimental sessions involved one participant at a time. After participants completed a demographic questionnaire (Appendix C, figure 47) and the evaluation of their own emotional state (the safety
part of Godspeed questionnaire, Appendix C, figure 48), they were introduced to the first robot character. The robot was located across the
table from the participant, with the keyboard and the screen showing
the typed text placed on the table (figure 34). This setup resembles the
actual deployment setting of the Hala roboceptionist at the counter
shared with a human guard and receptionist (Chapter 1, figure 1).
Participants were instructed that they would interact with four different robot characters by typing in English, and were asked to pay
close attention to the destination directions as they would have to
recall them later. Participants were informed that, although the robot
would reply only in English, it acts as a receptionist character of a certain ethnic background: either a native speaker of American English

5.3 stimuli

or a native speaker of Arabic speaking English as a foreign language.
Participants were asked to pay close attention to the robot’s behaviors
and the content of speech as they would be asked to score the likely
ethnic background of the character played by the robot. As we note
in the discussion (Section 5.6), even such detailed instructions were
sometime not sufficient for participants to accept the idea of a robot
having an ethnicity or a native language.
Interaction with each robot character consisted of the three directionseeking tasks, with the order of the four characters for each of the
participants varied at random. Hence, each participant performed, in
total, 12 direction-seeking tasks. Behavior conditions BCE1 and BCE2
varied at random within the following constraints: for each of the participants, pairs face 1–face 2 and face 3–face 4 should be assigned to
different behavior conditions. This was done to balance the potential
behavior effect between two machine-like characters (faces 3 and 4).
Before each of the tasks, the participants were given verbal and written reminder of the protocol, namely, the dialogue acts that they are
asked to type to the robot. The protocols for the three tasks are shown
in Appendix C, figures 44–46. The robot’s responses were chosen by
an experimenter hidden from the user, to eliminate variability due to
natural language processing issues. Post-study interviews indicated
that participants did not suspect that the robot was not responding
autonomously.
After the three direction-seeking tasks with a given character were
completed, the participants were given a combination of the Godspeed questionnaire and two 5-point opposition scale questions addressing the likely native language of the character acted by the robot
(Appendix C, figures 49 and 50). All questionnaire items were presented in both Arabic and English. Participants were also asked to recall the steps of the directions to the professor’s office in writing and
by drawing the route to the professor’s office on a map (Appendix C,
figure 51).
5.3

stimuli

The independent variables of the study were robot behavior (BCE1 or
BCE2), robot’s face (1–4), and destinations and corresponding routes
for the first task (the professors’ offices). The combinations of the
conditions were mixed within and across-subjects.
Robot behaviors varied across dialogue acts of greeting, direction
giving, handling disagreement and handling failure to provide directions. Combinations of verbal and nonverbal behaviors for each dialogue act and behavior condition are shown in Table 4. The robot’s
response to the user’s final utterance (typically a variation of “bye” or

97

98

ethnic believability of robot characters

“thank you”) did not vary across conditions and was chosen between
“bye” or “you are welcome,”1 as appropriate.
Dialogue act

BCE1

BCE2

Greetings

“Yes sir (ma’am)” +
virtual nod

“Hi” +
open smile

Directions

0.8s pointing gaze at
each step + politeness

Constant gaze on user

Disagreement

No explicit contradic- An explicit contradiction: “Yes, turn right”

Handling fail- Admission of failure +
brief gaze away +
ure
providing an excuse

tion: “No, turn right”
Emphatic admission of
failure
+ brief gaze away
+ lower lip stretch

Table 4: The manipulated verbal and nonverbal behaviors.

Each participant conducted 3 direction-seeking tasks with each of
the four faces (12 tasks overall). Behavior conditions BCE1 and BCE2
were combined with the faces in such a way that face 1 and face 2
(as well as face3 and face 4) were paired with different behaviors, as
described in Section 5.2.
Task 1. In the first task, participants were asked to greet the robot,
ask directions to a particular professor’s office, and end the conversation as they deemed appropriate. Four professor offices were used
as destinations (one per each of the four robot characters that interacted with every subject). The directions to the professor’s offices
started from the actual experiment site and corresponded to a map
of an imaginary building. Each route consisted of 6 steps (e.g. “turn
left into the hallway”) with varying combinations of turns and landmarks. The landmarks were used in the template “walk down the
hallway until you see a [landmark], then turn [left or right],” once
per route. Since we use the recall of directions as a measure of task
performance, the directions were pretested to be feasible, but not trivial to memorize. The BCE1 condition dialogue for location A (office
of Prof. Adams) is shown below with example verbatim user utterances. Nonverbal behaviors are enclosed in parenthesis. Following
the conversation analysis conventions, brackets indicate overlaps between verbal and nonverbal behaviors.
u: hello
r: [Yes, sir.]
1 The response to thanks was, erroneously, “welcome” for the first 2 AmE and 6 Ar
subjects. We controlled for this change in the analysis.

5.3 stimuli

[(virtual nod)]
u: Prof Adams’ office please
r: [Professor Adams office... ]
[(0.8s gaze to the right)]
Please go through the door on your left
(0.1s pause)
[Turn left.

]

[(0.8s gaze to the right)]
(0.1s pause)
[You may turn left into the hallway]
[(0.8s gaze to the right)]
(0.1s pause)
[Turn right at the end of the hallway]
[(0.8s gaze to the right)]
(0.1s pause)
[Walk down the hallway until you see]
[(0.8s gaze to the right)]
black chairs, then turn right.
(0.1s pause)
[Professor Adams office will be the]
[(0.8s gaze to the right)]
first door on your left.
u: thanks

The direction giving dialogue to the same destination in the condition BCE2 is as follows.
u: Hello.
r: [Hi. ]
[(open smile)]
u: Can you please tell me how to get to professor
Adams’ office?
r: Professor Adams office...
Go through the door on your left
(0.1s pause)
Turn left.
(0.1s pause)
Turn left into the hallway
(0.1s pause)
Turn right at the end of the hallway
(0.1s pause)
Walk down the hallway until you see
black chairs, then turn right.
(0.1s pause)
Professor Adams office will be the
first door on your left.
u: Okay, thank you very much.
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Task 2. In the second task, the participants had to ask the robot
for directions to the cafeteria, and, after the robot gives directions,
which are always “cafeteria... go through the door on your left, then
turn right,” to imagine that they misunderstood the robot and ask to
clarify if they should turn left after the door. The robot would then respond with the disagreement utterance, corresponding to conditions
BCE1 or BCE2. An example dialogue in the BCE1 condition is as follows.
u: Good afternoon.
r: [Yes, ma’am.]
[(virtual nod)]
u: Can you please point me toward the cafeteria?
r: [Cafeteria... Go through the door on your left,
then turn right.]
[(gaze to the right during the utterance)]
u: Turn left?
r: Yes, turn right.
u: Okay, thank you.

The dialogue in the BCE2 condition is shown below.
u: Hello.
r: [Hi. ]
[(open smile)]
u: How can I get to the Cafeteria please?
r: [Cafeteria... Go through the door on your left,
then turn right.]
[(gaze to the right during the utterance)]
u: Should I turn left after the door?
r: No, turn right.
u: Okay thanks!

Task 3. In the third task, the participants had to ask the robot for
directions to the Dean’s office, for which the robot would execute one
of the failure handling behaviors (see Table 4). The example dialogue
in the BCE1 condition is as follows.
u: Hi.
r: [Yes, ma’am.]
[(virtual nod)]
u: Where can i find the Dean’s office?
r:

[

I don’t know where it is ... because I am new]

[(2.5s gaze to the left during the utterance)
u: okay thanks

The example dialogue in BCE2 condition is shown below.

]

5.4 measures
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u: Hello.
r: [Hi. ]
[(open smile)]
u: Can you please tell me how to find the Dean’s office?
r:

[

I have absolutely no idea.

]

[(lower lip stretch and 2.5s gaze to the left during the utterance)]
u: Okay, thank you then.

5.4

measures

I did’t want to call it dumb.
— A Canadian participant on scoring the robot
on Unintelligent—Intelligent scale, A post-study interview
Pre-study measures included a demographics questionnaire that
asked for age, gender, race, native language, English proficiency, and
three countries where the participant lived the longest (Appendix C,
figure 47). Since people’s definition of native language ability varies
(see [Laitin, 2000] for an overview of the issue), the list of countries
where the participant lived the longest gave us an objective measure
that we used in addition to the participant’s self-disclosure as a native
speaker of American English or Arabic. In particular, we excluded
data of 2 subjects whose did not live in the US or attended an American secondary school, but self-identified as native speakers of American English.
Pre-study questionnaires also included a self-assessed emotional
state: the safety part of the Godspeed questionnaire. We used it to
calibrate the participant’s safety assessment of the robots during the
experiment.
After participants performed 3 tasks with a robot character, they
were given the full Godspeed questionnaire, assessing perceived animacy, anthropomorphism, likeability, intelligence, and safety of the
robot character (Appendix C, figure 49). They were also asked to assess the likely ethnicity of the character that the robot plays, using
two items with the same 5-point opposition scale as the Godspeed
questionnaire: Not American English—American English, and Not
Arabic—Arabic (Appendix Sec:App3Perculture6, figure 50). The questionnaire was presented both in English and Arabic. While the translation of the questionnaire into Arabic that we used 2 was done without
back translation (namely, the validation step of translating back from
Arabic into English), as advised by Bartneck et al. [2009], internal
consistency of the items within both pools of subjects (all Cronbach’s
alpha values are greater than 0.7) gives us some degree of confidence
in the adequacy of the translated instrument.
2 The translation is contributed by Micheline Ziadee.
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We have asked the participants to recall the directions given to
them in task 1 in writing (Appendix Sec:App3Perculture6, figure 50)
and by marking the route on the map (Appendix Sec:App3Perculture6,
figure 51). We pre-tested the directions and the map before the the
study to ensure that recall of the directions and drawing the route to
the destination on the map were feasible, but not too easy. The goal
of the direction recall and map task are two-fold. First, they serve as
a distractor from the actual purpose of the study, thus, potentially reducing the subject bias towards the study goals. Second, they provide
objective measures of task performance. In the present analysis, we
used the success or failure of locating the destination on the map as
a binary measure of the task performance.
Another objective measure that we use is the number of times participants thanked the robot characters. Previous work suggests that
thanking, as well as greetings and farewells, may be related to the
user’s social attitude [Makatchev et al., 2009; Makatchev and Simmons, 2009; Lee et al., 2010b]. We contend that a hypothetical association between ethnic congruence and social attitude could be considered as a facet of homophily. In the present study, thanking the robot
was not required of the users, while greeting and ending the conversation was part of the instructions (Appendix Sec:App3Perculture6,
figures 44–46). Consequently, we use the number of times a participant chose to thank each robot character as an objective measure of
social attitude. Multiple thanking instances within the same dialogue
were ignored, resulting in each of the four robot characters encountered by a participant being thanked 0–3 times.
Finally, after the participant interacted with each of their 4 assigned
robot characters, they were asked to participate in a short post-study
interview. In the interview, the experimenter asked participants for
their general impressions and whether they thought the robot was
responding autonomously. While none of the participants expressed
doubts in the autonomy of the robot, some participants expressed
difficulties in interpretation of the ethnic attribution questions. We
discuss this issue in Section 5.6.
5.5

results

Godspeed scales showed internal consistency with Cronbach’s alpha
scores above 0.7 for both AmE and Ar participants. All the p-values
are given before correction for 2-hypothesis familywise error for hypotheses 1Ar and 1AmE, or 7-hypotheses familywise error for hypotheses 2A–2G. For detailed results we refer the reader to Appendix C.2.

5.5 results

5.5.1

5.5.1.1

Main effect of robot behaviors on ethnic attribution. Hypotheses 1AmE
and 1Ar
Attribution hypothesis 1Ar.

The data does not indicate a main effect of BCE or faces on Ar attribution. However, a stepwise backward model selection by Akaike Information Criterion (AIC) suggests a negative effect of the interaction
between face 4 and BCE2 on attribution (F[3, 100] = 3.44, p = 0.020).
The significance of the interaction terms between faces and BCE is
confirmed by comparing linear mixed effects models with subjects
as random effects using the likelihood ratio test: χ2 (3, n = 120) =
9.48, p = 0.024. The 95% highest posterior density (HPD) intervals
for the coefficient for the interaction between BCE2 and face 2 is
[−2.14, −0.01] and for the coefficient for the interaction between BCE2
and face 4 is [−2.07, −0.04].
While there is no evidence of a main effect of the faces, the results suggest that with respect to the attribution of the robot characters as native speakers of Arabic the participants were sensitive
to manipulation of BCE only for the robot characters with faces 2
and 4. The situation is evident from the comparison of the means
shown in figure 35. Instead of performing pairwise post-hoc tests
that would not take into account the random effects of the subjects,
we fitted mixed effects models for particular faces. Focusing on the
conditions with face 2 and 4 yields the effect of the BCE term with
χ2 (1, n = 59) = 7.89, p = 0.005 and the entirely negative 95% HPD
interval for BCE2 [−1.19, −0.15]. Focusing on BCE2 conditions, on
the other hand, yields the effect of faces with χ2 (3, n = 60) = 9.60,
p = 0.022, but all 95% HPD intervals for the faces trap 0.
The analysis does not support the hypothesis of that varying behavioral cues of ethnicity between BCE1 and BCE2 affects the robot
characters’ attribution as Ar. This is because BCE2 increased attribution as Ar for characters with faces 1 and 3, and decreased attribution
as Ar for characters with faces 2 and 4. There is no evidence of the
main effect of the faces.
5.5.1.2

Attribution hypothesis 1AmE.

The likelihood ratio test for the mixed effects models supports the
main effect of BCE on the robot characters’ attributions as a native
speaker of American English, χ2 (1, n = 120) = 5.44, p = 0.020.
Mean scores of the robot’s attribution as AmE are MBCE1 = 3.62
(SD = 1.21) and MBCE2 = 4.00 (SD = 0.92). Figure 36a shows mean
attribution scores for each of the robot characters. The significance
of the interaction between BCE and gender is χ2 (1, n = 120) = 4.14,
p = 0.042. Controlling for an additive face term, the significance of
BCE is χ2 (1, n = 120) = 4.88, p = 0.027 and the significance of BCE
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Figure 35: Score means on attribution of the robot characters as a native
speaker of Arabic. Brackets correspond to 95% confidence intervals. This plot is for visualization only, as direct pairwise comparison would not account for subject effects.

and gender interaction is χ2 (1, n = 120) = 5.02, p = 0.025. The HPD
intervals for the model’s coefficients that do not trap 0 are [0.20, 1.15]
for BCE2 and [−1.41, −0.02] for the interaction term between BCE2
and males.
The negative effect of interaction between males and BCE2 suggests that the behavioral cues of ethnicity would have a stronger effect
among female subjects. Indeed, testing for the significance of BCE for
female subjects yields χ2 (1, n = 64) = 8.74, p = 0.003. The effect of
BCE on male subjects does not suggest significance. This situation is
evident from figures 36b and 36c. We note again, that post-hoc tests
that would not account for a random effect of the subject are not appropriate here, because no subject had two behavior conditions with
the same face of the robot characer.
The analysis supports the hypothesis that varying behavioral cues
of ethnicity from BCE1 to BCE2 has a positive effect on the attribution
of the robot characters as native speakers of American English. This
effect is more evident among females. There is no significant evidence
of a main effect of the faces.
5.5.2

Homophily effects. Hypotheses 2A-G

Tests of the interaction effects between the behavioral cues of ethnicity and the participant’s native language do not support any of
the homophily hypotheses. Further exploratory analysis showed the
following associations. For the sake of readability, we will omit nonessential values of the statistics, referring the adventurous reader to
Appendix C.2 for further details.
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(c) Male participants only.
Figure 36: Score means on attribution of the robot characters as a native
speaker of American English. Brackets correspond to 95% confidence intervals. These plots are for visualization only, as direct
pairwise comparison would not account for subject effects.
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5.5.2.1

Animacy

BCE2 characters were rated as more animate χ2 (1, n = 120) = 6.00,
p = 0.014. Closing the interaction with “You are welcome” (the unintended independent variable) decreased animacy score p < 0.0008.
Within ethnic groups, AmE participants exhibited negative associations with animacy for face 4, p = 0.018, the closing “You are
welcome,” p = 0.019, and positive associations with animacy for the
combination between BCE2 and face 4, p = 0.052. The negative animacy of the robot with face 4 is mostly due to AmE female scores, as
AmE males considered faces 2 and 4 as more animate (p = 0.081 and
p = 0.089, respectively).
5.5.2.2

Anthropomorphism

AmE on average scored the robots as less anthropomorphic p = 0.025.
The closing “You are welcome” also decreased perceived anthropomorphism, p = 0.093.
Within ethnic groups, AmE males gave lower scores on anthropomorphism on average, p = 0.005, in particular with face 1. Face 4
with BCE1 was scored lower on anthropomorhism, p = 0.070. Interestingly, AmE scored location D condition low on anthropomorphism,
p = 0.054. This should remind the reader to treat these exploratory
results as such.
No significant associations with anthropomorphism were found
with model selection for Ar participants.
5.5.2.3

Likeability

Main effects associated with likeability are the closing “You are welcome” (negative, p < 0.0004), and the combination of BCE2 and face 4
(positive, p = 0.025). The positive effect of BCE2 and face 2 is present
within AmE population (p = 0.0547) and is not significant within
Ar participants. The negative effect of the closing phrase “You are
welcome” is present within both participant groups.
5.5.2.4

Intelligence

The closing “You are welcome” is considered less intelligent (p =
0.008). This is mostly due to Ar subjects, with the effect present when
fitting within the Ar group only p = 0.025.
Within ethnic groups, AmE participants rated the combination of
face 3 and BCE2 as less intelligent, p = 0.075. AmE males rated face
3 as less intelligent, p = 0.064. Ar did not show any associations with
the intelligence score, except for the reported negative association of
the closing “You are welcome.”

5.6 discussion

5.5.2.5 Safety
AmE generally gave lower scores on safety, p = 0.036. Males also
scored the robots lower on safety, p < 0.0001. The main effect of the
gender is mostly due to Ar males p < 0.0001. The gender effect is confirmed by confidence intervals of the linear mixed-effect model with
subjects as a random effect. The 95% HPD interval for the coefficient
of the male term is [−2.707, −0.715].
Fitting the models within the groups confirms that AmE participants gave higher safety scores to the combination of BCE2 and face
4, p = 0.026. Ar males, compared with Ar females, scored all the
robots considerably less safe, p < 0.0001. These within-group trends
are confirmed by fitting the safety scores adjusted by the pre-study
questionnaire.
5.5.2.6

Locating the destination on the map

Task performance, in terms of success or failure of locating the professor’s office on the map, did not show any significant associations
with the independent variables. Fitting a linear model with the additive terms for destination and the closing shows a trend towards
more success in locating the office C (Prof. Coopers). While there is
a chance that the destination C genuinely had easier directions, it is
is more likely an artefact of the study design (lack of balance) and
analysis. For example, although the order in which destinations were
presented was randomized, the sample average was biased towards
destination A shown the earliest (mean order M = 1.07), followed by
destination B (M = 1.56), destination C (M = 1.63), and destination
D (M = 1.73). Although it is possible that the participants had some
training effect resulting in better performance for later locations, the
data does not support this explanation. Specifically, fitting a linear
model with the order of the robot character as an explanatory variable does not find a significant association with the task performance.
5.5.2.7

Thanking

Ar males thanked the robots more than Ar females (p < 0.0001), while
AmE males thanked the robot less than AmE females did (p < 0.0001),
except for face 2 (p = 0.007).
There was no effects of faces on behaviors on thanking. This can
be interpreted as the failure of the appearance and behaviors to affect
the social disposition of the participants.
5.6

discussion

It can be proven that most claimed research findings are false.
— John P. A. Ioannidis,
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Why Most Published Research Findings Are False [Ioannidis, 2005]
The effect of behaviors on the perceived ethnicity of the robot characters was more evident in the attributions as a native speaker of
American English rather than as a native speaker of Arabic. The fact
that the behaviors did have an effect on attribution of the robot characters as Ar with faces 2 and 4 suggests that the manipulated behaviors
were just not strong enough to distinguish between native and nonnative speakers of American English, but also had relevance to the
robot’s attribution as Ar. The colocation of the questionnaire items
for AmE and Ar attributions, however, could have suggested to the
participants that these two possibilities are mutually exclusive and exhaustive. The correlation between the attribution scores is moderate,
albeit significant, r = −0.44, p < 0.0001. An improved study design
could evaluate only one of the attributions per condition or per participant.
The effect of behaviors on the attribution of the robot characters as
AmE was evident only among female participants. A possible gender
difference in perception of appearance, verbal and nonverbal cues
may be a cause (for example, see [Hall et al., 2000] for an overview
of the gender differences in expression and decoding of nonverbal
cues of emotions). An interaction between the perceived gender of
the robot character and the participant’s gender could be at play as
well. A future study could address this issue by varying the gender
of the robot characters.
While behaviors may be stronger cues of ethnicity than faces for
robot characters, there is evidence supporting a potential of complex interactions between the two. One explanation for the lack of
the main effect of faces is a potentially insufficient degree of human
likeness of our robot prototype. Post-study interviews indicated that
many participants had difficulties in interpreting the ethnic attribution questions in the context of the robot, given that it spoke only in
English. For example, one participant said “I am not sure which one
was Arabic, because it always spoke in English.” It would be interesting to replicate the study with more anthropomorphic robots that
could, potentially, more readily allow attributions of ethnicity, such
as Geminoid [Ishiguro, 2005].
Other limitations of this study include the fixed voice, with a strong
attribution as AmE by participants of both ethnic groups, and the
typed entry of user utterances. Some of the participants missed the
robot’s nonverbal cues as they were focusing their gaze on the keyboard even after they finished typing. We selected typed, rather than
spoken, user input out of the concern that participants would not buy
into the idea of the robot’s autonomy, especially since some of them
were familiar with the prototype (although with a different face) as
a campus robot receptionist that relies on typed user input. This con-
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cern may be less relevant for uninitiated participants, in which case
an improved Wizard-of-Oz setup could rely on spoken user input.
Only AmE participants’ data, only for some of the faces, was consistent with a possibility of behavior-associated ethnic homophily. The
possible reasons for the almost complete lack of any homophily effects in our data include (a) the highly international environment,
with most of the participants being students or faculty of Doha’s
American universities, and (b) a potentially low sensitivity of Godspeed items and the chosen objective measure to the hypothesized homophily effects. It is also possible that the effect on ethnic attribution,
while significant, was not large enough to trigger ethnic homophily.
There is, however, evidence that in human encounters ethnically congruent behaviors can trigger homophily even when the ethnicities do
not match (e.g. [Dew and Ward, 1993] and literature on cultural competence).
The study also provides a support for the consistency of the Godspeed questionnaire, as well as its first known translation into the
Arabic language.
Finally, as the epigraph to this section suggests, all research findings that are based on statistical analysis of data should be taken with
a grain of salt. The reasons why the findings of an experiment may be
wrong include hidden and apparent biases [Ryan et al., 2012; Wasserman, 2012] and an over-reliance on significance testing [Ioannidis,
2005]. Since every study has its biases, the best way to reduce them
could be by replicating the study across different scenarios and participant pools. Such replications comprise one of the directions of the
future work. We addressed the second possible culprit, significance
testing, by conducting the exploratory analysis using both model selection and confidence intervals. Following Wasserman [2012], we remind the reader that “published findings are considered ‘suggestions
of things to look into,’ not ‘definitive final results.’”
5.7

conclusions

Achieving ethnic homophily between humans and robots has the lure
of improving a robot’s perception and user’s task performance. This,
however, had not previously been tested, in part due to the difficulties
of endowing a robot with ethnicity. We tackled this task by attempting
to avoid overly obvious and potentially offensive labels of ethnicity
and culture such as clothing, accent, or ethnic appearance (although
we control for the latter), and instead by aiming at evoking ethnicity
via verbal and nonverbal behaviors. We have also emphasized the
robot as a performer, acting as a character of a receptionist.
Our experiment with a robot of a relatively low human likeness
shows that we can evoke associations between the robot’s behaviors
and its attributed ethnicity. Specifically, we found an effect of behav-
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iors on the attribution of the robot characters as a native speaker of
American English by female participants, while the effect of behaviors
on the attribution of the robot characters as a native speaker of Arabic
was only evident for faces 2 and 4. Although we did not find a convincing evidence of ethnic homophily, we believe that the suggested
pathway can be used to create robot characters with a higher degree
of perceived similarity, and better chances of evoking homophily effect.
This study is a culmination of a sequence of studies that selected
and evaluated behaviors that are potentially useful for the design of
an ethnically salient robot character. We posited that the character design that aims at an ethnic attribution through its behaviors would
benefit from a wide range of ethnically salient behaviors applicable
in a multitude of dialogue acts. Mining for such behaviors requires a
large set of behavior candidates. This problem has been approached
before in the design of on-screen agents by mining cross-cultural corpora for maximally distinctive behaviors. The maximally distinctive
behaviors, however, may not necessarily be the most ethnically salient
ones. This difference necessitates an additional step that evaluates ethnic salience of the behavior candidates. For this sequence of studies,
we performed this step using crowdsourcing with the participants
recruited based on the native language and the country of residence.
The methodology of selecting candidate behaviors from qualitative
studies and corpora analyses, evaluating their salience via crowdsourcing, and finally implementing the most salient behaviors on a
physical robot prototype is not limited to ethnicity, but can potentially be extended to endowing robots with other aspects of human
sociodemographic identities. In such cases, crowdsourcing does not
only help to alleviate the hardware bottleneck inherent in HRI but
can also facilitate recruitment of study participants of the target sociodemographic identity.

6

T E C H N I C A L I M P L E M E N TAT I O N

It doesn’t crash anymore :-) but also doesn’t work :-(
— Reid Simmons, A note on a keyboard

In this chapter, we describe the software that has been used to produce the stimuli for the studies described in Chapters 4 and 5 by
implementing the behavioral and appearance cues of ethnicity on a
robot. The hardware of the robot prototype has already been introduced in Section 1.1.1.
6.1

the software architecture

The software architecture of Hala 2, the next version of Hala, consists
of a number of modules that communicate via IPC [Reid Simmons,
2012] or sockets. The modules can be grouped into those that process sensor data and user input, the interaction manager (IM), the
information retrieval modules, and the expression system. We briefly
review the modules below and provide a more detailed overview of
the Interaction Manager, which is the author’s main contribution to
Hala 2, in Section 6.2.
6.1.1

Sensor and user input processing modules

Hala 2 is equipped with a SICK laser scanner that generates a planar
depth map of the robot surroundings. This map is used by a particle
filter tracker to detect and track individual people. The proximity of
each tracked person is passed to the IM, allowing the robot to engage
passers by.
The typed user input to Hala 2 is passed to syntactic and semantic parsers and then to the IM. The IM, in turn, has an option to
additionally process the user’s utterance via the rule-based dialogue
manager AINE [Ainebot]. The syntactic parser is a statistical parser
that produces Stanford dependency graphs [de Marneffe et al., 2006].
The semantic parser is a trainable parser that attempts to find a bestmatching example template, in a nearest-neighbour fashion.
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6.1.2

Information retrieval modules

Since Hala 2 acts as a receptionist, it has to be able to answer information seeking questions, in particular, weather and campus directions.
These information retrieval modules are invoked upon a request from
the interaction manager and perform relevant queries of online and
database resources. After the data is obtained, IM passes it on to natural language generator modules that insert it into utterance templates,
returning the final surface realization of the robot’s utterance. For the
purposes of this thesis, the utterances were hard coded in IM recipes.
6.1.3

Expression system

6.1.4

Facial expression generation

The facial expressions are generated by driving a Blender model between key frames, using CONCEPT open source software [Delaunay
and Greeff, 2012]. The animations are specified in Python, as lists of
key frames. Each key frame is a set of triplets:
(’<Action Unit code>’, <magnitude>, <attack time>)

Table 5 provides the codes (based on FACS, introduced by Ekman
and Friesen [1978]) for the action units that are used to generate nonverbal expressions for this study.
For each key frame, magnitude is the degree of activation of the specific action unit, generally on a scale from 0 to 1. Attack time is desired
duration of the linearly interpolated animation between the current
values of action units and the key frame. The key frame is considered
attained when all action units of the key frame reach their specified
positions. Once this happens, the system moves on to execute the next
key frame in the list. For example, the animation
(
(
(’05’, 0.45 0.1), (’06’, 1.0, 0.6)
(
(’05’, 0.3, 0.3)
)
)

specifies the first key frame with the upper eyelids at magnitude 0.45
to be attained within 0.1 s and with the cheek raiser at magnitude
1.0 to be attained within 0.6 s. After the first key frame is attained,
the second key frame is executed, which specifies the upper eyelids
to move to magnitude 0.3 within 0.3 s. The rendering is done in real
time.

6.2 interaction manager

To facilitate creating of animations, a graphical editor of facial expressions has been developed by Alzeyara et al. [2011]. The editor
visualizes key frames and animations as the designer varies magnitudes of FACS, for either or both sides of the face, as applicable.
Key frames for animations from the experiments are given in Appendix B.1.
6.1.5

Voice

Hala 2’s voice is generated by the Acapela text-to-speech software,
which provides voices for speaking both American English and Arabic [Acapela Group]. A sound file is generated by the Acapela server
and, together with the utterance text, is used to produce visemes (animations of phonemes) that are blended with the facial expression in
real time [Alzeyara et al., 2011].
6.1.6

Neck

A pan-tilt unit (PTU) is controlled by IM actions that specify the target
pan-tilt angles and the attack time. This means that, at present, PTU
movement is synchronized with the facial animation only at the IM
action level. A future facial expression system will, ideally, include
neck positions as part of the key frame specification.
Due to PTU motors’ limitations on maximum torque, pan movement has limited acceleration, and tilt movement as a limit on maximum angle from which it can recover the vertical position. The current LCD monitor was found to be too heavy to allow fast tilt at an
angle that would make it easily noticable on the video. Therefore, for
the video stimuli of the study described in Chapter 4, in addition to
a slow physical tilt, we made videos that used an in-screen head tilt
instead. Based on the results of that study, we used only in-screen
tilt of the head for the final study presented in Chapter 5. However,
we used the physical pan accompanied with in-screen pan of the eye
gaze in both studies. No in-screen pan movement of the head was
used in these studies.
6.2

interaction manager

The interaction manager (IM) is an ongoing implementation of collaborative discourse theory of Grosz and Sidner [1990]; Lockbaum [1998].
Its main data structure, a dialogue tree, is maintained to represent the
current state and is updated depending on the inputs and the recipes,
i.e. rules that specify subdialogues. From the interaction perspective,
it is designed to enable the following capabilities:
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Multi-modal interaction. The user’s utterance and its syntactic/semantic parses are treated in the same fashion as outputs
of other sensor processing modules, such as the result of the
people-tracking via a laser scanner, or face-tracking via a camera.
Multi-party interaction. Each user has a dedicated data-structure
and the interaction recipes can be applied to multiple data structures at once.
Flexible turn taking (mixed initiative). The user may produce
an utterance at any time, not necessarily in response to the
robot’s prompt (and the utterance will be handled).
Timed execution. Actions can be triggered not only by discrete
user actions, but can also by any state variables, including time.
For example, the robot may decide to talk to a user after a few
seconds of silence.
Flexible discourse structure. Subdialogues, and the nodes of
the dialogue tree where the subdialogues are to be applied, are
dependent on the current state, including the user input.
Flexible turn interpretation. The user’s utterance can be interpreted in multiple contexts, which are specified by the current
dialogue tree.
From the implementation perspective, the M is either a stand-alone
process or a C++ library that can be used with various inputs (results of natural language processing subsystems, sensors) and outputs (actuators, natural language and behavior generators). The interaction manager is an open source software that is available via
GitHub [Makatchev and Simmons, 2013].
6.2.1

Related work

Collaborative agent-based approach to dialogue management is only
one of several approaches to dialogue management (see an overview
by Bui [2006]). Previously, the definitive implementation of the SharedPlan model [Grosz and Sidner, 1990] of collaborative discourse was
the Collagen collaboration manager [Rich and Sidner, 1998], which
was proprietary. An open source successor of Collagen, called Disco [Rich
and Sidner, 2012], is currently under active development. An extension of SharedPlans that explicitly represents the task structure, called
Collaborative Problem-Solving [Blaylock and Allen, 2005], has been
used in another proprietary dialogue manager, SAMMIE Becker et al.
[2006]. In the development of the IM, we follow the main ideas presented in Collagen and Disco and adapt them for our specific needs.

6.2 interaction manager

6.2.2

Overview

Similar to Collagen and Disco, IM creates and maintains a dialogue
tree that represents the current state of the dialogue. At present, there
is no separate task structure. According to the collaboration discourse
theory, a dialogue is viewed as a hierarchy of tasks, and an utterance
can contribute to a task in one of the three ways: (1) provide a needed
input, (2) select a new task or subtask to work on, or (3) select a
recipe to achieve the task. Like Collagen and Disco, IM extends this
interpretation paradigm to include inputs of other modalities.
The tree-growing process is a production-like system (c.f. CLIPS
expert system [Giarratano and Riley, 1998]) that attempts to satisfy
goals by backchaining on rules. All the inputs and state changes are
interpreted in the context of the current dialogue tree. According to
the joint plan theory of interaction, every participant of the interaction contributes to building the joint plan. Generally, each participant
may have their own view of the joint plan, distinct from others. IM
considers only one view of the joint plan, which can be considered
the robot’s point of view.
The knowledge that comes from outside of IM (facts) is represented
as logical formulae. In the simple case, these facts form a conjunction
of atoms, where each atom is a partially grounded predicate.
IM recipes have a function similar to Disco and Collagen recipes,
and correspond to the rules of a production system. A recipe consists
of a precondition, a body and a postcondition. A precondition is a
disjunctive normal form (DNF) of partially grounded atoms. A body
of the recipe is an ordered sequence of actions, assignments, or goals.
The postcondition of a recipe is an assignment.
The are several ways in which IM differs from a typical production
system:
• Items in the body of a recipe (corresponding to the right hand
side of a production rule) are executed in order (sequentially by
default). The execution proceeds to the next item when execution of the previous item is successfully completed.
• There is a mechanism to control the flow of execution depending on the return status of actions. For example, if a time-sensitive
action, such as saying “goodbye” to a departing user, has been
aborted by the executor, for some reason, the IM may need to
purge the rest of the farewell recipe. If that was a greeting, the
IM may retry sending it to the behavior executor, or skip it and
move to the next action in the greeting recipe.
• There is a mechanism for timing out of items in the body of a
recipe.
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• There is a whilecondition, failure of which triggers purging of
the recipe.
IM’s dialogue tree interface implements the three ways of interpretation of an input specified by collaborative discourse theory. Notably, IM allows interleaved recipe execution, resulting in simultaneous multi-topic dialogues. However, at the present state, IM does not
implement many of the features of Collagen and Disco, such as focus
stack. For more details we refer the reader to the IM documentation
at [Makatchev and Simmons, 2013].
6.2.3

Interfacing with interaction manager

The interaction manager is intended to hold a central place in the
graph of the data flow between the system’s components: most actions that are dependent on the sensor inputs should be triggered
from the interaction manager. The exceptions are those actions that
require low latency (under 100ms) or actions that are dependent on
the inputs from one sensor module that maintains its own state. For
example, a response of the tiles rendered in the 3D physics simulator
to the user’s touch of the desktop shared with the Gamebot Victor
(see Section 6.2.6) is handled by the simulator’s own logic.
The inputs are passed to IM by creating or updating the state atoms
(see Section 6.2.4), while IM outputs are actions addressed to particular executors.
A natural language processing pipeline, for example, could feed to
IM the surface utterance, its syntactic and semantic parses. IM would
produce an action, depending on the input utterance and the current
state of the dialogue tree. For instance, given a user’s greeting and an
empty dialogue tree, the greeting script can be triggered, that could
send an action to say “hello” directly to the robot’s behavior executor,
or could send an action to produce a greeting realization to a natural
language generator.
Currently, task-related actions, such as information look-up, are
also dispatched via recipes loaded onto the dialogue tree. For example, a recipe handling a weather question first dispatches an action
to a weather module for that requests the weather in the particular
location and time, and then, based on the returned information, dispatches an action that generates the answer utterance.
Every action specified an excutor that the action is intended to.
An executor returns a required action status (completed, aborted,
failed) and an optional list of return values. The semantics of action status is flexible, since action call in a recipe allows to override
control flow rules conditioned on the action status.

6.2 interaction manager

6.2.4

Interaction manager state

The complete state of the interaction manager consists of the dialogue
tree and the partially grounded atoms corresponding to the system’s
globals (such as current time and current number of people in the
robot’s vicinity), user objects (user’s last utterance, the time when the
user joined, etc.), and other atom types depending on the application. For example, in the IM of a game-playing robot, there would be
additional atom types for a player and a game state.
Each node of the dialogue tree, except for the root, corresponds to
an instance of a recipe. The nodes are created and purged according
to the rules described in Section 6.2.5.
Currently, no analogue of the Collagen or Disco focus stack is implemented. That introduces an undesirable dependency of the IM operation on the order in which recipes are matched against the input.
6.2.5

Control flow

At every cycle of its main loop, IM attempts to (a) backchain from the
root of the dialogue tree, (b) execute nodes of the dialogue tree, (c)
backchain on the pending goals, (d) purge nodes with failed preconditions. We describe these operations in more detail below.
(a) At every cycle, the preconditions of a subset of the recipes (that
are called triggerable recipes) are checked against the current
state atoms. The preconditions are, in general, a disjunctive normal form made of predicates over the atom slots. The predicates
include numeric comparisons for number type slots and regular
expression matching for string type slots. For example, a precondition of a recipe for interaction with two interlocutors at
the same time can have two user atoms where one of the users
has introduced himself (slot name is not equal to _NO_VALUE_)
and the other has not (slot name equals _NO_VALUE_). If such a
pair of user atoms exists among the atoms for all the currently
present users, it will be matched against the preconditions of
the recipe. If multiple matching pairs of atoms exists, one of the
pairs (first found by the combinatorial matching algorithm) will
be selected. The recipe could then proceed with generating an
utterance addressed to the first user “Why don’t you introduce
your friend?”
Once the formula in the recipe precondition is satisfied, a new
node will be created for this recipe and added as a child of the
root of the dialogue tree. Local variable bindings specified by
the precondition will be created. The first consecutive assignments of the recipe will then be executed to allow the recipe to
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set any blocking flags (for example flags that block other recipes
from trying to greet the unintroduced user).
(b) Once a tree node is created based on a recipe, its body elements
are attempted to be sequentially executed, one element per cycle
(after the first block of consecutive assignments). If the current
element is an action, then the execution pauses until the action
status is returned. Then, depending on the returned status and
the specified behavior, the execution can move onto the next
element (default), skip to the postconditions, or purge the node
altogether. If the current element is a goal, then the execution
of the node is paused until the goal is satisfied, normally, by
backchaining on it with a recipe. There is a way to specify a
timeout that will move the execution to the next element if an
action or a goal are not completed within the specified time.
Once all body elements are executed, the node’s postcondition
assignment is performed and the node is purged. If the node
was created to satisfy a goal of a parent node, that goal now is
considered satisfied.
(c) If a body element is a goal, IM attempts to find a recipe, backchaining on which will satisfy the goal. This is done by matching the
assignment in the postcondition of a recipe and the goal DNF.
To enable such matching without the need to simulate the execution of the candidate recipe, the postcondition assignment is
not allowed to contain variables. Once such a recipe found, a
new node is created as a child of the current recipe.
For example, the recipe’s goal can be specified as a formula
consisting of a single atom for the unintroduced user, with the
has_been_greeted slot’s value being equal to true. Any recipe
with the postcondition assigning true to the has_been_greeted
slot of a user’s atom can satisfy the goal. However, only a recipe
with its preconditions satisfied will be loaded to satisfy the goal.
For example, two recipes can greet the user and assign true
to the has_been_greeted slot in the postconditions. One recipe,
may be conditioned on the current time of the day being morning, another recipe on the current time being afternoon. Then,
out of these two recipes both of which can potentially satisfy
the goal, the recipe with the preconditions matching the current
time of the day should be selected.
(d) Finally, at every cycle of the IM loop the whileconditions of every dialogue tree node are checked. Nodes with failed whileconditions are purged, either immediately (in which case executors
of pending actions receive a command to abort them), or when
the currently pending action receives an action status form its
executor.

6.2 interaction manager

For example, a dialogue recipe may be conditioned on the user
being present in the vicinity of the robot. As soon as the user
leaves the vicinity, the corresponding node will be purged, even
if it hasn’t been fully executed.
6.2.6

Applications

The experiments with the robot prototype in this thesis were Wizardof-Oz style, so no natural language understanding or sophisticated
dialogue trees were necessary. The Wizard-of-Oz control is implemented using goal-free recipes that are triggered by the operator’s
commands.
IM, with its fuller range of features, is currently used in the following applications.
Victor, the Gamebot, is a Scrabble-playing trash-talking robot
installed at the Gates-Hillman Complex of CMU. IM controls
Victor’s conversation and gameplay strategy, allowing the robot
to adjust its level of expertise.
Hala 2 is the next version of Hala, which is currently under
development. IM controls the robot’s contributions to the conversation.
Uncle Georgi and Fake Siri are radio show sidekicks1 on the
Russian Hour, WRCT Pittsburgh 88.3FM. IM controls the sidekicks’ contributions to the conversation.
The Hala 2 character, whose backstory describes it as a bilingual
Arabic robot receptionist, should directly benefit from the results of
this thesis. The behavioral cues of ethnicity that we used in Chapters 4 and 5 include facial expression animations, neck movements,
and different realizations of dialogue acts. The experimental stimuli
containing these behaviors have been generated using the Hala 2 software architecture and rendered on the Hala robot prototype. However, engineering such behaviors for a deployment version of a robot
receptionist would benefit from the robot’s ability to generate their exact realizations in real time, instead of having them hardcoded in the
recipes. For example, eye gazing towards the destination at every step
of a sequence of directions can be generated on the fly for an arbitrary
sequence of directions. Similarly, politeness markers can be injected
into an arbitrary direction sequence by the sentence realizer. Such
extensions, which would be desirable for a robot that implements
results of this study, are discussed as future work in Chapter 7.

1 youtube.com/watch?v=B7CRTWY8W4A, youtube.com/watch?v=1LGCLST8AEQ
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Code

Action unit description

01

Inner brow riser

02

Outer brow raiser

04

Brow lowerer

05

Upper eyelid closer

06

Cheek raiser and lip compressor

07

Eyelid tightener

08

Lips closer

09

Nose wrinkler

10

Upper lip raiser

11

Nosalabial furrow deepener

12

Lip corner puller

13

Sharp lip puller

14

Dimpler

15

Lip corner depressor

16

Lower lip depressor

17

Chin raiser

18

Lip pucker

19

Tongue show

20

Lip stretcher

21

Neck tightener

26

Jaw drop

27

Mouth stretch

28

Lip suck

31

Jaw clencher

32

Bite

33

Blow

38

Nostril dilator

39

Nostril compressor

63.5

Eye X-axis orientation

Table 5: A fragment of codes for action units relevant for the expressions
used in this study (based on FACS, Ekman and Friesen [1978]).

7

S U M M A RY A N D F U T U R E W O R K

7.1

summary of the results

In this thesis, we set out to evaluate two main hypothesis:
Hypothesis I (Ethnic attribution) Believable ethnic identity of robot
characters can be created using behaviors selected via lower fidelity
on-screen simulations and crowdsourcing.
Hypothesis II (Homophily) Human-robot ethnic congruence improves subjective and objective measures of interactions.
We found partial support for Hypothesis I, and did not find convincing support for Hypothesis II.
We addressed these hypotheses in the context of a robot receptionist (roboceptionist) using Hala hardware and Hala 2 software architectures. In particular, we conducted a sequences of studies that started
with identifying candidate behavioral cues of a native speaker of
American English (Ar), or a native speaker of Arabic, speaking English as a foreign language (AmE), when viewed by members of either ethnic group. We adopted the notions of a rich point from anthropology and a maximally distinctive behavior from the related work
on ethnically salient ECAs, and argued for their distinction from the
ethnic cues. This distinction necessitates further evaluation of rich
points and maximally distinctive behaviors with respect to their ability to evoke ethnic attribution.
We argued that such an evaluation can be done using low fidelity
on-screen stimuli and online crowdsourcing. Our online studies showed
that, indeed, perceived ethnic attribution and other perceptual measures of both verbal and nonverbal behaviors can be obtained from
both ethnic communities of our focus. However, the obtained scores
were scarce and did not give definitive answers by themselves. Nevertheless, equipped with the corpus of human receptionist dialogues,
and the intuitions from the related studies on cultural differences, we
were able to select candidate cues of ethnicity for their further implementation for the study with a colocated robot prototype.
When expressed by a colocated robot, the behaviors that we identified as likely cues of the AmE and the Ar ethnicities, affected ethnic
attributions of the robot character (i.e. combinations of the robot’s behaviors and one of the four faces). In particular, the behavioral cues of
the AmE ethnicity had a simple main effect on the ethnic attribution
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of the characters as AmE by female participants. The behavioral cues
of Ar ethnicity had an effect on the Ar attribution for two of the faces.
Notably, ethnic attributions produced by faces rendered on-screen
in an online study, were not replicated when the faces were rendered
on a robot that expressed behavioral cues of ethnicity, including both
the colocated robot and videos of the robot. This could be due to (a)
a weaker effect of appearance cues of ethnicity when rendered on
a robot, caused by either the perceived machine-like identity of the
robot, (b) the perception of a shared physical space, leading to the
“broken fourth wall,” or (c) a dominating effect of behavioral cues of
ethnicity. A further study could address this issue.
Although we did not find a convincing evidence of ethnic homophily,
we believe that suggested pathway can be used to create robot characters with higher degree of perceived similarity, and better chances
of evoking homophily effect. We discuss some of the possible ways of
improving the perceived similarity in the next section.
Crowdsourcing, while useful, did not resolve all of our problems.
For example, we still had difficulties with recruitment of participants
from Arabic-speaking countries. Perhaps other online market places
could offer a larger fraction of online workers from those countries.
7.2

reflection

Behaviors are an integral part of achieving believability in humans
(see, for example, acting technics of Stanislavski [2008]). As interactive
capabilities of robots are gaining in sophistication, robots’ behaviors
during these interactions are becoming a major modality for expressing such aspects of believability as emotion, personality, and sociodemographic background, such as ethnicity. Principled data-driven selection of behaviors that are fit to produce the desired effect has not
been broadly used yet due to, mostly, sparsity of the data (an exception is the studies by Mairesse and Walker [2008] that we discuss
later in this section). In particular, maximally distinctive behaviors between respective groups of users are often assumed to be the salient
behaviors that, when implemented on a robot or an on-screen agent,
will result in the observer’s attribution of the robot/agent to the corresponding group. This conventional methodology, as applied to the
design of ethnically believable characters, is depicted in figure 37.
This approach, while being intuitive, suffers from a number of
weaknesses, which may be why its success in achieving believability,
in particular, in expressing ethnicity, has been spotty.
First, it does not explicitly take into account interactions between behaviors. For example, it is known that the amount of
gaze on the conversation partner depends on who is speaking
at the moment. Typically, it is up to the person performing the
analysis to account for such dependencies on the context.
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Figure 37: Conventional method for selecting behaviors of ethnic characters.

Second, this approach does not explicitly measure salience of
the behaviors for the purposes of the group attribution. Thus,
behaviors that are different across the groups because of confound factors, rather than group attribution, will be selected.
For example, multimodal corpora usually include relatively small
number of subjects, due to the large amount of effort involved
in data collection and annotation. These subjects, when divided
into the target groups, for example by their ethnicity, will likely
not be balanced with respect to other features, such as gender,
age, status. These variables may be as important in explaining
the differences in behaviors as the ethnicity, but the small number of subjects does allow to control for the effects of these variables.
Third, even when differences are indeed correlated with the target variable, such as ethnicity, their expressive power in eliciting
the attribution generally depends on the observer. For example,
unless the observer is familiar with the upper head toss as a
gesture used to express “no” by some speakers of Arabic, this
behavior may not be a strong contributor to eliciting ethnic attribution from this observer. While one may argue that such a
behavior at least will not harm attribution, the opposite may be
the case: behaviors that are not easily interpretable in the context hurt the believability of human actors [Stanislavski, 2008].
A more sophisticated approach that avoids these problems selects
behaviors using procedures of statistical classifier feature selection.
Figure 38 illustrates this additional step in application to the design of
ethnically believable characters. Such methodology that includes the
feature selection step was successfully used by Mairesse and Walker
[2008] to generate personality via verbal behaviors but requires considerable amount of training data. A more recent work adds gestures
to create on-screen characters that vary their degree of extraversion
[Neff et al., 2010]. Adapting this approach to selection of salient ethnic behaviors faces the following problems.
First, it is not clear ethnic attribution of short behavior snippets
can be directly evaluated the way the personality can be. The dif-

123

124

summary and future work
Ethnic behaviors
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Rich points
Culture models

Ethnographies

Maximally distinctive behaviors
Corpus analysis

Figure 38: Proposed methodology for selecting behaviors of ethnic characters.

ficulties include lack of established ethnic attribution questionnaires, the need for potentially longer interactions to express
ethnicity through behaviors, and some contexts may lend more
to the ethnically expressive behaviors than others.
Second, combinations of verbal and nonverbal candidate behavioral cues of ethnicity, when controlled for appearance, create
large amount of stimuli that may require special experimental
design and recruitment procedures. In particular, it becomes
infeasible to test the stimuli on a robot with colocated participants.
Third, as we pointed out, ethnic attribution is likely to be dependent on the ethnicity of the observer, and access to the populations of subjects of target ethnicity can be problematic.
In this thesis we proposed solutions for the problems and verify
their feasibility by completing pathway of creating ethnically believable robot characters. We addressed the difficulty of directly evaluating ethnic attribution by using additional measures of perceived animacy, anthropomorphism, likeability, intelligence, and safety (Godspeed questionnaire described by Bartneck et al. [2009]). We addressed
the problems of a large number of stimuli and the need to access to
participants of particular ethnic background by performing recruitment and evaluation of behaviors via online crowdsourcing.
The substitution of stimuli rendered on a colocated robot by videos
of the robot may affect ethnic attribution in multiple ways. It may
dampen the effect, as colocated robots were shown by Kiesler et al.
[2008] to be more influential and more easily anthropomorphized.
It may also strengthen the perceived ethnic attribution, as we speculated that on-screen agents potentially easier than robots lend to
the suspension of disbelief as ethnic characters. As we did not separately evaluate the effect of colocation on perceived ethnic attribu-
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tion, this remains a topic for a future work. When used jointly in
multiple direction-seeking interactions, the behaviors selected based
on the evaluation of video stimuli (and additional guidance described
below), elicited desired ethnic attribution. However, the methodology
uncovered a number of additional problems.
• Few stimuli affected ethnic attribution scores.
• Even when ethnic attribution scores were affected by the stimuli, sometimes the attribution differed across the ethnic groups.
Namely, the same verbal behavior, such as saying “Yes, sir” or
“Yes, ma’am,” positively affected attribution of the robot as a native speaker of American English when scored by native speakers of Arabic, and negatively affected attribution of the robot
as a native speaker of American English when scored by native
speakers of American English.
• While using measures of Godspeed questionnaire results in score
differences between the ethnic groups, these differences are not
as easily interpretable as the ethnic attribution measures. For
example, the nonverbal behavior of smiling positively affects
all Godspeed measures of native speakers of Arabic, while for
native speakers of American English it affects positively perception of animacy, anthropomorphism, likeability, intelligence,
but affects negatively the perceived safety.
• Recruitment of the required numbers of participants from Arabicspeaking countries using Amazon’s Mechanical Turk was at
times slower than desirable (less than 5 participants per day).
In cases when the interpretation of the ethnic attribution and Godspeed scores was not easily interpretable, we selected the behaviors
based on the ethnicity of the original sources of the behavior candidates, or based on the intuitions provided by the ethnographies and
culture models. A more systematic handling of such cases would be
necessary to completely automate the behavior selection procedure.
As the final stage of the character design, behavioral cues of ethnicity selected via online experiments were implemented on a robot
prototype and tested with colocated participants. Although behaviors
produced desired affect on attributions (at least for subsets of participants), the absolute attributions of characters were overwhelmingly
biased towards native speaker of American English, likely due to the
exclusively English content and phonetic characteristics of the textto-speech system. This suggests using explicit Arabic content (code
switching) and prosodic manipulation as additional behaviors that
may improve attribution.
In summary, obstacles to the principled data-driven selection of behavioral cues of ethnicity include questionnaire instruments and the
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interpretation of the scores they provide, and access to the participants of target demographics. We have shown in this thesis that, in
cases when these two obstacles are not insurmountable, the proposed
pathway succeeds in creating ethnically believable robot characters.
7.3

future studies

The current studies had a number of limitations. We did not vary
voices, while it is known that prosody, for example, is a rich point [Ward
and Bayyari, 2007]. The interaction effects with faces suggest that
faces play important, yet complex, roles in the perception of robot
characters. In our studies we varied only a limited number of facial
features (colors of skin, hair, and eyes). A more representative sample
of faces could help shed the light on some of the complex associations
between faces and perceptual measures.
More significantly, perhaps, we did not vary the perceived gender
of the robot characters. While we controlled for the gender of the participants, varying the gender of the robot character could allow us to
add an additional dimension (or two, accounting for the genders of
both interlocutors) to the description of rich points and ethnic cues.
Of course, new dimensions would increase the amount of work, perhaps exponentially, and would require developing of more advanced
experimental machinery. We discuss some of these issues in the next
section.
Identifying ethnically salient behaviors turned out to be a difficult
task. One possible reason is that native language and the country of
residence may play a smaller role in defining a person’s social identity
than they were just decades ago. However, similarity along other sociodemographic dimensions may be powerful sources of homophily.
For example, fans of Pittsburgh Penguins could arguably feel an initial mutual attraction in spite of differences along other dimensions
of their social identities. In the limit, a robot may align identity towards an individual interlocutor, effectively personalizing its interaction and increasing the number of dimensions of similarity. However,
for a robot receptionist that may need to interact with multiple users
at the same time, such personalization to one user may increase a
dissonance with others. Finding the appropriate dimensions and degrees of desired similarity between a robot and users in a service
scenario can be an interesting direction of future work.
In our studies we have introduced the robot as an actor, playing
a character of a receptionist. This was done because we contended
that users would more readily apply the notion of ethnicity, or native
language, to a character, rather than a robot. We have not, however,
evaluated this hypothesis. It is not impossible to imagine that perception of the robot as an actor may reduce homophily effect, even
when the ethnic congruence between the user and the robot character
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is established. After all, it is not the robot itself who is similar to the
user, but the character the robot plays. Evaluating the effects of agency,
that is perceived as either direct or mediated through a character, on
ethnic attribution and homophily may be an interesting new line of
work.
7.4

implications for technology

The behavioral cues of ethnicity for the studies described in this thesis
were hard coded, rigidly tying verbal and nonverbal modalities. Using such behaviors in a deployment version of the robot would benefit
from realtime rendering of the verbal and nonverbal behaviors for an
arbitrary, say, direction sequence. Examples of such systems include a
model of discourse sensitive posture shifts, developed for Collagen by
Cassell et al. [2001], and a natural language generator that expresses
personality, developed by Mairesse and Walker [2010].
Identifying and evaluating large numbers of ethnic cues via online
studies requires high degree of automation in both generation of stimuli, recruitment of study participants and analysis of the data. With a
degree of ingenuity currently lacking in the author, perhaps the problem can be framed as a game with a purpose, alleviating the issues of
recruitment and worker remuneration [von Ahn and Dabbish, 2008].
7.5
7.5.1

applications in society
Cultural competence

Everyone should learn basic language skills....
This language skill is as important as
your other basic combat skills.
— General Stanley A. McChrystal,
Counterinsurgency (COIN) Training Guidance (November, 2009)
In the modern world, cultural awareness is increasingly a matter
of survival (cf. Gen. McChrystal, epigraph). Attaining cultural awareness firsthand from members of the languacultures can be infeasible,
and even when it is, errors can be costly. Virtual agents and environments have been successfully used to train cultural competence (see,
for example, [Johnson and Valente, 2008]). While current state of the
art in a robot’s human-likeness lags behind that of virtual character’s,
the proposed methodology may be useful in other contexts, besides
using a robot as a nonplayer character of an educational game. For example, behavioral cues of ethnicity appear to be especially useful for
humans, since we have inherent limitations in expressing ethnic cues
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via appearance, and attaining a foreign language proficiency may be
much harder than learning, for example, a gaze pattern. There is an
evidence (see, for example, [Dew and Ward, 1993; Collett, 1971]), that
using ethnically congruent nonverbal behaviors improves interaction
outcomes even when ethnic attribution is not possible (presumably
due to strong appearance cues).
7.5.2

Facilitating positive intergroup contact

I imagine how this robot would be at home, in Palestine:
An Israeli soldier would probably put a gun to its head.
— A study participant, A post-study interview
Homophily has its flip-side: it results in reduced intergroup contact.
Overcoming such ingroup communication bias is a worthy goal for a
number of reasons. First, positive intergroup communication can reduce prejudice [Nagda, 2006]. Second, communication between members of culturally diverse workgroups is an important factor affecting
the workgroup performance [Barinaga, 2007].
One way to reduce ingroup bias is by establishing a contact with
an outgroup individual. However, not every intergroup contact has a
positive outcome. Allport [1954], in his seminal work, hypothesized
that positive effects of intergroup contact require the following four
conditions: equal group status within the contact situation, common
goals, intergroup cooperation, and the support of authorities, law, or
custom. Pettigrew [1998] expanded this list with a friendship potential as an essential fifth condition, and described processes that can
contribute to optimal contact.
Everyday situations in many modern societies do not satisfy some
or all of the conditions for optimal contact. In Qatar, for example,
where nationality is closely linked with occupation, and therefore,
status, some combinations of nationalities almost never interact in
situations of equal group status [Nagi, 2006]. In other words, if Allport’s and Pettigrew’s hypotheses are correct, some combinations of
ethnic groups in Qatar, particularly involving Qatari nationals, virtually never share situations that are conducive to positive contact.
Perhaps, an ethnically-believable robot character can play roles of
an interlocutor or facilitator in a positive intergroup contact situation.
Specifically, embedding an ethnically-specific robot character in communicative situations with a member of an outgroup (i.e. a user with
an incongruent ethnic identity), may help avoid evoking some of the
societal constraints that hinder positive intergroup contact between
humans of the corresponding ethnic groups.
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C R O S S - C U LT U R A L P E R C E P T I O N O F P E R S O N A L I T Y
THROUGH LANGUAGE

a.1

stimuli

This survey has 602 questions. Really?
Filled to page 7 of 54.
— A participant in a pilot of this study

Tables 6–10 show stimuli used in the study introduced in Section 4.2.
Each of the Tables 7–10 corresponds to a section of the experiment
that targets the respective dimension of language variability. Every
section of the experiment also contains the control condition shown
in Table 6.
Hence, each section of the experiment contained 12 items (excluding one item that was used as a test of diligence of the participants): 4
dialogue turns × 3 values of valence (including neutral control). Each
item was presented on a separate web page. A participant had to complete personality (or naturalness) evaluation to be able to move to the
next page (forced choice). Figure 39 depicts the outline of the web
page corresponding to one of the items of the study with TIPI personality questionnaire. Similar rendering was used with the version
of the study that measured naturalness.
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A

A: Good morning.
B: Good morning. How
may I help you?

Control
(neutral)

A: Could you tell me
where the library is?
B: It’s at the end of the
hallway on your left.

Question-Answer
A: Could you tell me
where the library is?
B: It’s on the second
floor.
A: I thought it was on the
first floor.
B: No, there is no library
on the first floor.

Disagreement

Table 6: Fragments of dialogues corresponding to the control condition.

Greeting

Dimension
and valence

A: Could you tell me
where the library is?
B: Sorry, I don’t know.

Apology
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A: Good morning.
B: Morning. May I help
you?

A: Good morning.
B: Good morning. How are
you today?
A: I am doing well, thanks.
You?
B: Very well, thank you.
How’s your family?
A: Everyone is doing fine,
thanks. How about yours?
B: Mine is doing well too.
How may I help you?

Verbosity
negative

Verbosity
positive

A: Could you tell me
where the library is?
B: Yes, just follow this
hallway until it ends and
you will find the library
on your left hand side.

A: Could you tell me
where the library is?
B: End of the hallway on
your left.

Question-Answer

A: Could you tell me
where the library is?
B: Yes, the library is on
the second floor.
A: I thought it was on the
first floor.
B: No, there is no library
on the first floor of this
building.

A: Could you tell me
where the library is?
B: Second floor.
A: I thought it was on the
first floor.
B: No, it is not.

Disagreement

A: Could you tell me
where the library is?
B: I am so sorry, I don’t
really know where the library is in this building.

A: Could you tell me
where the library is?
B: I don’t know.

Apology

Table 7: Fragments of dialogues corresponding to the verbosity section of the experiment.

Greeting

Dimension
and valence
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A: How are you?
B: Definitely good, and
you?
A: Good, thank you.
B: How may I help you?

A: How are you?
B: Good, I guess, and
you?
A: Good, thank you.
B: Could I help you?

Hedging
negative

Hedging
positive

A: Could you tell me
where the library is?
B: I think it is at the end
of the hallway on your
left.

A: Could you tell me
where the library is?
B: Sure, it is at the end of
the hallway on your left.

Question-Answer

A: Could you tell me
where the library is?
B: Sorry, I have no idea
where it is.

Apology

A: Could you tell me A: Could you tell me
where the library is?
where the library is?
B: I think the library is on B: Sorry, I am not sure.
the second floor.
A: I thought it was on the
first floor.
B: No, if I am not mistaken, there is no library
on the first floor.

A: Could you tell me
where the library is?
B: The library is on the
second floor.
A: I thought it was on the
first floor.
B: No, there is definitely
no library on the first
floor.

Disagreement

Table 8: Fragments of dialogues corresponding to hedging section of the experiment.

Greeting

Dimension
and valence
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A: How are you?
B: Good morning. How
may I help you?

A: How are you?
B: Good, how are you?
How may I help you?

Lexical or
syntactic
alignment
negative

Lexical or
syntactic
alignment
positive

A: Could you tell me
where the bathroom is?
B: The bathroom is at the
end of the hallway on
your left.

A: Could you tell me
where the bathroom is?
B: The restroom is at the
end of the hallway on
your left.

Question-Answer

A: Could you tell me
where the bathroom is?
B: The bathroom is on
the second floor.
A: I thought the bathroom was on the first
floor.
B: No, there is no bathroom on the first floor.

A: Could you tell me
where the bathroom is?
B: The restroom is on the
second floor.
A: I thought the bathroom was on the first
floor.
B: No, there is no restroom on the first floor.

Disagreement

A: Could you tell me
where the bathroom is?
B: Sorry, I don’t know
where the bathroom is.

A: Could you tell me
where the bathroom is?
B: Sorry, I don’t know
about the restroom.

Apology

Table 9: Fragments of dialogues corresponding to lexical and syntactic alignment section of the experiment.

Greeting

Dimension
and valence

A.1 stimuli
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A: Good morning.
B: Good morning, sir
(madam). Would you allow me to help you with
anything?

Formality
positive

A: Could you tell me
where the library is?
B: Yes, you may find
the library on the second
floor.
A: I thought it was on the
first floor.
B: I am afraid that is
not correct, there is no library on the first floor.

A: Could you tell me
where the library is?
B: Go to the second floor.
A: I thought it was on the
first floor.
B: No, honey, there is
none on the first floor.

Disagreement

A: Could you tell me
where the library is?
B: I have to apologize,
but I don’t know.

A: Could you tell me
where the library is?
B: Sorry about that, I
have no idea.

Apology

Table 10: Fragments of dialogues corresponding to formality section of the experiment.

A: Could you tell me
where the library is?
B: Kindly follow this hallway and you will encounter the entrance on
your left.

A: Good morning.
A: Could you tell me
B: What’s up? Need any- where the library is?
thing?
B: Just go to the end
of the hallway, you can’t
miss it.

Formality
negative

Question-Answer

Greeting

Dimension
and valence
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A.1 stimuli

You

Receptionist

Good morning.
Not so good at all.

Do you agree that the Receptionist’s utterance was natural?
Disagree

Disagree

Disagree

Neither

Agree

Agree

Agree

strongly

moderately

a little

agree nor

a little

moderately

strongly

d

disagree

1

d

2

d

3

4

d

5

d

6

d

7

d

Table 11: A validation dialogue and question for AmE participants.

You

Receptionist

As-Salamu Alaykum.
Inshallah.

Do you agree that the Receptionist’s utterance was natural?
Disagree

Disagree

Disagree

Neither

Agree

Agree

Agree

strongly

moderately

a little

agree nor

a little

moderately

strongly

d

disagree

1

d

2

d

3

4

d

5

d

6

d

7

d

Table 12: A validation dialogue and question for Ar participants.
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Imagine that you are visiting a university building for the first time and see a
female receptionist who appears to be in her early 20s and of the same ethnic
background as yourself. The following conversation takes place between you
and the female receptionist. (This text will not change from page to page, but
the conversations below will be different.)
You

Receptionist

Could you tell me
where the library is?
Sorry, I have no idea where it is.
Use the following key to answer the questions below:
1

d

2

d

3

d

4

d

5

d

6

d

7

d

Disagree

Disagree

Disagree

Neither

Agree

Agree

Agree

strongly

moderately

a little

agree nor

a little

moderately

strongly

disagree

I see the receptionist as
Extraverted, enthusiastic:
1

d

2

d

3

d

4

d

5

d

6

d

7

d

5

d

6

d

7

d

Critical, quarrelsome:
1

d

2

d

3

d

4

d

Dependable, self-disciplined:
1

d

2

d

3

d

4

d

5

d

6

d

7

d

5

d

6

d

7

d

Anxious, easily upset:
1

d

2

d

3

d

4

d

Open to new experiences, complex:
1

d

2

d

3

d

4

d

5

d

6

d

7

d

4

d

5

d

6

d

7

d

5

d

6

d

7

d

5

d

6

d

7

d

6

d

7

d

6

d

7

d

Reserved, quiet:
1

d

2

d

3

d

Sympathetic, warm:
1

d

2

d

3

d

4

d

Disorganized, careless:
1

d

2

d

3

d

4

d

Calm, emotionally stable:
1

d

2

d

3

d

4

d

5

d

Conventional, uncreative:
1

d

2

d

3

d

4

d

5

d

Figure 39: A rendering of the web page that presents negative hedging of
the apology with the personality (TIPI) questionnaire. Symbol
represents HTML radio button element.
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results: model fitting

The data set is unbalanced on native language (there were 155 native speakers of Arabic and 166 native speakers of American English)
and gender of the participants (163 males and 158 females). Hence,
instead of performing a conventional ANOVA with corrections or
balancing the dataset by reducing the overall number of participants,
we fit the data using linear mixed-effects (LME) models [Pinheiro and
Bates, 2000].
LME models are especially suitable to characterize the variation
induced by a non-repeatable (for example, study participants) covariate, via so called random effects. The covariates with fixed levels, in
our case it would be valence, dialogue act, native language and gender covariates correspond to model parameters that we will refer to
as fixed effects. We divide the data by the language variability dimension and fit LME models separately for each of the subsets, since no
comparison across dimensions is intended. Similarly, for the sake of
simplicity, we will be fitting models to naturalness score and each of
the five TIPI scores individually. In general, it is possible to also fit to
a multivariate dependent variable. More specifically, we are considering the following LME models:
1. A random participant factor: yijk = µ + bi + ijk , where i is a
participant index, j = 1, 2, 3 is a valence index, and k = 1, 2, 3, 4
is a dialogue act index. The model assumes that the random
effect of the study participant bi ∼ N(0, σ2b ), and error term
ijk ∼ N(0, σ2 ).
2. A fixed valence factor and a random participant factor: yijk =
µ + αj + bi + ijk , where i is a participant index, j = 1, 2, 3 is
a valence index, and k = 1, 2, 3, 4 is a dialogue act index. The
fixed effect of the valence factor is αj . The model assumes that
the random effect of the study participant bi ∼ N(0, σ2b ), and
error term ijk ∼ N(0, σ2 ).
3. A fixed dialogue act factor and a random participant factor:
yijk = µ + βk + bi + ijk , where i is a participant index, j =
1, 2, 3 is a valence index, and k = 1, 2, 3, 4 is a dialogue act
index. The fixed effect of the dialogue act factor is βj . The
model assumes that the random effect of the study participant
bi ∼ N(0, σ2b ), and error term ijk ∼ N(0, σ2 ).
4. Fixed factors for valence and dialogue act (no interaction) and a
random participant factor: yijk = µ + αj + βk + bi + ijk , where
i is a participant index, j = 1, 2, 3 is a valence index, and k =
1, 2, 3, 4 is a dialogue act index. The fixed effects of the valence
and dialogue act factors are αj and βk respectively. The model
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assumes that the random effect of the study participant bi ∼
N(0, σ2b ), and error term ijk ∼ N(0, σ2 ).
5. Fixed factors for valence and dialogue act (with interaction) and
a random participant factor: yijk = µ + βjk + bi + ijk , where
i is a participant index, j = 1, 2, 3 is a valence index, and k =
1, 2, 3, 4 is a dialogue act index. The fixed effects of the valence
and dialogue act factors are βjk . The model assumes that the
random effect of the study participant bi ∼ N(0, σ2b ), and error
term ijk ∼ N(0, σ2 ).
6. Fixed factor for native language not interacting with fixed factors for valence and dialogue act (that interact between each
other) and a random participant factor: yijkl = µ + αl + βjk +
bi + ijkl , where i is a participant index, j = 1, 2, 3 is a valence
index, k = 1, 2, 3, 4 is a dialogue act index and l = 1, 2 is a native
language index. The fixed effect of the native language is αl and
fixed effects of the valence and dialogue act factors are βjk . The
model assumes that the random effect of the study participant
bi ∼ N(0, σ2b ), and error term ijkl ∼ N(0, σ2 ).
7. Fixed factors for native language, valence and dialogue act (all
interacting) and a random participant factor: yijkl = µ + βjkl +
bi + ijkl , where i is a participant index, j = 1, 2, 3 is a valence
index, k = 1, 2, 3, 4 is a dialogue act index and l = 1, 2 is a native
language index. The fixed effects of the native language, valence
and dialogue act factors are βjkl . The model assumes that the
random effect of the study participant bi ∼ N(0, σ2b ), and error
term ijkl ∼ N(0, σ2 ).
Sequential fitting of these and similar models and model selection using ANOVA allows to identify significant effects. Tables 13–
16 present the significant effects and the values of χ2 statistic and
p-values for each of the conditions of the experiment. Notice that
significant interaction effects between language and valence (and often also dialogue act) covariates are present in all the dimensions of
linguistic variability, almost all five TIPI scores and the naturalness
score.
Due to the observed significant interaction between valence and act,
and three-way interactions between language, valence and dialogue
act averaging over dialogue acts is not appropriate.
The selected results of the post-hoc analysis are shown in Figure 25.
For a discussion of the results, see Section 4.2.6.

A.2 results: model fitting

Metric

Effect

χ2 [d.f.]

p

Extravertedness

valence

[2]113.2

< 0.001

act

[3]134.5

< 0.001

valence : act

[6]15.5

0.017

lang : valence : act

[11]29.5

0.002

valence

[2]154.3

< 0.001

act

[3]181.4

< 0.001

valence : act

[6]35.9

< 0.001

lang : valence : act

[11]24.4

0.012

valence

[2]84.3

< 0.001

act

[3]328.6

< 0.001

lang : act

[3]23.1

< 0.001

valence

[2]36.7

< 0.001

act

[3]125.8

< 0.001

gender

[1]3.6

0.058

valence

[2]104.0

< 0.001

act

[3]133.5

< 0.001

lang

[1]10.1

0.002

gender

[1]4.5

0.062

valence

[2]40.2

< 0.001

act

[3]101.1

< 0.001

gender

[1]3.2

0.074

valence : act

[6]35.1

< 0.001

lang : valence : act

[11]37.9

< 0.001

Agreeableness

Conscientiousness

Stability

Openness

Naturalness

Table 13: Significant effects uncovered by model selection on the verbosity
subset of the data. Interactions are denoted by colons.
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Metric

Effect

χ2 [d.f.]

p

Extravertedness

valence

[2]34.6

< 0.001

act

[3]186.6

< 0.001

valence : act

[6]62.6

< 0.001

lang : valence : act

[11]23.0

0.017

valence

[2]4.6

0.098

act

[3]130.8

< 0.001

valence : act

[6]96.7

< 0.001

lang : valence : act

[11]24.0

0.013

valence

[2]42.1

< 0.001

act

[3]208.8

< 0.001

lang

[1]7.2

0.007

lang : act

[3]49.5

< 0.001

lang : valence : act

[11]19.6

0.051

valence

[2]14.2

< 0.001

act

[3]67.2

< 0.001

valence : act

[6]66.1

< 0.001

valence

[2]25.1

< 0.001

act

[3]118.7

< 0.001

lang

[1]5.2

0.023

valence : act

[6]45.4

< 0.001

lang : valence : act

[11]41.2

< 0.001

valence

[2]38.9

< 0.001

act

[3]93.5

< 0.001

valence : act

[6]27.3

0.001

lang : valence : act

[11]59.3

< 0.001

Agreeableness

Conscientiousness

Stability

Openness

Naturalness

Table 14: Significant effects uncovered by model selection on the hedging
subset of the data. Interactions are denoted by colons.

A.2 results: model fitting

Metric

Effect

χ2 [d.f.]

p

Extravertedness

valence

[2]12.6

0.002

act

[3]247.9

< 0.001

lang

[1]4.2

0.041

valence : act

[6]27.6

0.001

lang : valence : act

[11]18.7

0.068

valence

[2]22.8

< 0.001

act

[3]197.7

< 0.001

lang : act

[3]21.0

< 0.001

act

[3]300.3

< 0.001

lang

[1]7.2

0.007

valence

[2]9.7

0.008

act

[3]147.9

< 0.001

lang : valence

[2]12.5

0.002

gender : lang : valence

[2]18.6

0.010

valence

[2]19.2

< 0.001

act

[3]127.0

< 0.001

valence : act

[6]21.7

0.001

valence

[2]73.8

< 0.001

act

[3]91.7

< 0.001

lang

[1]6.0

.015

gender

[1]3.3

0.068

valence : act

[6]41.7

< 0.001

lang : valence : act

[11]41.8

< 0.001

Agreeableness

Conscientiousness
Stability

Openness

Naturalness

Table 15: Significant effects uncovered by model selection on the alignment
subset of the data. Interactions are denoted by colons.
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Metric

Effect

χ2 [d.f.]

p

Extravertedness

valence

[2]35.7

< 0.001

act

[3]152.5

< 0.001

valence : act

[6]22.9

< 0.001

lang : valence : act

[11]22.0

0.025

valence

[2]28.6

< 0.001

act

[3]38.2

< 0.001

valence : act

[6]41.4

< 0.001

valence

[2]46.3

< 0.001

act

[3]128.0

< 0.001

lang

[1]9.8

0.002

valence : act

[6]29.6

< 0.001

valence

[2]46.6

< 0.001

act

[3]25.3

< 0.001

gender

[1]2.7

0.099

valence : act

[6]20.4

0.002

gender : act

[6]11.7

0.008

valence

[2]24.1

< 0.001

act

[3]65.9

< 0.001

lang

[1]20.1

< 0.001

lang : (valence + act)

[3]12.2

0.007

valence

[2]113.0

< 0.001

act

[3]30.7

< 0.001

lang

[1]7.5

.006

gender

[1]3.3

0.068

valence : act

[6]74.8

< 0.001

lang : valence : act

[11]144.4

< 0.001

Agreeableness

Conscientiousness

Stability

Openness

Naturalness

Table 16: Significant effects uncovered by model selection on the formality
subset of the data. Interactions are denoted by colons.

B

E VA L U AT I N G V I D E O S O F V E R B A L A N D
N O N - V E R B A L B E H AV I O R S

b.1
b.1.1

stimuli
Questionnaires

The videos of the stimuli were hosted by Youtube and embedded
into a web page that contained a description of the situation and the
questionnaires (figures 40 and 41.) The user could press the “Submit”
button at the bottom of the page at any time to proceed to the next
stimulus.
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Imagine that you are visiting a university building for the first time and the dialog shown in the video happens between
you and the robot receptionist. Your speech is shown as the subtitles at the bottom of the video.
 تزورين مبنا ً جامعي ا ً للمرة اﻷولى وأن الحوار الذي يظهر في التسجيل يحصل بينك وبين روبوت/  تخّيلي أنك تزور/ تخّيل
 سوف يظهر الجزء الخاص بك من الحوار في أسفل الشاشة،الستقبال

Please rate your impression of the robot on these scales:
:صفي انطباعك عن الروبوت على المقياس التالي
ِ / صف
ِ
Mechanical
1
آلي
Unconscious
1
مدِرك
ُ غير
Irresponsible
1
عديم المسؤولّية
Foolish
1
أخَرق
Inert
1
جامد
Unfriendly
1
غير َودود
Awful
1
مقيت
َ
Ingnorant
1
جاهل
Dislike
1
أكرهه
Moving rigidly
1
حركته متصّلبة
Machinelike
1
شبيه باللت
Incompetent
َ  غير1
كفوء
Unpleasant
1
َبغيض

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

Organic
فيه انسيابّية
Conscious
مدِرك
ُ
Responsible
مسؤول
Sensible
زن
ُ
ِ ّ مت
Interactive
عل
متفا
ِ
ُ
Friendly
َودود
Nice
لطيف
Knowledgeable
مط ِّلع
ُ
Like
أحّبه
Moving elegantly
حركته أنيقة
Humanlike
شبيه بالنسان
Competent
َ
كفوء
Pleasant
ممِتع
ُ

Figure 40: A single stimulus web page presents the description of the situation, the video of the stimulus, items of the Godspeed questionnaire with their Arabic translations and the ethnic attribution
items. Continued in figure 41.

B.1 stimuli

Figure 41: Continued from figure 40. A single stimulus web page presents
the description of the situation, the video of the stimulus, items
of the Godspeed questionnaire with their Arabic translations and
the ethnic attribution items.
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Figure 42: A validation question for AmE participants.

B.1 stimuli

Figure 43: A validation question for Ar participants. It asks “What did the
robot say?” and provides a number of choices, only one of which
is correct.
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b.1.2

Greeting

The greeting varied with respect to face (Face1, Face2, Face3), verbal action (“Hi,” “Yes, ma’am,” or “Yes, sir”), and nonverbal action
(no action, open smile, physical nod, or in-screen nod). One of the
greetings “Yes, ma’am” or “Yes, sir” was chosen for each participant,
depending on their self-reported gender. All greeting nonverbal behaviors start with a neutral face and the robot’s eyes are initially gazing downward (refer to Section 6.1.3 for an introduction to the key
frame syntax):
(
(
(’01’, .0, .1), (’02’, .0, .1), (’04’, .0, .1),
(’05’, 0.1, .1), (’06’, .0, .1), (’07’, .4, .1),
(’08’, .0, .1), (’09’, .0, .1), (’10’, .0, .1),
(’11’, .0, .1), (’12’, .0, .1), (’13’, .0, .1),
(’14’, .0, .1), (’15’, .0, .1), (’16’, .0, .1),
(’17’, .0, .1), (’18’, .0, .1), (’19’, .0, .1),
(’20’, .0, .1), (’21’, .0, .1), (’26’, .0, .1),
(’27’, .0, .1), (’28’, .0, .1), (’31’, .0, .1),
(’32’, .0, .1), (’33’, .0, .1), (’38’, .0, .1),
(’39’, .0, .1), (’63.5’, -0.2, 0.1)
)
)

At 0.5s the caption of the assumed user utterance appears. At the
2s mark, the caption disappears. After the 2s mark, the nonverbal
behaviors differ across conditions as follows.
No action. At the 2s mark the robot’s eyes start moving upwards,
to a forward horizontal gaze, taking 0.1s to complete the movement.
As the eyes move towards their neutral position and settle there, the
robot speaks one of the greeting utterances. The video ends 2s after
the robot stops speaking.
Open smile. At the 2s mark, as the robot speaks its utterance, the
following smile expression is executed:
(
(
(’01’, 0.5, 0.3), (’05’, 0.45, 0.1), (’06’, 1.0, 0.6),
(’12’, 0.6, 0.6), (’13’, 0.4, 0.6), (’63.5’, .0, .1)
)
)

After the robot finishes speaking, it drops the eyebrows and eyelids
to their neutral position, while keeping the smile:

B.1 stimuli

(
(
(’10’, 0.3, 0.6), (’11’, 0.3, 0.1), (’16’, 0.2, 0.6)
),
(
(’01’, 0, 0.3), (’05’, 0.3, 0.3)
)
)

The video ends 2s after the robot stops speaking.
Physical nod. At the 2s mark, as the robot’s eyes start moving upwards and the robot starts speaking, the neck tilts downward 0.12rad
in 2s and then back to the horizontal position in 3s. The slower upward move of the tilt motor is necessary due to the limits on maximum torque.
In-screen nod. At the 2s mark, as the robot starts speaking, the
robot’s 3d head model was manually controlled (due to the lack of an
API for this feature in the version of the CONCEPT software available
at the time) to tilt downwards to about 0.5rad within about 0.5s and
back up to its horizontal position within about 0.5s.
The URLs for all the stimuli of the greeting dialogue act are shown
below.
“Hi” + open smile:
hb1: http://youtu.be/8bswX-EQfO8
hb2: http://youtu.be/olzqLihmNSU
hb3: http://youtu.be/Fvc_43h8AUc
“Yes, ma’am” + physical nod:
ym1: http://youtu.be/S6Ncj65JH6c
ym2: http://youtu.be/4S869a6pcKs
ym3: http://youtu.be/MdcuNzKi2d8
“Yes, ma’am” + in-screen nod:
ymn1: http://youtu.be/Cev30OjCHrc
ymn2: http://youtu.be/GZA8k_2YHAo
ymn3: http://youtu.be/b7VJVV9wGls
“Yes, sir” + physical nod:
ys1: http://youtu.be/tmdZGnkCO4w
ys2: http://youtu.be/Dpnvm3S0X_w
ys3: http://youtu.be/_DdkLTKuKYA
“Yes, sir” + in-screen nod:
ysn1: http://youtu.be/gWvjh6a0SEU
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ysn2: http://youtu.be/wknV-sTWHak
ysn3: http://youtu.be/ZnhPl7bhbtI
“Hi”:
hnu1: http://youtu.be/QP1ykXVx18I
hnu2: http://youtu.be/z2DqES7Grmc
hnu3: http://youtu.be/2KBNAvuPi4U
“Hi” + physical nod:
hrn1: http://youtu.be/ttKRsJ7frF4
hrn2: http://youtu.be/bM8obHI8jWc
hrn3: http://youtu.be/uDjsvSUdMFE
“Hi” + in-screen nod:
hvn1: http://youtu.be/jfrG1wFgBLs
hvn2: http://youtu.be/HM2F2rCkHk8
hvn3: http://youtu.be/vjEEY4cHEbE
“Yes, ma’am”:
ymnu1: http://youtu.be/jBBv_1q7qdQ
ymnu2: http://youtu.be/hkcpXpCl5v0
ymnu3: http://youtu.be/etnKdZEu8NU
“Yes, ma’am” + open smile:
yms1: http://youtu.be/ZAIr9Aj8S8A
yms2: http://youtu.be/LmvQvpQZuO8
yms3: http://youtu.be/haAKYOKnu6g
“Yes, sir”:
ysnu1: http://youtu.be/hEUSpp1BlVE
ysnu2: http://youtu.be/kX-SYUG701g
ysnu3: http://youtu.be/XUSa3tE-0DU
“Yes, sir” + open smile:
yss1: http://youtu.be/lsQhj0_yIZI
yss2: http://youtu.be/FmqplKMcY14
yss3: http://youtu.be/DmmWn_3vwhI

b.1.3

Direction giving: Gaze

The direction giving gaze stimuli had 6 conditions based on the amount
of total gaze and the durations of the gaze intervals. All conditions
started with the caption of user’s question “Can you tell me where
the library is?” appearing from 0.5s to 2s marks of the video, while

B.1 stimuli

the robot’s face is in its neutral position. The robot’s nonverbal behavior after the first 2s varied according to conditions.
Gaze1. As the robot begins answering with the directions to the library, its physical neck pans 0.4rad towards the robot’s right within
0.3s. At the same time, the robot’s eyes gaze to the right, executing
the following animation:
(
(
(’61.5’, -0.2, .3),
)
)

When all four steps of the directions are given, specifically, 1.2s
after it starts giving the last step “Turn left at the hallways and you
will see the library doors,” the robot’s physical neck and eyes pan
back into forward position over the duration of 0.3s.
lib11: http://youtu.be/JhsyGmwyHVw
lib12: http://youtu.be/nZkTfRJ_rDg
lib13: http://youtu.be/bQV9QbmB73k
Gaze2. In this condition, the robot attains the rightward gaze (with
the corresponding neck and eye pan) over the first 0.3s of each dialogue turn and starts panning its gaze back to its neutral position
1.2s after beginning of each turn. As the robot begins answering with
the directions to the library, its physical neck pans 0.4rad towards the
robot’s right and then back to its neutral position, returning to its forward direction about 1.5s after the beginning of the robot’s turn—at
about the same time as its eyes attain their neutral position as well.
Thus, according to our convention on measuring the gaze duration as
the interval between two onsets, the duration of such pointing gaze
is 1.2s. After 0.1s pause, the next turn begins.
lib21: http://youtu.be/XaQGgbhBDy8
lib22: http://youtu.be/ECvHWBwBx9s
lib23: http://youtu.be/8HggEofUjIM

Gaze3. Same as Gaze2, but the robot gazes to the right only during
first and third turns.
lib31: http://youtu.be/qBaZtxGvV74
lib32: http://youtu.be/e9vG_rAV_2Y
lib33: http://youtu.be/Md2IvwQAuSM

Gaze4. Same as Gaze2, but the robot gaze to the right lasts 0.8s, instead of 1.2s.
lib41: http://youtu.be/L9XLWPHphuk
lib42: http://youtu.be/K9QF4ExjE0M
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lib43: http://youtu.be/mnMd_OApvSI

Gaze5. Same as Gaze4, but the robot gazes to the right only during
first and third turns.
lib51: http://youtu.be/LM-SWtmJD3E
lib52: http://youtu.be/SgM60rJRvnA
lib53: http://youtu.be/oKIEs3QJirQ

Gaze6. The robot’s gaze remains in the neutral position over the
whole duration of the dialogue.
lib61: http://youtu.be/aP6tj9pfaAE
lib62: http://youtu.be/5rZH5COYQpE
lib63: http://youtu.be/HjsJjcmlDQA

Handling failure to provide an answer

b.1.4

No idea. In the first condition, the robot’s face displays the animation
that includes lip stretcher:
(
(
(’16’, 0.6, 0.6), (’20’, 0.4, 0.6), (’13’, 0.3, 0.6),
(’01’, 0.5, 0.3)
)
)

It then transitions its gaze to the left over the duration of 0.6s, including a 0.2rad physical neck pan. As the robot starts returning its
gaze to the neutral direction over the next 2s, it says “I have absolutely
no idea.”
noidea1: http://youtu.be/6wA05CdFGUU
noidea2: http://youtu.be/SvlT3D9pENU
noidea3: http://youtu.be/Rvax6NHlgcE
Explanation. In the second condition, the robot transitions the gaze
left and keeps it there for the total of 2.3 seconds:
(
(
(’61.5’, 0.2, .5)
),
(
(’61.5’, 0.2, 1.8)
)
)

B.1 stimuli

including the neck pan of 0.2rad, as it says “...I don’t know where it
is...” Then, as the robot starts returning the gaze to its neutral position
over the next 1s, it says “...because I am new...”
dontknow1: http://youtu.be/sYe-iQL9CG0
dontknow2: http://youtu.be/xhoZ6V_2MZE
dontknow3: http://youtu.be/yIzwFLA6z9U

b.1.5

Handling disagreement

The robot’s gaze remains in the neutral position over the whole duration of this dialogue.
yesright1: http://youtu.be/RqiXkVUc_hg
yesright2: http://youtu.be/p_5PMPwfttg
yesright3: http://youtu.be/bOev2jRYa58
noright1: http://youtu.be/3z0a3MN5FuI
noright2: http://youtu.be/3pawS-zv-4w
noright3: http://youtu.be/ogGiD__nGHA

b.1.6

Direction giving: Politeness

The nonverbal behavior in these two conditions is equivalent to Gaze3
described in Section B.1.3.
lib31: http://youtu.be/qBaZtxGvV74
lib32: http://youtu.be/e9vG_rAV_2Y
lib33: http://youtu.be/Md2IvwQAuSM
lib3p1: http://youtu.be/OYLCpVGglkU
lib3p2: http://youtu.be/hpXdgNVRpkg
lib3p3: http://youtu.be/PSJyFMetAa8

b.1.7

User validation questions

These are the two stimuli used to validate diligence of the crowdsourced worker. The first stimuli was used with AmE participants,
the second was for Ar participants. We asked the workers to select
the robot’s utterance out of 4 possible choices.
good evening (t1): http://youtu.be/JrxJrpgS6M8
marhaba (t2): http://youtu.be/dwsrJV7H6Is
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b.2

results

Tables 17–26 show signs of 95% HPD confidence intervals for the
term coefficients of Godspeed measures and attribution, when the intervalas do not include zero. We abbreviate animacy as ani, antropomoprhis as ant, likeability as l, intelligence as i, and safety as s. Attribution measures are, as usual, AmE and Ar.

B.2 results

Face

Verbal

Nonverbal

AmE

Ar

1

“Yes, sir” or “Yes, ma’am”

physical nod

2

“Yes, sir” or “Yes, ma’am”

physical nod

3

“Yes, sir” or “Yes, ma’am”

physical nod

1

“Yes, sir” or “Yes, ma’am”

in-screen nod

l+ ani+

i+
l+
ani+
ant+ s+

2

“Yes, sir” or “Yes, ma’am”

in-screen nod

l+

ant+

3

“Yes, sir” or “Yes, ma’am”

in-screen nod

1

“Yes, sir” or “Yes, ma’am”

neutral

2

“Yes, sir” or “Yes, ma’am”

neutral

3

“Yes, sir” or “Yes, ma’am”

neutral

1

“Yes, sir” or “Yes, ma’am”

smile

2

“Yes, sir” or “Yes, ma’am”

smile

l+ ani+
ant+

3

“Yes, sir” or “Yes, ma’am”

smile

i+
l+
ani+
ant+

1

“Hi”

smile

2

“Hi”

smile

i+
l+
ani+
ant+ s+

3

“Hi”

smile

i+
l+
ani+
ant+ s+

1

“Hi”

neutral

ani-

2

“Hi”

neutral

ani-

AmEani-

3

“Hi”

neutral

aniant-

ani-

1

“Hi”

physical nod

2

“Hi”

physical nod

3

“Hi”

physical nod

1

“Hi”

in-screen nod

2

“Hi”

in-screen nod

3

“Hi”

in-screen nod

ani+
ant+ s+

anil+

l+

i+
l+
ani+
ant+ s+

i+
l+
ani+
ant+ s+

i+ ant+

Table 17: Perception of greetings. + and - denote signs of 95% HPD confidence intervals for the term coefficients, when the intervalas do
not include zero.
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Term of a linear mixed effects model

AmE

Ar

face 2

s-

face 3

ani- ant- s-

l- ani- ant-

“Yes, sir”/“Yes, ma’am”

AmE- i+
ani+ ant+

physical nod

ani+ s-

ani+ ant+

in-screen nod

i+ l+ ani+ ant+

i+ l+ ani+ ant+
s+

smile

i+ l+ ani+ ant+ i+ l+ ani+ ant+
ss+

l+ AmE+

face 2 : “Yes, sir”/“Yes, ma’am”
face 3 : “Yes, sir”/“Yes, ma’am”
face 2 : physical nod
face 3 : physical nod

s-

face 2 : in-screen nod
face 3 : in-screen nod
face 2 : smile
face 3 : smile
“Yes, sir”/“Yes, ma’am” : physical nod

i- l- s-

“Yes, sir”/“Yes, ma’am” : in-screen nod
“Yes, sir”/“Yes, ma’am” : smile
Table 18: Significant terms (up to two-way interactions) for scores of greeting stimuli (intercepts excluded) by AmE and Ar participants (divided by columns). Face 1, neutral facial expression, and “Hi” are
the reference values for each of the independent variables and
hence are not shown. Labels + and - denote signs of 95% HPD
confidence intervals for the term coefficients, when the intervalas
do not contain zero.

B.2 results

Face

Verbal

Nonverbal

AmE

Ar

s-

l-

(point. gaze)
1

directions

1 × 10s

2

directions

1 × 10s

3

directions

1 × 10s

1

directions

4 × 1.2s

2

directions

4 × 1.2s

s-

3

directions

4 × 1.2s

l-

1

directions

2 × 1.2s

2

directions

2 × 1.2s

3

directions

2 × 1.2s

1

directions

4 × 0.8s

2

directions

4 × 0.8s

Ar-

3

directions

4 × 0.8s

l- s-

1

directions

2 × 0.8s

2

directions

2 × 0.8s

3

directions

2 × 0.8s

1

directions

none

AmE+ Ar- l- l- ani- antani-

2

directions

none

l- ani- s-

i- l- ani- ant- s-

3

directions

none

i- l- ani- ant- s-

l- ani- ant- s-

l-

l- ant-

l- s-

Table 19: Perception of pointing gaze during direction giving. + and - denote
signs of 95% HPD confidence intervals for the term coefficients,
when the intervalas do not include zero.
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Term of a mixed effects model

AmE

face 2
face 3

Ar
Ar-

AmE- l- ani- l- ani- ant- sant- s-

gaze 2

ani+

gaze 3
gaze 4

ani+

gaze 5
gaze 6

Ar- AmE+ i- l- i- l- ani- ant- sani- ant-

face 2 : gaze 2
face 3 : gaze 2
face 2 : gaze 3
face 3 : gaze 3
face 2 : gaze 4
face 3 : gaze 4
face 2 : gaze 5
face 3 : gaze 5
face 2 : gaze 6

AmE-

face 3 : gaze 6
Table 20: Significant terms (up to two-way interactions) for scores of
direction-giving stimuli (intercepts excluded) by AmE and Ar participants (divided by columns). Face 1 and gaze 1 are the reference
values for each of the independent variables and hence are not
shown. Labels + and - denote signs of 95% HPD confidence intervals for the term coefficients, when the intervalas do not contain
zero.

B.2 results

Face

Verbal

Nonverbal

AmE

1

no explanation

lip stretch

2

no explanation

lip stretch

3

no explanation

lip stretch

1

explanation

no lip stretch

2

explanation

no lip stretch

3

explanation

no lip stretch

Ar

lsant-

Table 21: Perception of failures to provide an answer. + and - denote signs
of 95% HPD confidence intervals for the term coefficients, when
the intervalas do not include zero.

Term of a mixed effects model

AmE

Ar

face 2
face 3

l- ant-

no explanation + lip stretch

s+

face 2 : no explanation + lip stretch

s-

Ar- AmE+

face 3 : no explanation + lip stretch
Table 22: Significant terms (up to two-way interactions) for scores of failure
stimuli (intercepts excluded) by AmE and Ar participants (divided
by columns). Face 1 and explanation are the reference values for
each of the independent variables and hence are not shown. Labels
+ and - denote signs of 95% HPD confidence intervals for the term
coefficients, when the intervalas do not contain zero.
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Face

Verbal

Nonverbal

AmE

Ar

(point. gaze)
1

implicit

1 × 1.4s

2

implicit

1 × 1.4s

3

implicit

1 × 1.4s

1

explicit

1 × 1.4s

i+

2

explicit

1 × 1.4s

i+

3

explicit

1 × 1.4s

i+

l-

Table 23: Perception of disagreements. + and - denote signs of 95% HPD
confidence intervals for the term coefficients, when the intervalas
do not include zero.

Term of a mixed effects model

AmE

Ar

face 2
face 3
implicit

l- ant- si- l+ ani-

i- l+

face 2 : implicit
face 3 : implicit
Table 24: Significant terms (up to two-way interactions) for scores of disagreement stimuli (intercepts excluded) by AmE and Ar participants (divided by columns). Face 1 and explicit disagreement are
the reference values for each of the independent variables and
hence are not shown. Labels + and - denote signs of 95% HPD
confidence intervals for the term coefficients, when the intervalas
do not contain zero.

B.2 results

Face

Verbal

Nonverbal

AmE

Ar

l- ani-

l- ani-

(point. gaze)
1

direct

2 × 1.2s

2

direct

2 × 1.2s

3

direct

2 × 1.2s

1

polite

2 × 1.2s

2

polite

2 × 1.2s

3

polite

2 × 1.2s

i-

Table 25: Perception of politeness markers. + and - denote signs of 95% HPD
confidence intervals for the term coefficients, when the intervalas
do not include zero.

Term of a mixed effects model

AmE

Ar

face 3

i-

l- ant-

polite

l+

i+ l+ ani+

face 2

face 2 : polite
face 3 : polite
Table 26: Significant terms (up to two-way interactions) for scores of politeness stimuli (intercepts excluded) by AmE and Ar participants (divided by columns). Face 1 and direct style are the reference values
for each of the independent variables and hence are not shown.
Labels + and - denote signs of 95% HPD confidence intervals for
the term coefficients, when the intervalas do not contain zero.
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c.1

stimuli

c.1.1

Protocol

Participants were verbally reminded of the interaction protocol for
their next task before each of the three tasks with each of the four
robot characters. Additionally, a printed copy of the protocol, shown
in figures 44–46, was handed to the participant. The destination in the
first task varied between the offices of Prof. Adams, Brown, Coopers,
or Douglas.
In this dialogue you will ask for directions to Professor Adams office.
Later you may be asked to recall this directions.
Please follow these instructions:
• Greet the receptionist
• Ask the receptionist for directions to Professors Adams’ office.
• Say something to end the conversation.
Figure 44: Task 1 interaction protocol that was given to participants.

In this task you will ask the receptionist for directions to Cafeteria.
Please follow these instructions:
• Greet the receptionist
• Ask the receptionist for directions to Cafeteria.
• Pretend that you did not understand clearly and ask if you
should turn left after the door.
• Say something to end the conversation.
Figure 45: Task 2 interaction protocol that was given to participants.
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In this task you will ask the receptionist for directions to the Dean’s
office .
Please follow these instructions:
• Greet the receptionist
• Ask the receptionist for directions to the Dean’s office.
• Say something to end the conversation.
Figure 46: Task 3 interaction protocol that was given to participants.

C.1 stimuli

c.1.2

Questionnaires

The demographic (figure 47) and baseline emotional score (figure 48)
questionnaires were given to the participants before they were introduced to any of the robot characters.

Demographic information

Please provide us with the following information about yourself. This information (as well as the
rest of the experiment) will remain completely anonymous. Please answer as many questions as
possible.
Age:
Sex: male

female

Native language:

Please specify your race:
American Indian or Alaska Native
Asian
Black or African American
Native Hawaiian or Pacific Islander
White
Are you Hispanic/Latino?
Please rate your English proficiency:
Beginner level Not very good Adequate

Very good

Reading
Writing
Speaking
Understanding
spoken
language

List 3 countries in which you have lived the longest:
Country

Number of years you lived there

Figure 47: The demographic questionnaire.

Native speaker
level
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Figure 48: The baseline emotional state questionnaire.

C.1 stimuli

Please rate your impression of the robot on these scales:
:صفي انطباعك عن الروبوت على المقياس التالي
ِ / صف
ِ
Mechanical
1
آلي
Unconscious
1
مدِرك
ُ غير
Irresponsible
1
عديم المسؤولّية
Foolish
1
أخَرق
Inert
1
جامد
Unfriendly
1
غير َودود
Awful
1
مقيت
َ
Ingnorant
1
جاهل
Dislike
1
أكرهه
Moving rigidly
1
حركته متصّلبة
Machinelike
1
شبيه باللت
Incompetent
َ  غير1
كفوء
Unpleasant
1
َبغيض
Unintelligent
1
غير ذكي
Fake
1
مزّيف
Artificial
1
اصطناعي
Unkind
1
َلئيم
Dead
ً  يبدو ميتا1
Stagnant
1
ساكن
Apathetic
1
ل مبالي

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

2

3

4

5

Organic
فيه انسيابّية
Conscious
مدِرك
ُ
Responsible
مسؤول
Sensible
زن
ُ
ِ ّ مت
Interactive
عل
ِ متفا
ُ
Friendly
َودود
Nice
لطيف
Knowledgeable
مط ِّلع
ُ
Like
أحّبه
Moving elegantly
حركته أنيقة
Humanlike
شبيه بالنسان
Competent
َ
كفوء
Pleasant
ممِتع
ُ
Intelligent
ذكي
Natural
طبيعي
Lifelike
حقيقي
Kind
ط َّيب
Alive
ً يبدو حي ّا
Lively
ي
ّ حيو
Responsive
متجاِوب
ُ

Please rate your emotional state on these scales:
:صفي حالتك العاطفّية على المقياس التالي
ِ / صف
ِ
Anxious
1
 متوترة/ متوتر
Agitated
1
 مضطربة/ مضطرب
Quiescent
1
 هادئة/ هادئ

Relaxed
مسترخية
ُ / مسترخي
ُ
Calm
 مطمئنة/ مطمئن
Surprised
 متفاجئة/ متفاجئ

Figure 49: Page 1 of the questionnaire: items of the Godspeed questionnaire
with their Arabic translations.
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Figure 50: Page 2 of the questionnaire: ethnic attribution items with their
Arabic translations, and the written part of map task.

C.1 stimuli

c.1.3

Locating the destination on the map

Figure 51: The participants were given this map and asked to draw directions and mark the destination office. The destination labels (A
for Adams, B for Brown, C for Coopers, and D for Douglas) were
not shown to the participants. The location of the robot and the
door to the lab where the experiment was conducted were included for reference.
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c.2
c.2.1

results
Attribution of the robot characters as Ar

Term

Estimate

t value

Pr(> |t|)

Intercept

1.730

18.578

< 0.0002

Face3 : male

0.966

1.796

0.076

Face4 : BCE2

-1.760

-2.251

0.027

Table 27: Significant associations with the robot characters’ attribution as Ar
by all participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

2.426

3.903

< 0.0004

YouAreWelcome

-0.676

-1.700

0.097

Face3 : male

2.919

2.486

0.017

BCE2 : Face3 : male

-3.0543

-1.982

0.055

Table 28: Significant associations with the robot characters’ attribution as Ar
by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

1.240

2.906

0.006

YouAreWelcome

0.640

2.275

0.028

EC2 : Face2

-1.400

-1.866

0.069

EC2 : Face4

-1.642

-2.172

0.036

Table 29: Significant associations with the robot characters’ attribution as Ar
by Ar participants. Interactions are denoted by colons.

C.2 results

c.2.2

Attribution of the robot characters as AmE

Term

Estimate

t value

Pr(> |t|)

Intercept

3.531

18.698

< 0.0001

BCE2

0.688

2.574

0.011

BCE2 : male

-0.652

-1.667

0.098

Table 30: Significant associations with the robot characters’ attribution as
AmE by all participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

4.000

8.803

< 0.0001

Face2

-1.200

-1.867

0.068

Face3 : male

-2.267

-2.009

0.050

BCE2 : Face3 : male

3.217

2.193

0.033

Table 31: Significant associations with the robot characters’ attribution as
AmE by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.789

25.05

< 0.0001

Table 32: Significant associations with the robot characters’ attribution as
AmE by Ar participants.

173

174

evaluating robot behaviors

c.2.3

Animacy of robot characters

Term

Estimate

t value

Pr(> |t|)

Intercept

3.472

27.952

< 0.0001

BCE2

0.244

2.142

0.034

YouAreWelcome

-0.448

-3.474

< 0.0008

Table 33: Significant associations with the animacy scores of robot characters
by all participants.

Term

Estimate

t value

Pr(> |t|)

Intercept

4.065

12.359

< 0.0001

Face4

-0.811

-2.428

0.019

YouAreWelcome

-0.725

-3.172

0.003

BCE2 : Face4

0.822

1.989

0.052

Face2 : male

0.729

1.778

0.081

Face4 : male

0.718

1.731

0.089

Table 34: Significant associations with the animacy scores of robot characters
by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.533

26.896

< 0.0001

Table 35: Significant associations with the animacy scores of robot characters
by Ar participants.

C.2 results

c.2.4

Anthropomorphism of robot characters

Term

Estimate

t value

Pr(> |t|)

Intercept

3.531

24.727

< 0.0001

AmE

-0.353

-2.277

0.025

YouAreWelcome

-0.294

-1.692

0.093

Table 36: Significant associations with the anthropomorhism scores of robot
characters by all participants.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.403

10.340

< 0.0001

Face4

-0.793

-1.919

0.060

male

-1.016

-2.839

0.006

LocationD

-0.504

-1.969

0.054

BCE2 : Face4

0.943

1.849

0.070

Face2 : male

1.402

2.757

0.008

Face3 : male

1.093

2.119

0.039

Face4 : male

1.308

2.546

0.014

Table 37: Significant associations with the anthropomorhism scores of robot
characters by AmE participants. Interactions are denoted by
colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.540

22.650

< 0.0001

Table 38: Significant associations with the anthropomorhism scores of robot
characters by Ar participants. Interactions are denoted by asterisks.
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c.2.5

Likeability of robot characters

Term

Estimate

t value

Pr(> |t|)

Intercept

4.212

18.610

< 0.0001

YouAreWelcome

-0.547

-3.653

< 0.0004

BCE2 : Face4

0.829

2.273

0.025

Table 39: Significant associations with the likeability scores of robot characters by all participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

4.083

11.410

< 0.0001

YouAreWelcome

-0.458

-1.731

0.089

BCE2 : Face4

0.928

1.960

0.0547

Table 40: Significant associations with the likeability scores of robot characters by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

4.117

28.911

< 0.0001

YouAreWelcome

-0.645

-3.325

0.002

Table 41: Significant associations with the likeability scores of robot characters by Ar participants.

C.2 results

c.2.6

Intelligence of robot characters

Term

Estimate

t value

Pr(> |t|)

Intercept

3.856

34.902

< 0.0001

YouAreWelcome

-0.349

-2.708

0.008

Table 42: Significant associations with the intelligence scores of robot characters by all participants.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.646

13.154

< 0.0001

BCE2 : Face3

-0.884

-1.820

0.075

Face3 : male

-1.167

-1.866

0.064

Table 43: Significant associations with the intelligence scores of robot characters by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.875

27.780

< 0.0001

YouAreWelcome

-0.439

-2.311

0.025

Table 44: Significant associations with the intelligence scores of robot characters by Ar participants.
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c.2.7

Safety of robot characters

Term

Estimate

t value

Pr(> |t|)

Intercept

4.782

15.331

< 0.0001

AmE

-0.850

-2.124

0.036

male

-1.454

-6.128

< 0.0001

AmE : male

1.189

4.481

< 0.0001

AmE : BCE2 : Face4

1.282

1.707

0.09

Table 45: Significant associations with the safety scores of robot characters
by all participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

3.833

16.968

< 0.0001

BCE2 : Face4

1.009

2.282

0.026

Table 46: Significant associations with the safety scores of robot characters
by AmE participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

4.694

30.495

< 0.0001

male

-1.254

-5.977

< 0.0001

Table 47: Significant associations with the safety scores of robot characters
by Ar participants.

C.2 results

c.2.8

Safety of robot characters (calibrated)

These are the results for the safety scores with the pre-study questionnaire safety scores substacted.
Term

Estimate

t value

Pr(> |t|)

Intercept

1.111

2.545

0.013

BCE2 : Face 2

-1.555

-1.781

0.078

AmE : BCE2 : Face 2

1.956

1.771

0.080

AmE : BCE2 : Face 4

2.022

1.763

0.081

BCE2 : Face 4 : male

2.306

1.928

0.057

AmE : BCE2 : Face 4 : male

-3.344

-2.093

0.039

Table 48: Significant associations with the calibrated safety scores of robot
characters by all participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

BCE2 : Face4

0.906

1.922

0.059

Table 49: Significant associations with the calibrated safety scores of robot
characters by AmE participants. Interactions are denoted by
colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

0.8203

3.971

< 0.0003

male

-0.918

-4.337

< 0.0001

YouAreWelcome

0.4779

2.258

0.029

Table 50: Significant associations with the calibrated safety scores of robot
characters by Ar participants.
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c.2.9

Locating the destination on the map

Backward stepwise regression results in a model with no significant
terms. Fitting a model with linear terms for location and welcome
suggests a trend of location C resulting in a better success rate: estimated coefficient is 1.350, z = 1.856, p = 0.063.
c.2.10 Thanking

Term

Estimate

t value

Pr(> |t|)

Intercept

2.042

16.180

< 0.0001

AmE

0.651

4.057

< 0.0001

male

0.923

5.365

< 0.0001

AmE : male

-0.901

-3.912

< 0.0002

Table 51: Significant associations with thanking of robot characters by all
participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

2.800

16.382

< 0.0001

male

-0.514

-1.931

0.058

Face2 : male

1.070

2.808

0.007

Table 52: Significant associations with thanking of robot characters by AmE
participants. Interactions are denoted by colons.

Term

Estimate

t value

Pr(> |t|)

Intercept

2.042

14.460

< 0.0001

male

0.923

4.795

< 0.0001

Table 53: Significant associations with thanking of robot characters by Ar
participants.
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