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Abstract 2 

We report two experimental studies of human perceptions of robotic facial expressions while 3 

systematically varying context effects and the cultural background of subjects (n=93).   Except for 4 

Fear, East Asian and Western subjects were not significantly different in recognition rates, and, 5 

while Westerners were better at judging affect from mouth movement alone, East Asians were not 6 

any better at judging affect based on eye/brow movement alone.  Moreover, context effects 7 

appeared capable of over-riding such cultural differences, most notably for Fear.  The results seem 8 

to run counter to previous theories of cultural differences in facial expression based on emoticons 9 

and eye fixation patterns.  We connect this to broader research in cognitive science – suggesting the 10 

findings support a dynamical systems view of social cognition as an emergent phenomenon.  The 11 

results here suggest that, if we can induce appropriate context effects, it may be possible to create 12 

culture-neutral models of robots and affective interaction. 13 

 14 

Keywords: Human-Robot Interaction; Facial Expression; Emotion; Affective Communication; 15 
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1. Introduction 18 

1.1 Background 19 

Scientific inquiry stretching back over a century has contributed to an ongoing debate 20 

about the nature and classification of human emotions and their related facial expressions (e.g.  21 

Ekman, 2009; Nelson & Russell, 2013; Breazeal, 2003; Sosnowski et al., 2006; Pantic, 2009; Cohn, 22 

2010).  Even Charles Darwin played a role (Darwin, 1872).  The main points of contention can be 23 

summarized as such: Does a basic set of universal human emotions (and their related facial 24 

expressions) exist across culture, gender, context, etc.?  Moreover, are there universal facial cues 25 

associated with these expressions that we can distill out from the broader array of complex and/or 26 

idiosyncratic facial movements? 27 

Research by Ekman and colleagues going back to the 1960’s suggested that there was 28 

indeed such a basic set of universal human emotions and/or facial expressions (Ekman & Friesen, 29 

2003; Ekman, 2009).  This eventually led to the development of the Facial Action Coding System 30 

(FACS), which could be used to identify facial expressions via specific facial cues.  These facial 31 

cues are referred to as action units, and intended to encode the movement of specific facial 32 

muscles.  However, that research on the universality of emotions/expressions was challenged on 33 

multiple grounds based on the work of Russell (Russell & Fernandez-Dolz, 1997), Matsumoto 34 

(Matsumoto, 1992), and others from the 1980’s onwards, using studies done with human images 35 

and confederates.  Recent work over the last few years using digital avatars has further challenged 36 

the universality of basic “Ekman emotions” on the basis of variations due to culture, context, and 37 

age (Yuki et al., 2007; Jack et al., 2009; Koda et al., 2010; Jack et al., 2012).  However, that work, 38 

based heavily on visual fixation patterns, has been disputed by more recent research (see Section 39 

1.2).  In spite of these scientific controversies, sophisticated automated facial expression 40 

recognition technology has been developed over the last decade such that computers can, at least 41 

for posed Western expressions, achieve roughly 95% accuracy for identifying human facial 42 

expressions (Pantic, 2009; Cohn, 2010).  Furthermore, most robotic faces with affective expression 43 

capabilities built over the last decade continue to be based on the basic Ekman emotions and their 44 

associated facial expressions (Breazeal, 2003; Sosnowski et al., 2006; Canamero & Fredslund, 45 

2001; Bazo et al., 2010; Saldien et al., 2010; Miwa et al., 2004; Becker-Asano & Ishiguro, 2011; 46 

Bennett & Šabanović, 2013; Bennett & Šabanović, 2014).  In short, the literature is full of 47 

conflicting evidence on the subject, suggesting a need for novel lines of evidence. 48 
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This paper is aimed at that need, contributing to the debate over human perception of 49 

affective facial expressions and to the application of such research in robot design through two 50 

experimental studies in which participants interacted with a previously validated minimalist face 51 

robot (MiRAE). MiRAE was designed with the aim of utilizing the minimal facial cues necessary 52 

to convey facial expressions in ways humans can perceive/understand (Bennett & Šabanović, 2013; 53 

Bennett & Šabanović, 2014).  The first study investigated the effect of cultural differences in 54 

perceptions of robotic facial expressions, using three human-subject groups: Japanese (living in 55 

Japan), native East Asians (living in the United States), and Westerners (i.e. Americans).  A second 56 

study evaluated the effects of context on those perceptions.   Both experiments seek to understand 57 

how situational factors (e.g. context, culture) affect people’s perceptions of affective facial 58 

expressions. These were part of a broader series of seven experiments involving nearly two-59 

hundred-twenty human subjects, interacting in-person with the robot (Bennett & Šabanović, 2013; 60 

Bennett & Šabanović, 2014, Bennett et al., 2014). A novel contribution of this work is the 61 

simultaneous manipulation of participant culture and context together that allows us to analyze the 62 

effects of and interactions between both of these two factors on people’s perceptions of a robot’s 63 

affective expression. 64 

This research is developed through reference to cognitive science and psychological 65 

theories, which suggest that our perceptions and modes of interaction are contextually dependent 66 

and dynamically constructed and biased by cues in our environment – culture, context, interaction 67 

partners, etc. (see Related Work and Discussion sections below).  Emotions perceived in others’ 68 

faces – including robots – may be an internal construct in the mind of the perceiver, based on a 69 

number of perceptual and cognitive processes.   70 

 71 

1.2 Related Work 72 

Even if facial expressions of emotions are variable in humans, it is not precisely clear as to 73 

how or why.  While certain aspects of emotional and cognitive development may be universal, 74 

researchers have shown that the specific ways in which people engage in affective interaction can 75 

vary across culturally-situated norms and context scenarios. For instance, Nisbett et al. (2001) 76 

suggested that different “cognitive styles” in Western and East Asian cultures define aspects of the 77 

environment that are worthy of attention (e.g. characteristics of the environment or of the 78 

individual) and acceptable communication patterns (e.g. implicit vs. explicit).  Such cognitive 79 

differences between Western and East Asian subjects may indicate that the two groups vary in 80 
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regard to their attention to the context of interaction as indicative of its affective valence.  81 

Similarly, Shore (1996) argued that “social-orientational models” in particular “provide a degree of 82 

standardization in emotional response within a community,” and designate appropriate 83 

roles/behaviors within interaction as well as culturally normative rules for displaying, perceiving, 84 

and experiencing affect (pp.62-63).  Ekman, Friesen, and Izard themselves suggested a similar 85 

“Deception hypothesis” in the 1970’s to explain culturally-based affective expression encoding 86 

rules (Ekman, 1971).  More recently, Elfenbein (2013) has proposed a “Dialect hypothesis” for 87 

affective communication, which posits isomorphisms between affective expressions and linguistic 88 

distributions/development. 89 

In addition to such research with humans, researchers in recent years have also used digital 90 

avatars as stimuli for testing people’s perceptions of emotion. However, the evidence derived from 91 

these studies is subject to debate.  For example, much of this recent work on cross-cultural 92 

differences is rooted in what we refer to as the “Emoticon hypothesis”.  In short, this posits that 93 

since emoticons are different for specific features (e.g. eyes, mouth) between Western and 94 

Eastern/Asian styles, displays of emotions by humans between those groups must therefore be 95 

different across those features as well (for example, East Asians focus more on the eyes, and 96 

Westerners more on the mouth) (Yuki et al., 2007).  Several papers in the last few years have 97 

studied visual fixation patterns as the basis for these putative cultural differences in facial 98 

expressions, arguing that the patterns support the Emoticon hypothesis (Jack et al., 2009; Koda et 99 

al., 2010; Jack et al., 2012).  However, more recent papers have provided evidence countering the 100 

use of visual fixation patterns, noting that people are engaged in a range of information-gathering 101 

activities for a variety of purposes (not simply judging affect) when looking at other faces, 102 

including determining culture, gender, confidence, sexual attraction, social referencing, etc. (Arizpe 103 

et al., 2012; Blais et al., 2012; Peterson & Eckstein, 2012).  Furthermore, interpretation of results 104 

from studies using digital avatars is complicated by their common use of cartoon-like facial 105 

representations that are sometimes difficult to clearly relate back the FACS and/or facial displays 106 

directly based on them. 107 

Other recent empirical work has provided evidence for significant, culturally-variable 108 

effects due to context on facial expression recognition, using both digital avatars and human faces 109 

(Righart & de Gelder, 2008; Barrett et al., 2011; Lee et al. 2012).  This literature has focused on the 110 

variable importance of context between cultures (particularly Asian and Western cultures) as an 111 

explanation for such cross-cultural differences, related to the arguments of Shore (1996) and 112 
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Nisbett et al. (2001) above.  Researchers have also challenged the sole focus on facial expressions, 113 

suggesting body posture/gesture plays a significant role as well (Kleinsmith et al., 2006; de Gelder, 114 

2009).  A further complicating matter is the possible effect of variations in language and cultural 115 

connotations of emotion-label words (Perlovsky, 2009; Ruttkay, 2009).  Lindquist & Gendron 116 

(2013) even suggest a dynamical systems perspective of emotion perception and word-label 117 

grounding to explain such variation. 118 

To summarize, the debate over the universality of human emotions and facial expressions, 119 

as well as their mechanisms of display/interpretation, is complex and rife with conflicting evidence.  120 

As noted in Section 1.1, our research contributes to the production of new modes of evidence, via 121 

human-robot interaction, for systematically approaching this debate. 122 

 123 

1.3 The Role of Human-Robot Interaction 124 

There are multiple motivations for utilizing robotic faces to study the question of human 125 

display and perception of emotional expressions, both academic and pragmatic.  On the one hand, 126 

robotic faces provide a three-dimensional, embodied platform that can be used as a 127 

controllable/consistent/modifiable surrogate for human images or confederates when investigating 128 

questions of human cognition and perception (Adams et al., 2000; Scasselati, 2006; Kozima et al., 129 

2009).  On the other hand, if we endeavor to add faces and facial expressions to robots in order to 130 

enhance human-robot interaction and communication, then understanding how to do so effectively 131 

is of immense importance.  This is doubly true if robots are also meant to interpret human facial 132 

movements.  If indeed factors like culture and context matter to human perception and performance 133 

of affective facial expressions, then future human-robot interaction design requires an empirically-134 

based understanding of how and why. 135 

Despite the aforementioned work using human images (Matsumoto, 1992; Russell & 136 

Fernandez-Dolz, 1997; etc.) and digital avatars (Yuki et al., 2007; Jack et al., 2009; Koda et al., 137 

2010; etc.) to investigate human facial expressions, as well as numerous papers evaluating the 138 

ability of robotic faces to display the basic Ekman emotions, limited research has been performed 139 

evaluating the purported universality of the Ekman-based facial expressions and facial cues using 140 

robotic faces.  Becker-Asano and Ishiguro (2011) evaluated the android Geminoid-F robot across 141 

three cultural groups (Americans, Europeans, and Asians), showing clear differences across them.  142 

However, the study utilized only still, posed images of the robot distributed over the Internet, and 143 

even the Western subjects struggled to identify many of the expressions (e.g. Anger, Surprise) with 144 
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high accuracy.  Elsewhere, Zhang and Sharkey (2011) have evaluated the effects of context on 145 

robotic facial expression identification by humans, and Embgen et al. (2012) have conducted 146 

robotic studies on emotional body language in lieu of facial expressions.   147 

More broadly, a number of researchers have investigated cross-cultural differences in 148 

perceptions of robots, though not necessarily for the specific purpose of affective communication 149 

(Bartneck & Okada, 2001; Bartneck et al., 2007).  While many such studies agree that cultural 150 

factors influence how people perceive and behave toward robots, there is a surprising lack of 151 

agreement on the nature of these differences. A popular view among scholars is that Japanese (and 152 

possibly other Asian) subjects are more positive towards robots in general and identify them as 153 

more lifelike and animate (e.g. Geraci, 2006; Kaplan, 2004). Bartneck et al. (2007) suggest the 154 

opposite – that US participants have the most positive attitudes toward robots, particularly in terms 155 

of their willingness to interact with them on a daily basis. MacDorman et al. (2009) find more 156 

similarities than differences in how pleasant or threatening US and Japanese participants deem 157 

robots to be. Lee and Šabanović’s (2014) survey study of perceptions of robots among participants 158 

in the US, South Korea, and Turkey show that, while differences among these populations exist, 159 

they are not directly correlated with broad cultural factors such as animistic or Christian beliefs, or 160 

with media portrayals of robots. These divergent results suggest that more situated contextual 161 

factors beyond broadly defined national cultures may be responsible for differential perceptions 162 

and attitudes toward interactive robotic technologies, particularly variables related to the social 163 

context of the interaction. 164 

The studies reported here explored the effect of cultural background and environmental 165 

context on people’s perceptions of affective expressions of a robotic face. We used the same robot 166 

in studies performed face-to-face with participants in the USA and in Japan, so that all subjects 167 

were able to directly interact with the robotic face, rather than only watch pre-captured images or 168 

videos of the robot in action, which is known to have drawbacks (Krumhuber et al., 2013).  The 169 

studies also involved using different “cultural variants” of facial expressions to test previous 170 

research findings (see Section 3.2), as well as experiments simultaneously varying both culture and 171 

context. 172 
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 173 

2. Methods 174 

2.1 General Overview/Subjects 175 

Two experiments are reported in this paper.  They are part of a broader series of seven 176 

experiments investigating the minimal features needed for a robotic face to communicate facial 177 

affect in a way humans could perceive and understand.  The first five experiments have been 178 

previously reported (Bennett & Šabanović, 2013; Bennett & Šabanović, 2014, Bennett et al., 2014).  179 

In total, 216 human subjects participated in all the experiments, of which 93 participated in the two 180 

reported here.   181 

Three groups of subjects were utilized:  Japanese (living in Japan), native East Asians 182 

(living in the United States), and Westerners (i.e. Americans).   We use the term “Westerners” here 183 

to be consistent with Jack et al. (2009) and others.  The Japanese were college students recruited in 184 

Japan from a university in Yokohama.  The East Asians were a mixture of Japanese, South Korean, 185 

and Chinese college students, who had lived in the United States on average for 10 months (and 186 

generally no longer than one year) and had passed an English proficiency entrance exam (TOEFL).  187 

The Westerners were all American-born college students, primarily Caucasian.  The age range 188 

across all groups was approximately 18-23 (i.e. college-aged).  The gender mix was roughly 50-50, 189 

with the percent male being 53.2% (Westerners), 56% (Japanese), and 46.9% (East Asians living in 190 

the U.S.).  The breakdown by experiment was: 57.7% (Experiment #1A), 47.9% (Experiment #1B), 191 

and 50% (Experiment #2).  Most participants came from either the computer science or psychology 192 

programs.   193 

For the two experiments reported here, the first (#1a and #1b) examined the effects of 194 

culture, and the second (#2) examined the effects of context on the participants’ perceptions of 195 

affective expressions performed by the robotic face.  Experiment #1a used a sample of Japanese 196 

subjects only (n=15).  Experiment #1b used subjects from all three groups (n=48, 16 per group).  197 

Experiment #2 used samples of East Asian and Western subjects only (n=30, 15 per group).  198 

Subjects were not re-used across experiments, due to potential priming effects from repeatedly 199 

showing them facial expressions (Bennett & Šabanović, 2014).  Sample sizes were determined 200 

from previously observed effect sizes (Bennett & Šabanović, 2014) with consideration for 201 

time/costs constraints. 202 

The experiments were performed in-person through face-to-face interaction between the 203 

robot and participants at universities in the United States and in Japan.  All experiments were 204 



9 

 

performed in a conference room against a neutral off-white background wall.  For experiments 205 

involving the digital avatar and context videos, these were shown using a laptop in the same room 206 

setup. 207 

 208 

2.2 Robotic Face 209 

The platform used here (MiRAE) is a minimalist robotic face that is capable of displaying a 210 

variety of facial expressions, previously described in (Bennett & Šabanović, 2013; Bennett & 211 

Šabanović, 2014).  In a previous study, MiRAE was shown capable of producing higher, or at least 212 

comparable, identification accuracy rates (with Westerners) for all expressions as a number of 213 

other robotic faces, including Kismet (Breazeal, 2003), Eddie (Sosnowski et al. 2006), Feelix 214 

(Canamero & Fredslund, 2001), BERT (Bazo et al., 2010), and the android Geminoid-F (Becker-215 

Asano & Ishiguro, 2011, values from Table 5 therein), as shown in Table 1 (see Bennett & 216 

Šabanović, 2014).  This indicates that a minimalist robotic face such as MiRAE can provide a 217 

reliable, replicable, low-cost platform for investigating questions of affect and facial expression 218 

such as those addressed here. 219 

 220 

Table 1: Robot Face Comparison 221 

Expression 

MiRAE 

(n=30) 

Eddie 

(n=24) 

Kismet 

(n=17) 

Feelix 

(n=86) 

BERT 

(n=10) 

Geminoid 

(n=71) 

Happy 97% 58% 82% 60% 99% 88% 

Sad 100% 58% 82% 70% 100% 80% 

Anger 87% 54% 76% 40% 64% 58% 

Fear 43% 42% 47% 16% 44% 9% 

Surprise 97% 75% 82% 37% 93% 55% 

Disgust - 58% 71% - 18% - 

Average1 85% 57% 74% 45% 80% 58% 

 222 

Facial expression identification average accuracy for the six Ekman emotions is shown for several robotic faces (including 223 

the own used here, MiRAE).  The number of subjects (n) is shown for each study as well.  Appropriate citations for each 224 

are provided in text.  1Averages do not include Disgust, since not all studies included it. 225 

 226 

The minimalist approach for the robotic face used here is grounded in over a half-century 227 

of psychological and computer science research on emotions and facial expressions (Bennett & 228 

Šabanović, 2014).  The entire premise of that work (Ekman, 2009; Nelson & Russell, 2013; Pantic, 229 

2009; Cohn, 2010) is that people are only attending to a small number of critical moving 230 
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points/lines to detect emotion in faces.   This is the basis for the FACS, which dominates the 231 

emotional facial expression literature and on which many robotic faces – including androids – are 232 

based (see Section 1.1).  At least within the specific task context of emotional facial expression 233 

recognition, there is evidence that many realistic aspects of the face are not necessary, and may 234 

indeed even be conflating factors (e.g. by suggesting cultural affiliation, ingroup/outgroup effects).  235 

Our previous study (Bennett & Šabanović, 2014) validated that principle in this exact robotic face, 236 

providing empirical evidence that simple moving lines work just as well for emotional expressions 237 

as more complex facial features (e.g. Kismet, see above).  Other robotic research, such as Okada’s 238 

Muu and Kozima’s Keepon (Matsumoto et al., 2006; Kozima et al., 2009), further support such 239 

minimalism for affective interaction (not to mention Mori’s work on the “Uncanny Valley” [Mori, 240 

1970]). 241 

Examples of MiRAE displaying various facial expressions can be seen in Figure 1.  The 242 

dimensions of the robotic face are similar to an actual human face, approximately 8 inches tall by 243 

6.5 inches wide.  MiRAE also has the ability to move its neck with two degrees-of-freedom (pan 244 

and tilt), though this ability was not used in the experiments described here. 245 

MiRAE’s programming code is written as a C++/Arduino library, and easily allows facial 246 

expressions to be made with varying degrees of motion for each individual facial component (as a 247 

variable passed into the function calls).  These programming libraries, along with a construction 248 

manual for MiRAE, are available from the lab website (http://r-house.soic.indiana.edu) and the first 249 

author’s personal website (http://www.caseybennett.com/Research.html), in order to facilitate 250 

experimental replication. 251 

 252 

2.3 Experimental Design 253 

For the two experiments reported here, the first (#1a and #1b) examined the effects of 254 

culture, and the second (#2) examined the effects of context across culture.  Experiment-specific 255 

details are provided in Section 3.  Here we describe the protocol and instruments used across all 256 

experiments in general. 257 

First, we should be clear that all the experiments described here, as well the companion 258 

studies (from which some of the comparison data is derived) (Bennett & Šabanović, 2014; Bennett 259 

et al., 2014) are actually the same experiment – in terms of protocol, instruments used, and the 260 

robotic face – except for whatever independent variable was being manipulated (e.g. neck motion 261 

or added context stimuli).  The only exception to this were some minor differences in the physical 262 

http://r-house.soic.indiana.edu/
http://www.caseybennett.com/Research.html
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setup in Experiment 2 here due to the addition of the context stimuli.  The robotic face was 263 

physically transported to and from Asia from the United States, so that all subjects could interact 264 

with the exact same artifact. 265 

In all experiments, subjects observed the robotic face (and/or digital avatar, if applicable) 266 

making a randomized pre-set series of facial expressions (the six Ekman emotions, less Disgust).  267 

During each experiment, the robotic face (and/or digital avatar, if applicable) made each expression 268 

for several seconds, then returned to a neutral face.  A pause of 15 seconds was provided between 269 

expressions to allow participant to fill out the FEI instrument (see next paragraph).  Participants 270 

simply watched the robot, i.e. there was no interactive behavior used in these experiments.  The 271 

robot (nor avatar) did not speak or make affective sounds.  There were no repetitions within 272 

subjects, nor did subjects participate in multiple conditions/experiments (to avoid any “priming 273 

effect”, see Section 2.1).  Subjects were randomly assigned to conditions/experiments.  Finally, for 274 

terminological clarity, we will use the term “eye/brow movement” to refer to the simultaneous 275 

movement of both eyes and eyebrows henceforth.  276 

 277 

Figure 1: MiRAE Display of Emotions 278 

 279 

Expression at apex of motion, without neck motion.  In order (left-to-right, top-to-bottom) – Neutral, Happiness, Sadness, 280 

Anger, Fear and Surprise. 281 

 282 
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For all experiments, the same Facial Expression Identification (FEI) instrument was used 283 

as in the previous studies (Bennett & Šabanović, 2014).  The FEI contains three questions.  First, 284 

subjects were asked to identify the expression (Question #1) and to rate the strength of expression 285 

(Question #2).  The FEI used a similar 7-option forced-choice design for Question #1 as was used 286 

in studies with Kismet, Eddie, etc. for comparability purposes (Breazeal, 2003; Sosnowski et al. 287 

2006), although there are some issues with the forced-choice design (Nelson & Russell, 2013; 288 

Barrett et al., 2011; Fugate, 2013).  The FEI also asked subjects an additional question (Question 289 

#3) for each expression, allowing (but not requiring) them to select one or more “other 290 

expressions” they thought the robot might be displaying beyond the primary one in Question #1, if 291 

desired (see [Bennett & Šabanović, 2014] for a complete description).  This is the basis for the 292 

main accuracy (Question #1) and other accuracy (Question #3) in subsequent tables.  The FEI is 293 

available online (in both English and Japanese) at the lab website http://r-house.soic.indiana.edu 294 

(English version: http://r-house.soic.indiana.edu/mirae/FEI_Instrument.docx).  295 

Additionally like the previous studies, both the Godspeed (Bartneck et al., 2009) and 296 

Negative Attitudes towards Robots (NARS: Nomura & Kanda, 2003) scales were collected to 297 

evaluate user perceptions.  The NARS is a commonly used metric in human-robot interaction (HRI) 298 

research, developed to measure people’s attitudes towards robots in general and consisting of three 299 

subscales: situation of interaction, social influence of robots, and emotion in robots during 300 

interaction (Nomura et al., 2006). The NARS has often been used prior to a human-robot 301 

interaction to evaluate whether and how pre-existing attitudes affect people’s behavior towards 302 

robots, as well as before and after interaction to see if the interaction itself has changed people’s 303 

general attitudes toward robots. Our use of the NARS in this study was in the former sense. The 304 

Godspeed Scale was designed to gauge people’s perceptions of specific robots and consists of five 305 

subscales: anthropomorphism, animacy, likeability, perceived intelligence, and perceived safety. It 306 

is generally used in participant evaluations of robots they interact with or see; in our case we used 307 

it to measure people’s perceptions of MiRAE following their interaction with it. Psychometric 308 

analyses of the NARS (Nomura et al., 2006) and Godspeed (Bartneck et al., 2009) have been 309 

previously provided, with Cronbach Alpha values consistently above 0.7.  The NARS was collected 310 

prior to the interaction, the Godspeed after the interaction.   Note that no significant differences in 311 

the overall NARS were found, so it will not be discussed further in this paper.  For brevity, the 312 

Godspeed will only be discussed for Experiment 1a here. 313 

http://r-house.soic.indiana.edu/
http://r-house.soic.indiana.edu/mirae/FEI_Instrument.docx


13 

 

All Westerner subjects and East Asian (living in the US) subjects were administered all 314 

forms, including the FEI instrument, in English.  The East Asian subjects were all US university 315 

students who had passed an English proficiency entrance exam (TOEFL) prior to admission.  The 316 

Japanese (living in Japan) subjects were administered the forms translated into Japanese.  The 7 317 

emotion-label options on the FEI instrument were translated into Japanese as: 怒り(ikari - Anger), 318 

幸せ (shiawase - Happy), 悲しい (kanashii - Sad), 恐怖 (kyofu - Fear), 驚き (odoroki - Surprise), 319 

嫌悪感 (keno-kan - Disgust), 退屈 (taikutsu - Bored). 320 

 321 

2.4 Analysis 322 

The analysis of data varied by experiment in accordance with the number of groups and 323 

conditions in each experiment.  This included t-tests for Experiment #1a and ANOVAs for 324 

Experiments #1b and #2.  Effect sizes are reported using Pearson’s r.  Specifics for each 325 

experiment are provided in the relevant subsections of Section 3. 326 

Previous evaluation of statistical power suggested an a priori power estimate somewhere in 327 

the range 0.6 (Bennett & Šabanović, 2014), which is capable of detecting modest effects (but not 328 

smaller ones).  However, since we had no basis for projecting effect sizes for most of the 329 

hypotheses reported here, it is only an estimate.  Post-hoc calculations of statistical power were 330 

thus also performed, which may be informative for future experiments.  For Experiment #1a, 331 

observed power was 0.64.  For Experiment #1b, power was 0.98 for expression variant, and 0.32 332 

for culture (not surprising given the small differences across cultural groups).  For Experiment #2, 333 

power was 0.67 for context effects, and 0.8 for culture.  Given sufficient time and money, 334 

replicating the results here with a larger study would be of great interest.  335 

 336 

3. Experiments 337 

3.1 Experiment 1a 338 

3.1.1 Experiment 1a – Methods 339 

Experiment #1a used a Japanese sample (n=15) to replicate a previously reported study of 340 

the baseline facial expression identification results of the same robot face with Westerners (see 341 

experiment 1 in [Bennett & Šabanović, 2014]), in order to provide a baseline comparison and 342 

ground the results of Experiment #1b.  The hypothesis, based on previous research (Section 1.2), 343 

was that there would significant differences in recognition accuracy across cultures.  This 344 
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experiment also involved subjects observing a digital avatar designed to appear nearly identical to 345 

the embodied robotic face, as shown in Figure 2 (see [Bennett & Šabanović, 2014] for complete 346 

digital avatar description).  The aim was not to build a state-of-the-art digital face, but to build a 347 

minimalistic avatar whose appearance and motion closely resembled the embodied robot face, for 348 

comparison purposes.  The order in which subjects saw the robot and avatar (robot-1
st
, avatar-2

nd
 or 349 

avatar-1
st
, robot-2

nd
) was randomized.  The digital avatar was only used in this experiment (#1a).  350 

The experiment was exactly identical to the previous study, except for the use of Japanese subjects 351 

rather than Westerners. 352 

 353 

Figure 2: Schematic Facial Expressions 354 

 355 

 356 

For both Experiment #1a and #1b (see below), subjects observed the robotic face (and 357 

digital avatar in #1a) making a randomized pre-set series of facial expressions (the six Ekman 358 

emotions, less Disgust).  As detailed in a previous paper (Bennett & Šabanović, 2014, Section 4.2), 359 

Disgust is problematic since most studies on robotic facial expressions don’t actually use the 360 

Ekman “Nose Wrinkle” Disgust expression based on the FACS (e.g. Kismet [Breazeal, 2003] and 361 

Eddie [Sosnowski et al., 2006]) but rather use a contrived “Lip Twist” expression as a substitute, or 362 

do not use Disgust at all (e.g.  Geminoid [Becker-Asano & Ishiguro, 2011]).  To our knowledge, no 363 

robotic face has yet convincingly implemented an empirically-validated, FACS-based Disgust 364 

expression capability.  In short, further work is needed. 365 

 366 
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3.1.2 Experiment 1a – Analysis 367 

For Experiment #1a, we used t-tests (independent samples, two-tailed, equal variances not 368 

assumed) to test for differences between the original Western participants in the previously 369 

reported study (Bennett & Šabanović, 2013; Bennett & Šabanović, 2014) and the Japanese subjects 370 

evaluated in this study.   371 

 372 

3.1.3 Experiment 1a - Results 373 

Results, for both the embodied robotic face and the digital avatar, are shown in Table 2 for 374 

both the Japanese and Western subject samples (Western results reproduced from experiment 1 in 375 

[Bennett & Šabanović, 2013; Bennett & Šabanović, 2014]).  A few things are notable.  First, except 376 

for Fear, the identification accuracy is nearly identical for the Westerners and the Japanese, despite 377 

the fact that the facial expressions in this experiment were based on the Ekman FACS system that 378 

is purportedly biased towards Western displays of emotion (Yuki et al., 2007; Jack et al., 2009; 379 

Koda et al., 2010; Jack et al., 2012).  Fear is clearly different between the two groups (43% vs. 380 

0%), and the Japanese clearly had trouble identifying it.  However, it should be noted that – even 381 

among Westerners across an array of humanoid robotic faces (MiRAE, Kismet, Eddie, BERT, 382 

Feelix, Geminoid) – Fear is only identified on average 34% of the time (see Table 1 above) 383 

(Bennett & Šabanović, 2013; Bennett & Šabanović, 2014).  T-tests between the two groups for 384 

overall accuracy were significantly different when including Fear (t(43)=2.65, p=.011, effect 385 

size=0.54), but not significant without it (t(43)=0.53, p=.601). 386 

 387 

Table 2: Experiment 1a – Main Results 388 

    Western Japanese 

  Expression 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Embodied 

Happy 96.7% 96.7% 7.31 100.0% 100.0% 5.86 

Sad 100.0% 100.0% 8.30 86.7% 100.0% 7.67 

Anger 86.7% 93.3% 7.25 100.0% 100.0% 6.47 

Fear 43.3% 63.3% 6.25 0.0% 6.7% N/A 

Surprise 96.7% 100.0% 7.96 93.3% 93.3% 5.93 

Digital 

Happy 100.0% 100.0% 6.93 100.0% 100.0% 4.67 

Sad 100.0% 100.0% 8.09 86.7% 93.3% 7.46 

Anger 100.0% 100.0% 7.98 100.0% 100.0% 8.07 

Fear 53.3% 66.7% 6.38 0.0% 20.0% N/A 

Surprise 86.7% 100.0% 7.22 73.3% 100.0% 5.09 

 389 
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The identification results for the digital avatar followed similar patterns (significantly 390 

different with Fear, non-significant without).  Strength ratings (not including Fear, since it was 391 

never identified by Japanese) were significantly different (t(43)=2.86, p=.008, effect size=0.41), 392 

with Westerners having higher average ratings (7.7 vs. 6.4). 393 

Godspeed ratings were also evaluated between the two groups for the embodied robotic 394 

face.  These can be seen in Table 3.  Several categories were significantly different between 395 

Japanese and Westerners, with anthropomorphism and animacy being rated higher by the Japanese 396 

and perceived safety being rated higher by Westerners.  It is not clear exactly why this is the case.  397 

The pattern was identical for the digital avatar (data not shown). 398 

 399 

Table 3: Experiment 1a – Godspeed 400 

  Western Japanese   

Category Embodied Embodied t-value Sign. Effect Size 

Anthropomorphism 2.26 (.84) 2.89 (.57) 2.97 0.005* 0.41 

Animacy 2.44 (.81) 3.24 (.58) 3.78 0.001* 0.50 

Likeability 3.58 (.62) 3.77 (.41) 1.24 0.221   

Perceived Intelligence 2.86 (.81) 3.15 (.47) 1.49 0.143   

Perceived Safety 3.83 (.69) 3.00 (.42) 4.99 0.000* 0.59 

 401 

Mean Values for both Western and Japanese subjects are shown, with standard deviations in parentheses.  T-test values 402 

are provided to the right, with statistically significant differences (p < 0.05) are starred with an asterisk.  Effect sizes are 403 

provided for any significant differences. 404 

 405 

3.2 Experiment 1b 406 

3.2.1 Experiment 1b – Methods 407 

Experiment #1b evaluated two cultural variants of the baseline robotic facial expressions 408 

– an “East Asian” variant and a “Western” variant” – based on the “Emoticon hypothesis” and 409 

previous research findings that posits that East Asians focus more on the eyes and Westerners 410 

more on the mouth in interpreting facial expressions (Yuki et al., 2007; Jack et al., 2009; Koda et 411 

al., 2010; Jack et al., 2012).  The hypothesis was that East Asians would have higher recognition 412 

accuracy for the “East Asian” variant, and the Westerners would have higher recognition accuracy 413 

for the “Western variant."  In short, this resulted in the eye/brow facial feature motion being 414 

effectively turned off for the Western expressions, and the mouth facial feature motion being 415 

effectively turned off for the East Asian expressions.  The exception was Anger – where the only 416 

movement in the original was in the eyes and eyebrows – which was left the same between the two 417 
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variants (since there was no mouth movement to manipulate).   By “effectively”, we mean that the 418 

motion was set to ~10% of the original motion, so as to still be perceptible but so small as to not 419 

indicate any particular expression.  Previously, we have shown that reducing the degree of motion 420 

by as much as 50% for the robot face holistically (i.e. all facial features simultaneously) had no 421 

effect on human perception of affective expression (Bennett & Šabanović, 2014).  The 10% motion 422 

was in effect a small twitching motion, and was tested (for all facial features simultaneously) with 423 

several lab personnel prior to the experimental phase to verify that they conveyed no recognizable 424 

emotion/expression.  425 

For Experiment #1b, three groups of participants were recruited each containing 16 426 

individuals (in total, n=48) for each cultural group (see Section 2.1).  Each group was randomly 427 

divided in half into two sub-groups (n=8), each of which saw only one of the variants.  In other 428 

words, we had 6 sub-groups that varied by both the culture of the subjects and the facial expression 429 

variant observed. 430 

 431 

3.2.2 Experiment 1b – Analysis 432 

For Experiment #1b, we used a two-way, fixed-effects, between-subjects ANOVA to test 433 

for differences between the three cultural groups and the two cultural variants of facial expression.  434 

Post-hoc Bonferroni t-tests were used to determine the source of any differences. 435 

  436 

3.2.3 Experiment 1b - Results 437 

Overall results for Experiment #1b are shown in Table 4 below.  Of note, we point out the 438 

similar identification patterns for Fear between the Japanese from Japan and the native East Asians 439 

living in the United States.  440 

 441 

 442 

 443 

 444 

 445 

 446 

 447 

 448 

 449 

 450 
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Table 4: Experiment 1b – Main Results 451 

    Western Japanese East Asian 

Expression 

Variant Expression 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Western 

Happy 100.0% 100.0% 7.38 100.0% 100.0% 5.63 100.0% 100.0% 7.38 

Sad 100.0% 100.0% 7.25 75.0% 100.0% 7.00 75.0% 87.5% 8.33 

Anger 100.0% 100.0% 7.25 87.5% 87.5% 6.28 87.5% 87.5% 7.71 

Fear 37.5% 37.5% 6.67 0.0% 12.5% N/A 0.0% 0.0% N/A 

Surprise 100.0% 100.0% 7.38 50.0% 50.0% 4.25 100.0% 100.0% 7.60 

East Asian 

Happy 50.0% 50.0% 5.50 62.5% 87.5% 5.00 50.0% 50.0% 7.00 

Sad 62.5% 87.5% 7.80 87.5% 87.5% 5.57 100.0% 100.0% 7.50 

Anger 87.5% 87.5% 8.00 100.0% 100.0% 7.38 75.0% 75.0% 8.33 

Fear 12.5% 37.5% 6.00 0.0% 12.5% N/A 0.0% 12.5% N/A 

Surprise 62.5% 100.0% 7.00 37.5% 62.5% 5.33 37.5% 75.0% 8.33 

 452 

The results from Table 4 are succinctly summarized in Table 5.  In brief, all of the cultural 453 

groups struggled to identify the East Asian expression variants (eye/brow movement only), with 454 

accuracy averaging 53.3%.  Identification of the Western expression variants did vary across 455 

groups, with the Westerners having higher values, the Japanese lower values, and the East Asians 456 

living in the US somewhere in between.  This pattern held even when Fear was removed, as well as 457 

Anger (which was unchanged between the variants, see Section 3.2.1).  Strength ratings, however, 458 

were consistent across cultural groups for different expression variants. 459 

 460 

Table 5: Experiment 1b – Summary 461 

    Western Japanese East Asian   

Expression 

Variant         Average 

Western 
Main Accuracy 87.5% (10.4) 62.5% (16.6) 72.5% (14.9) 74.2% 

Strength 7.26 (.64) 6.01 (1.20) 7.58 (0.97) 7.01 

East Asian 
Main Accuracy 52.5% (18.3) 57.5% (16.6) 50.0% (20.9) 53.3% 

Strength 7.48 (1.64) 5.97 (1.52) 7.57 (1.55) 6.95 

 462 

Mean values are provided for each cultural group/condition, with standard deviations in parentheses. 463 

 464 

These patterns were investigated for statistical significance via a two-way ANOVA (see 465 

Section 2.4).  The results are shown in Table 6.  Significant effects on accuracy were found for 466 

expression variant (F(1,42)=17.43, p<.001) but not for cultural background.  The interaction effect 467 

was near significance (F(2,42)=3.04, p=.058), but not below the .05 threshold.  It is possible that a 468 

larger sample size might return a significant result for the interaction effect, however.  Strength 469 
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ratings showed the opposite, significant variation due to cultural background, but not due to 470 

expression variant. Post-hoc test showed the significant strength differences were between the 471 

Japanese and both other groups, but not between the Westerners and East Asians living in the US. 472 

 473 

Table 6: Experiment 1b – ANOVA 474 

  Main Accuracy Strength Rating 

  F Sign. F Sign. 

Culture 1.59 0.216 6.96 0.002* 

Exp. Variant 17.4 0.000* 0.026 0.873 

Culture * Exp. Variant 3.04 0.058 0.047 0.954 

 475 

F-values attaining statistical significance (p < 0.05) are starred with an asterisk.   476 

 477 

To summarize the first experiment (#1a and #1b), Westerners were better at identifying 478 

robotic facial expressions from mouth movement alone than Japanese subjects (East Asians living 479 

in the US fell in between).  However, none of the subject groups were significantly better at 480 

identifying facial expressions from eye/brow movement alone.  Moreover, when expressions were 481 

made normally with all facial features (eyes, brows, mouth), there were no significant differences 482 

between Westerners and Japanese, except for Fear. 483 

 484 

3.3 Experiment 2 485 

3.3.1 Experiment 2 – Methods 486 

For Experiment #2, we evaluated the effect of the broader interaction context on 487 

participants’ perceptions of the face robot’s expressions.  The hypothesis, based on previous 488 

research (Section 1.2), was that context would have a larger effect on recognition accuracy for East 489 

Asians than Westerners.  Subjects watched a series of videos alongside the robot-face.   The videos 490 

were taken from a previous psychological study (Gross & Levenson, 1995), which validated the 491 

clips’ consistent ability to elicit certain emotional responses that tie to the Ekman emotions (Happy, 492 

Sad, Anger, etc.).  The same video clips were obtained in digital format and cut to length using the 493 

FRAPS software (version 3.5, http://www.fraps.com/), for the same five affective expressions as in 494 

Experiments #1a and #1b.  The clips used were generally a couple minutes long, from the following 495 

(see Table 1 in [Gross & Levenson, 1995] for specific scenes/times): When Harry Met Sally 496 

(Happy), Bambi (sad), The Shining (Fear), Sea of Love (Surprise), and Cry Freedom (Anger).  The 497 

http://www.fraps.com/
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robot face was set to automatically trigger the facial expression (“react”) to match the elicited 498 

emotion of each video, at an appropriate time-point (as judged by the researchers) in the latter half 499 

of each video.  Subjects were then asked to identify the expression of the robot between videos, as 500 

well as rate the strength of expression (see below).  Aside from the inclusion of the video-watching, 501 

this experiment was identical to Experiments #1a and #1b in terms of protocol.  As noted in Section 502 

2.1, this experiment included two groups: Westerners and native East Asians living in the U.S. 503 

(n=30, 15 per group).  Results were compared with non-context-exposed Western/Asian subjects 504 

from previous experiments (Western: n=30, Asian: n=15), with the experimental protocol being 505 

exactly the same except for the addition of context stimuli (i.e. the movie clips) during the 506 

interaction (Bennett & Šabanović, 2014; Bennett et al., 2014). 507 

In terms of the experimental setup, the robot was placed so as to create a triadic interaction 508 

between robot, computer screen, and human subject (i.e. roughly a triangular type arrangement).  509 

Every subject was explicitly instructed prior to the experiment that the robot would “watch the 510 

video with them, and react to the video at some point, and that they should mark down the robot’s 511 

reaction.”  A written briefing script was used by investigators to facilitate consistency. 512 

 513 

3.3.2 Experiment 2 – Analysis 514 

For Experiment #2, we used the same ANOVA approach as in Experiment #1b (Section 515 

3.2.2).  This included a two-way, fixed-effects, between-subjects ANOVA to evaluate differences 516 

between the two cultural groups used (Westerners and East Asians living in the U.S.) and the two 517 

context exposure conditions (context-exposed vs. non-context-exposed).  Post-hoc Bonferroni t-518 

tests were used to determine the source of any differences. 519 

  520 

3.3.3 Experiment 2 - Results 521 

The main results for Experiment #2 are shown in Table 7.  The results show a significant 522 

increase in facial expression identification when context is supplied.  This was primarily due to 523 

Fear identification, which increased from 43.3% to 100% in Westerners and from 0% to 80% in 524 

East Asians, as most of the other expressions were already in the 90-100% accuracy range without 525 

context.  Of note, there was also a notable drop in identification of Happy in East Asians, which we 526 

discuss below.  The results from Table 7 are summarized in Table 8. 527 

 528 

 529 
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Table 7: Experiment 2 – Main Results 530 

    Western East Asian 

  Expression 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Main 

Accuracy 

Other 

Accuracy 

Strength 

Rating 

Non-Context 

Happy 96.7% 96.7% 7.31 100.0% 100.0% 5.86 

Sad 100.0% 100.0% 8.30 86.7% 100.0% 7.67 

Anger 86.7% 93.3% 7.25 100.0% 100.0% 6.47 

Fear 43.3% 63.3% 6.25 0.0% 6.7% N/A 

Surprise 96.7% 100.0% 7.96 93.3% 93.3% 5.93 

Context 

Happy 93.3% 93.3% 5.53 60.0% 80.0% 5.67 

Sad 100.0% 100.0% 8.67 100.0% 100.0% 8.07 

Anger 93.3% 100.0% 7.50 93.3% 93.3% 7.50 

Fear 100.0% 100.0% 6.47 80.0% 100.0% 6.79 

Surprise 80.0% 100.0% 8.18 80.0% 100.0% 6.71 

 531 

Table 8: Experiment 2 – Summary 532 

    Western East Asian   

        Average 

Non-Context 
Main Accuracy 84.0% (14.2) 74.7% (9.2) 80.9% 

Strength 7.65 (1.36) 6.72 (1.36) 7.19 

Context 
Main Accuracy 92.0% (12.6) 82.7% (16.6) 87.3% 

Strength 7.32 (1.54) 7.25 (1.27) 7.28 

 533 

Mean values are provided for each cultural group/condition, with standard deviations in parentheses. 534 

 535 

These patterns were investigated for statistical significance via a two-way ANOVA (see 536 

Section 2.4).  The results are shown in Table 9.  Significant effects on accuracy were found for 537 

both culture (F(1,71)=8.02, p=.006) and context (F(1,71)=5.89, p=.018).  The interaction effect 538 

was not significant.  There were no significant effects on strength ratings.   In other words, both 539 

context and culture significantly affected facial expression perception, but context effects of similar 540 

size were present regardless of cultural background.  541 

 542 

 543 

 544 

 545 

 546 
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Table 9: Experiment 2 – ANOVA 547 

  Main Accuracy Strength Rating 

  F Sign. F Sign. 

Culture 8.02 0.006* 3.75 0.057 

Context 5.89 0.018* 0.55 0.463 

Culture * Context 0.00 1.000 3.05 0.085 

 548 

F-values attaining statistical significance (p < 0.05) are starred with an asterisk. 549 

 550 

There were some differences across cultures, notably in the identification of Happy.  Many 551 

of the East Asians identified the expression as Disgust, despite the fact that the robot expression 552 

was unchanged from previous experiments.  We attribute this to the context stimuli used for that 553 

emotion (the fake orgasm scene from the film When Harry Met Sally), which created some 554 

discomfort and/or embarrassment in several of the East Asian participants (a few of them reported 555 

this, unsolicited, to the researcher).  We also qualitatively evaluated the patterns of emotions 556 

identified as “other expression” on the FEI (Question #3, see Section 2.3) for the Westerners, 557 

which asked what if any other emotions and expression might represent beyond the primary one 558 

(data not shown for brevity).  Of note, there were much higher rates of responses of Disgust for the 559 

Anger expression (80% vs. 50%, context vs. non-context) as well as higher rates of Fear for the 560 

Surprise expression (80% vs. 30%).  Taken into account with the effects of context on Fear 561 

identification, these results are interesting, seeing as the robotic facial expressions themselves did 562 

not change at all. 563 

One issue here is that many of the emotional facial expressions were already at or near 564 

100% accuracy without context.  However, a companion study to this (Bennett et al., 2014) looked 565 

at both congruent vs. incongruent context, and showed significant differences across all emotions, 566 

except (curiously) surprise.  When provided incongruent context, subjects had a higher mis-567 

recognition rate for all emotional facial expressions, revealing differences across most of them.  In 568 

short, the results from Experiment #2 presented here have been partially replicated, providing 569 

further evidence for the conclusions here.    570 

 571 

4. Discussion 572 

4.1 General Discussion 573 

We conducted experiments on the effects of both culture and context on perceptions of 574 

robotic facial expressions during human-robot interaction.  The first set of experiments looked at 575 
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the effects of culture and hypothesized culturally-variant expressions, while a second looked at the 576 

interaction of culture and context.  The results are summarized below (main findings underlined). 577 

Previous research on cultural differences in facial expressions has suggested that East 578 

Asians focus on the eyes more when viewing facial expressions in others, largely based on the 579 

“Emoticon hypothesis” and evidence from visual fixation experiments (Yuki et al., 2007; Jack et 580 

al., 2009; Koda et al., 2010; Jack et al., 2012).  However, more recent research has disputed this 581 

evidence (see Introduction) (Arizpe et al., 2012; Blais et al., 2012; Peterson & Eckstein, 2012).  582 

Here we investigated this hypothesis using robotic facial expressions.  Our findings indicate that 583 

the issue is more complicated than those previous hypotheses might suggest.  In the first 584 

experiment (#1a), we found that, except for Fear, Westerners (living in the US) and Japanese 585 

(living in Japan) were not significantly different when facial expressions were made normally (i.e. 586 

all facial features utilized).  A second experiment (#1b) studied two hypothesized culturally-variant 587 

facial expressions using only mouth movement (Western) and only eye/brow movement (East 588 

Asian).  We found that even though Westerners were relatively better at discerning facial 589 

expressions from mouth movement alone, Japanese were just as poor at identifying facial 590 

expressions from eye/brow movement alone, with East Asians living in the US falling somewhere 591 

in between.   592 

These findings suggest that even if East Asians (such as Japanese) are looking at the eyes 593 

more when viewing other faces, it may be for reasons other than judging affect (as recently argued 594 

[Arizpe et al., 2012; Blais et al., 2012; Peterson & Eckstein, 2012], see Section 1.2).  The results 595 

could also suggest that East Asians utilize more holistic facial feature information to judge affect in 596 

other faces.  This conforms to existing research suggesting that East Asians have a more holistic 597 

cognitive style that encourages extracting meaning from relationships of multiple relevant points of 598 

attention, rather than from individual components of a scene (e.g. Nisbett et al., 2001).  As for Fear, 599 

clearly current robotic facial expressions based on Ekman’s FACS system appear to be ineffective 600 

for East Asians.  However, we note that, even among Westerners, identification rates for Fear only 601 

average 34% across a range of humanoid robotic faces (see Section 3.1).  Furthermore, Fear has 602 

been previously shown to elicit lower levels of rater agreement among research participants 603 

viewing human facial expressions, across multiple cultural groups (Biehl et al., 1997).  Why this is 604 

the case remains uncertain.  It is one of the most complex expressions to produce in terms of the 605 

number and control of muscles used.  Its infrequency of use in daily life might also be a factor in 606 

the difficulty people have in identifying it. 607 
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The differences between Japanese and other subjects in terms of their ratings of the 608 

strength of the emotions portrayed by MiRAE can be compared to previously documented 609 

evaluations of human emotions, in which Japanese participants rated expressions as having a lower 610 

intensity than Americans (Biehl et al., 1997, pp.17). These differences in intensity might be related 611 

to the learned nature of display and decoding rules for emotional expression and to different 612 

socially normative acceptability of different expressions and levels of intensity of emotional 613 

expression in different cultures (e.g. Matsumoto, 1992). This would follow findings from previous 614 

work on identification of human emotions (e.g. Friesen, 1973), in which Japanese subjects masked 615 

negative emotions with smiles. This idea merits further study in human-robot and human-computer 616 

interaction. 617 

As for context effects (Experiment #2), both context and culture significantly affected 618 

facial expression perception, but context effects of similar size were present regardless of cultural 619 

background.  In other words, context improved recognition accuracy across cultures, and to 620 

practically the same degree. In particular, Fear – a notoriously difficult emotion to convey via 621 

robotic facial expressions – increased to nearly 100% with added context, regardless of cultural 622 

background of the subjects. These findings concur with previously reported context effects in both 623 

humans/avatars (Righart & de Gelder, 2008; Barrett et al., 2011; Lee et al. 2012) as well as robots 624 

(Zhang & Sharkey, 2011).  We were also able to replicate these effects in a companion study in 625 

which we looked at the effects of both incongruent and congruent context on people’s perceptions 626 

of a robots affective facial expressions which showed significant differences across all emotions, 627 

except for surprise (Bennett et al., 2014).  628 

These findings are potentially useful for constructing robotic faces that may interact via 629 

facial expressions with different cultures, as well as for designing interactive robots or avatars that 630 

utilize facial expression identification across different cultures. 631 

 632 

4.2 Implications 633 

The results of these studies presented here have a number of potentially intriguing 634 

implications.  The context effects seen in Experiment #2 seem to suggest that human subjects may 635 

be projecting their own internal emotions onto the facial expressions of others, including robots.  636 

Given that the context videos have been previously shown to reliably elicit certain emotions in 637 

human subjects, and the fact that the robotic facial expression stimuli were exactly the same across 638 

conditions, we arrive at such an interpretation.  This concurs with other recent research findings 639 
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into the role of emotion formation and cognition in human-human interaction, which may be 640 

informative for human-robot interaction.  641 

There is evidence that such projection may in fact be a key part of such affective 642 

communication between humans.  Lindquist and Gendron (2013) have proposed a “Construction 643 

hypothesis” of emotion, which is essentially a dynamical systems view of emotion perception, 644 

where language, emotion labels, and/or other context may ground our perceptions of both emotion 645 

and facial expressions.  As they noted, “this leaves open the possibility, as the data reviewed here 646 

suggest, that emotions seen on other people’s face are constructed in the mind of the perceiver” 647 

(pp.70).  Barrett et al. (2011) make a similar dynamical systems argument for the effects of context 648 

(including language).  They also point out that context – from a human cognition standpoint – 649 

really relates to the way the brain makes predictions using visual (or other sensory) data.  Recent 650 

studies provide further evidence for this explanation.  Righart and de Gelder (2008) found context 651 

biases the pattern of error responses in facial expression identification of human faces.  This is 652 

similar to our finding for “other expression” attribution patterns in Experiment #2 (see Section 653 

3.3.3).  Elsewhere, Lee et al. (2012) found evidence of inter-individual differences modulating the 654 

effects of context on facial expression identification. 655 

More broadly, this relates to scholarship on the cultural aspects of social cognition and 656 

technology (e.g. Hall, 1977; Shore, 1996; Nisbett, 2001, 2003), which suggests that culturally 657 

appropriate social cues, including modes of communication, temporal interaction patterns, and 658 

expectations regarding affective display, are foundational to human sociality and that a breach of 659 

cultural norms can provide a significant barrier to successful interaction. The results here support 660 

this perspective. In previous work, Šabanović (2010, 2014) showed that various cultural models of 661 

affect, social cognition, and interaction with technology are embodied in social robot design in both 662 

explicit and implicit ways.  Such culturally-situated design choices, however, generally reproduce 663 

stereotypical notions of cultural difference rather than developing technologies that can fit 664 

empirically based constructions of the cultural dynamics of social interaction. A more reflexive 665 

understanding of culture’s role in social interaction suggests a dynamic model, in which cultural 666 

models are not simply copied, but are “repeatedly assembled”: core cultural models dynamically 667 

change as they are adapted to fit contemporary circumstances (Caporael, 1997). In the development 668 

of affectively-expressive interactive technologies, this viewpoint supports the adoption of a 669 

dynamic and relational model of affect construction, which would address the situated nature of 670 

cultural expression within social interaction. 671 
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Such a dynamical systems view of emotion and affective interaction also feeds into 672 

concepts about embodied cognition and the development of robotic (and/or other artificially 673 

intelligent) interactive systems.  If, as Barsalou et al. and others have suggested, higher cognition is 674 

primarily intended for the mediation of perception and action via dynamic mechanisms, then 675 

emotions are biasing factors that prime our anticipatory response systems for subsequent events 676 

(Barsalou et al., 2006; Beer, 2000).  Indeed, affective communication, including facial expressions, 677 

could even be seen as a kind of context itself in that view.  In a counter-intuitive sense, they are 678 

context created by social interaction for the explicit purpose of facilitating further social 679 

interaction.  For instance, if the goal is to communicate information about food or dangers in the 680 

environment, then affective communication can provide enabling context that simplifies the need 681 

for interpretation and understanding of future sensory signals (including social ones) in terms of 682 

behavior/action-selection (Barsalou et al., 2006).  This is an equivalent argument to Clark (2013) 683 

that we utilize social cues to “load the dice” in terms of minimizing costly prediction errors and 684 

facilitating our own cognition (see Section 3.2 therein).  Or, in other words, self-structuring of 685 

sensory information into a rolling “cognitive niche” (Sterelny, 2007; Clark 2013).   From another 686 

angle, this can be seen as a social-interaction-based form of cognitive scaffolding, in the vein of 687 

Gibson and visual scaffolding (Gibson, 1979).  This also concurs with other recent suggestions of 688 

social cognition as an emergent phenomenon from social interaction itself (De Jaegher et al., 2010; 689 

Froese & Ziemke, 2009; Froese & Di Paolo, 2010; McGann et al. 2013).  The socio-cultural and 690 

cognitive science literature both point in the same direction – that affective interaction is not 691 

necessarily about communicating some “information” about the current state of the world, but 692 

rather about biasing what we expect to experience next, both internally and externally. 693 

Such evidence holds intriguing possibilities for robotics.  If emotions perceived in others 694 

are indeed an internal construct in the mind of the perceiver based on a number of dynamic 695 

perceptual and cognitive processes, then the question exists of how we might take advantage of 696 

those processes to facilitate human-robot interaction.  Facial expressions, or other direct forms of 697 

communication, may only be one piece of the puzzle.  The results here suggest that, if we can 698 

induce appropriate context effects, it may be possible to create culture-neutral models of robots and 699 

affective interaction.  Inducement of such context effects, for instance, could stem from creation of 700 

environmental conditions that correspond with certain attractor basins in human cognition.  701 

Individual-specific models could potentially be learned via machine learning methods, allowing the 702 

robot to adapt to individual people.  Such an approach may be an alternative and/or potentially 703 
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more effective path than direct affect communication (e.g. trying to make culturally-specific 704 

expressions or cues for every single cultural group).  This is a similar concept as approaches being 705 

explored for dynamic/adaptive production of synthetic emotions in robots and intelligent agents, 706 

although from the polar opposite direction (Picard, 1997; Canamero, 2005; Asada et al. 2009; 707 

Bosse et al. 2010). 708 

 709 

4.3 Limitations 710 

There are some limitations to this study.  For example, there are confounding factors we 711 

cannot rule out cross-culturally, including the effects of language.  Different emotion-label words 712 

may have different cultural connotations (a.k.a. linguistic relativity), which can affect response 713 

answers (Perlovsky, 2009; Ruttkay 2009; Davies et al. 1998).  Such linguistic relativity might also 714 

tie into the aforementioned view of emotions and facial expressions from a dynamical systems and 715 

embodied cognition perspective.   Additionally, there are issues with the forced-choice response 716 

design – although given how common that methodology is in this area (Nelson & Russell, 2013; 717 

Barrett et al., 2011; Fugate, 2013), it becomes difficult to directly compare results to other work if 718 

other designs are utilized.  Moreover, from a dynamical systems perspective, categorization is a 719 

fundamental aspect of higher cognition, as categories relate to attractor basins for otherwise 720 

continuous-valued perceptions.  In that sense, it is challenging to understand or study any aspect of 721 

human cognition without categorization.   722 

Caution should also be taken in generalizing the results seen here.  There may be, for 723 

instance, tasks other than affective facial interaction where these results do not apply.  Those tasks 724 

may necessitate less minimalist face/facial components for a robot, or other non-facial (i.e. bodily) 725 

cues in order to communicate information. 726 

Other limitations include the sample size – some statistical tests here, particularly several 727 

that were near the .05 threshold for significance, might attain significance if these experiments 728 

were replicated with larger sample size.  There were also some issues with the film clips used 729 

(particularly happiness, as noted in Section 3.3.3), though they were chosen because they had been 730 

previously validated to elicit certain emotional responses in a published study (Gross & Levenson, 731 

1995).  Those issues may hint at the interplay of cultural norms and context-based emotional cues.  732 

From a broader perspective, this study also leaves a number of unanswered questions that deserve 733 

further study, e.g. more deeply investigating synergistic effects between culture and context.  We 734 

discuss some of these in the next section. 735 
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 736 

4.4 Future Directions 737 

This work suggests a number of future directions for research.  For instance, the 738 

congruence between context and facial display of emotion may have a variable effect on emotion 739 

recognition cross-culturally (Boiger & Mesquita 2012).  We are currently exploring context 740 

congruence in a companion study (Bennett et al., 2014).  Temporal dynamics in social cognition 741 

and interaction may also play a role.  Modeling of those dynamics, in the spirit of Beer (1995), 742 

Auvray et al. (2009), and Ikegami & Suzuki (2008), may help elucidate fundamental building 743 

blocks of minimal cognition and social interaction.  A study along these lines is set to begin in 744 

Japan in the summer of 2014.  Moreover, exploring such interaction dynamics, both in laboratory 745 

and “robots in the wild” experiments, is warranted (Šabanović et al. 2006, MacDorman & Ishiguro 746 

2006).  We are currently studying the latter in a project that placed an interactive version of 747 

MiRAE – which could respond to the presence of people in its vicinity – into a month-long public 748 

art display to explore more naturalistic, free-form social interaction.  Finally, design aspects that 749 

may affect the interaction and/or affective communication can be explored with 3D printing, 750 

allowing for rapid prototyping and testing of component design that vary in terms of shape, size, 751 

texture, range of motion, realism, etc.  Understanding how certain design choices affect human-752 

robot interaction is fundamental.  We are currently working on a project involving such 3D printed 753 

robotic face design.  Many other opportunities exist in this domain as well that may inform our 754 

understanding of social interaction and the artificial construction thereof. 755 

756 
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