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Abstract

The uncanny valley hypothesis suggests that rdhatslosely resemble humans elicit feelings
of eeriness. We focused on individual differeneethe uncanny valley experience, which have
been largely neglected to date. Using a mixed &ffiemdelling approach, we tested whether
individual differences in the need for structuregict uncanny valley sensitivity. Two
experimentsNs= 226 and 336) with morphed stimuli confirmed timeanny valley effect. A
moderator effect of need for structure was founBxperiment 2, which used a fine-grained
manipulation of human likeness, but not in Expentrie which used a 3-step manipulation. The
results provide tentative evidence that individweth® respond negatively to a lack of structure

show a more pronounced (“deeper”) uncanny valléscef

Keywords: uncanny valley; human-robot interactiancglroids; eeriness; need for structure
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The Topography of the Uncanny Valley and Individuas’ Need for Structure:
A Nonlinear Mixed Effects Analysis

Humanlike machines are a steady feature in workgtdn, ranging from the female
automat Olympia in Hoffman’s early ¥@entury storythe Sandmato the replicants in the
movieBlade RunnefScott, 1982) and the synthetic men and womehanl seriesHumans
(Channel 4 / AMC) oWestworld(HBO). In recent years, humanoid robots have beguesave
the fictional world and enter real life. The protian of robots is on the rise (International
Federation of Robotics, 2015) with the introductadmobots that are meant to operate in
people’s everyday surroundings, do household chasssst the elderly, or serve as a companion
(e.g., Gates, 2007; Hurst, 2014; Wingfield, 201 yecent years, roboticists have created robots
with physical attributes that resemble humans. Siclbutes are meant to facilitate the robots’
performance in human environments (e.g., Hiraipst; Haikawa, & Takenaka, 1998) and ease
humans’ interactions with the robots (e.g., MacDamn& Ishiguro, 2006). However, users’
reactions to these robots have not always beetiy@sthis new generation of robots has at
times elicited strong reactions of discomfort aeguision (“This thing is what nightmares get
nightmares from,” user comment in response to itieovof a Japanese communications android
uploaded to YouTube; cf. Mara, 2014).

Feelings of discomfort in response to humanlikeotslhave been examined within the
framework of the uncanny valley hypothesis, whiels httracted the widespread attention of
scholars as well as journalists and the generdl@(éag., Azarian, 2015; Eveleth, 2013; Jonette,
2016; Meth, 2014). The uncanny valley hypothesierfML970 / Mori, MacDorman, & Kageki,
2012) suggests that the acceptance of a robon(artdéact more generally) increases as the
extent to which it resembles a human increasesaingrtain point of human likeness is reached.

At this point, acceptance drops, and the roboersgived to be maximally eerie. With even
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greater human likeness, the eeriness is reducddharrobot is evaluated more positively. The
segment of the theoretical human likeness continwhere eeriness dominates is called the
uncanny valley. Despite the popularity of the cqtée psychology and robotics, there is still a
debate about whether this phenomenon exists goakn overview, see Wang, Lilienfeld, &
Rochat, 2015). Our research extends the currenalitre in several ways: We examined users’
eeriness responses not only as a function of roltithuli but as a function of robotic stimuli
and users’ individual differences. Theory sugg#sas individual differences in the preference
for simple cognitive structures (need for structiveuberg & Newsom, 1993) predict the shape
of the negative responses that represent the upeatiey. Our analyses were based aniged
effects approacfudd, Westfall, & Kenny, 2012), which enabledhos only to add information
about more or less susceptible individuals but tdsacrease the precision with which the
effects of the experimental treatment could bevesteed (Judd et al., 2012). As the uncanny
valley hypothesis suggests a nonlinear relationsatpreen human likeness and eeriness, linear
as well as nonlinear relationships were examined.
1.1 Humanoid Robots and the Uncanny Valley

The uncanny valley hypothesis was first introduicean exclusively theoretical essay by
the Japanese robot scientist Masahiro Mori in 1(®¥@xi, 1970 / Mori et al., 2012). Mori
postulated a nonlinear relationship between thedmulikeness of an artificial entity (e.g., robots,
prosthetic hands, puppets, zombies) and emotieaations to this object. Mori suggested that as
the human likeness of an object increases, userséptions of the robot become more positive.
At a point of high—but not perfect—human likengssople’s affinity for the entity will drop
and give way to an uncanny, eerie feeling. Wherhtiraan likeness of this robot increases to a
point where the robot is indistinguishable fromuantan being, the eeriness will disappear and

positive emotions will dominate again (see FigureThe steep dip into eeriness is known as the
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“uncanny valley” (Mori also hypothesized that th@ge of the graph changes, and the extrema
are amplified when the object is moving, e.g., wahgnosthetic hand starts moving, but see
Piwek, McKay, & Pollick, 2014, who found no suppfot this prediction).

In the last decade in which the development of moithrobots has gained momentum,
researchers’ interest in the uncanny valley hymishieas increased remarkably (cf. Katsyri,
Forger, Makarainen, & Takala, 2015; Wang et al1,5)0In one of the now classic early studies
on the uncanny valley, MacDorman and Ishiguru (2@désented images of a mechanical
looking humanoid, a human, and a series of morgheades that blended the robot and the
human to varying degrees. They observed an inciaasriness for the morphed images, which
appeared to be consistent with the uncanny valppthesis (no statistical test for linear or
curvilinear relationships was conducted). Howeirethe years that followed, several studies
failed to detect a relationship that resembleduth@anny valley (Bartneck, Kanda, Ishiguro, &
Hagita, 2007; Hanson, 2005; MacDorman, 2006; PoffaBeach, Best, Howard, & Gowen,
2013; Seyama & Nagayama, 2007, cf. Katsyri el8ll5; Wang et al., 2015).

Some of these rather inconclusive results may leet@disagreements about how to
operationalize the uncanny valley hypothesis. Mstnglies followed a morphing paradigm, but
the stimuli used in the morphing process variedpising robots, androids (i.e., robots that are
intended to mimic human beings as realisticallp@ssible), and real humans (MacDorman &
Ishiguro, 2006), dolls and real humans (Seyama &ayama, 2007), computer-generated avatars
and real humans (Cheetham, Suter, & Jancke, 264 d)ly computer-generated faces (Burleigh,
Schoenherr, & Lacroix, 2013.). Often the main dejeen variable directly addressed feelings of
eeriness (e.g., Burleigh et al., 2013; MacDormaee@, Ho, & Koch, 2009; Wang, 2014), but
other research focused on familiarity (Hanson, 2@096; Tinwell, Grimshaw, & Williams,

2010), likeability (Bartneck et al., 2007; Yama#lawabe, & lhaya, 2013), or pleasantness
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(Seyama & Nagayama, 2007). The analyses typicatligdd inferential statistics, and more
specifically, (multilevel) polynomial regressiorcteiques were rarely applied to test the
nonlinearity assumption. It is important to notattiiariations between participants had rarely
been taken into account. Individual differencesrareonly a theoretically and practically
important source of variance (e.g., the questiontath users are particularly sensitive to the
uncanny valley phenomenon), but ignoring variationgarticipants’ responses for a given
stimulus can lead to biased estimates of the stisneffects (Judd et al., 2012, see more below).

In one of the few studies that discussed individlili&rences, Moore (2012) proposed a
specific weighting factor that reflected the sausit of an observer to any perceived perceptual
conflict in his Bayesian model. However, he did spécify what this weighting factor could be.
MacDorman and Entezari (2015) connected severailpesconstructs (perfectionism,
neuroticism, anxiety, personal distress, animalimeer sensitivity, human-robot uniqueness,
android-robot uniqueness, negative attitudes tosveydots, and religious fundamentalism) to
eeriness and warmth ratings in response to hunsarditots (androids with nonhuman features).
They found positive relationships between all & ithdividual difference variables and eeriness
(except for android-robot uniqueness), but it rerediunclear how specific these relationships
were to the stimuli that were reported on—thawisether a human, a less humanlike robot, or
both would yield similar relationships.
1.2 Explaining the Uncanny Valley Experience

Theoretical accounts backing the uncanny valleythgsis date back to German
psychologist Ernst Jentsch (1906/1997) who disclgseanny sensations in response to
humanlike (pseudo-) automata (e.g., the originathmaical Turk and examples from fiction).
Jentsch suggested that the uncamag (Unheimlichemight be caused by uncertainty about

which category the entity belongs to, and that suatertainty in turn might elicit a lack of
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orientation and a feeling of estrangement (Jents@®6/1997, p. 217). Some empirical evidence
has indicated that category uncertainty might iddee a plausible mechanism for the uncanny
valley hypothesis. Researchers identified a negatrrelation between reaction times in a
categorization task and the likeability ratingsadificial agents (Yamada et al., 2013). This
relationship was found for both the avatar-to-humamtinuum and the avatar-to-dog continuum,
but no such effect was found for mergers within“tiheman” category (i.e., stepwise visual
transitions from one person’s photo portrayal emother person’s portrayal). As part of a recent
series of studies, individuals were asked to taemiechanical or human resemblance of a face
(Mathur & Reichling, 2016). The time taken to makes judgment was greatest for faces that
exhibited low likeability (but rating time did neerve as a statistical mediator).

A second theoretical account focusesegpectancy violatioand humarprediction
errors. Several scholars have suggested that when ahaba very humanlike appearance, it
will activate a human schema. Due to its imperéewdj however, the robot will eventually fail to
measure up to these expectations. When the prasctihat come along with the activation of the
human model are violated, the artificial agenhentregarded as uncanny (MacDorman, 2006;
Matsui, Minato, MacDorman, & Ishiguro, 2005; Mitdth&zerszen, Lu, Schermerhorn, Scheutz,
& MacDorman, 2011; Saygin, Chaminade, Ishiguroy®nj & Frith, 2012; Steckenfinger &
Ghazanfar, 2009). MacDorman and Chattopadhyay (2€i@&ved morphs between
photographed faces and computer-generated facesamd support for the role of realism
inconsistency which is assumed to evoke prediatioors, which in turn lead to aversive
responses (however, they found no evidence fogoagauncertainty).

Gray and Wegner (2012) specified the incompatibihit leads to eerie feelings. On the
basis of a general theory of mind perception (G&my, & Wegner, 2007), they found that

robots that are associated with experience (he.cépacity to feel and to sense) elicit uncanny
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feelings. Agency (i.e., the capacity to engagel@miped action and to exert self-control) was
unrelated to feelings of eeriness, because unkgergence, agency fits the established mental
model of robots.
1.3 Individual Differences in the Need for Structue and the Uncanny Valley

The approaches outlined above rest on the assumtptd individuals are inclined to use
simplified generalizations of previous experien@eg., schemata, prototypes, scripts) to process
incoming information. The creation and use of th&tsectures enables humans to interpret the
world on the basis of limited cognitive resourcghough all healthy humans rely on these
structures, there are meaningful differences iretttent to which individuals “are dispositionally
motivated to cognitively structure their worldssimple, unambiguous ways” (Neuberg &
Newsom, 1993, p.114). Neuberg and Newsqgmeisonal need for structul®NS) is closely
related to constructs suchiaslerance of ambiguityFrenkel-Brunswik, 1949) or theeed for
closure(Kruglanski, Webster, & Klem, 1993). People withigh need for structure are supposed
to create relatively homogeneous, well-bounded,dstihct cognitive structures, they perceive
ambiguity and grey areas to be problematic and yingpand they are expected to experience
discomfort when structure and clarity appear tongsing (Thompson, Naccarato, Parker, &
Moskowitz, 2001). A self-report scale is availatdeassess individual differences in PNS
(Newson & Neuberg, 1993), which consists of twodm@nsions, representing the desire to live
a well-structured life (desire for structure; D@ the negative response to unstructured,
unpredictable stimuli and situations (responsad bf structure; RLS).

People with higher levels of PNS were found to lmeeikely to use less complex
representations in their trait-based representaidnhe elderly, to apply previously acquired
social categories to new situations, and to uselsimvays of organizing social and nonsocial

information (Neuberg & Newsom, 1993). Moreover, plechigh on PNS were more likely to
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form spontaneous trait inferences—one way to imgtgeture in social actions (Moskowitz,
1993). Furthermore, studies have shown that high PNividuals have a greater tendency to
develop and rely on stereotypes (as another forsmgble cognitive structure) in ambiguous
situations (Bar-Tal & Guinote, 2002; Clow & Ess2805; Neuberg & Newsom, 1993).
Individuals high on PNS were found to be more ctigglly rigid (less creative) when confronted
with schema-inconsistent stimuli (Goc owska, B&&assp, & De Dreu, 2014), and they showed
intense negative responses to meaning threats éuagtdal., 2004; McGregor, Haji, & Kang,
2008; cf. Heine, Proulx, & Vohs, 2006).

The available research on the two subdimensionsinggested qualitative differences.
The RLS factor was associated with both trait aowad anxiety (whereas the DFS factor was
not; Neuberg & Newsom, 1993) and DFS, but not RL&s related to conscientiousness. More
recent research has suggested that DFS is assbaidtesensitivity to the positive emotional
qualities of stimuli, whereas RLS is associatedhsgnsitivity to the negative emotional qualities
of stimuli (Cavazos, Judice-Campbell, & Ditzfel®12). In sum, individuals high on PNS tend
to create and use simple, well-bounded, and distiognitive structures, they react particularly
aversively to a lack of structure and clarity (Thzson et al., 2001), and their responses are more
negative when they feel that structure is threaté@avazos et al., 2012), with the subdimension
RLS showing particularly strong relationships wittgative responses whenever structure is
disrupted.

We assume that encountering a humanlike robot itotest a situation in which expected
generalizations of previous experiences (e.g.,reeke®) do not provide sufficient orientation.
This should be particularly troubling for individeavho are dispositionally inclined to rely on
these generalizations, that is, individuals higiP& and particularly those with strong

responses to a lack of structure (RLS). Thus, weeted that the shape of the uncanny valley
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would systematically vary with individuals’ RLS, tlvia deeper valley for individuals high on
RLS and a less deep valley for individuals low dtBSR
1.4 The Uncanny Valley as a Function of Stimulus ahUser: The Mixed Effects Approach

To analyze the general phenomenon of the uncantgyythe common procedure in
previous research was to compute the mean of tbeard variables (e.g., eeriness, subjective
human likeness) for each stimulus, averaging aatgarticipants (e.g., Burleigh et.al, 2013;
MacDorman et al, 2009; MacDorman & Ishiguro, 2008)is procedure corresponds with what
Judd and colleagues (2012) cabyastimulus analysisThis procedure treats stimuli as random
but ignores random effects due to participants, Ggstematic variation between persons). As
Judd et al. (2012) demonstrated, a by-stimulusyaisawill yield positively biased significance
tests (alpha inflation) for the effect of an indegent variable if in fact participants are random
(i.e., differ systematically).

To analyze individual differences in uncanny valseysitivity, the only existing study
directly related to our research (MacDorman & Eatg2015) computed a mean on eeriness for
each participant, averaging across all stimulthenext step, eeriness was predicted by an
individual difference construct of interest (ergeuroticism). This corresponds tdaparticipant
analysis, which treats participants as randomdndries random effects due to stimuli. If
systematic variation between stimuli exists, a bBytipipant analysis will also yield biased
significance tests (Judd et al., 2012).

To avoid collapsing across either stimuli or paptanits, multilevel modelling (e.g.,
Raudenbush & Bryk, 2002; Snijders & Bosker, 201#) be applied to repeated-measures data
(i.e., judgments nested in individuals). When algtuses a small number of different (fixed)
stimuli, systematic variation between stimuli candzcounted for by including indicator

variables for the different stimuli on the judgnetevel. When a study uses a larger set of
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stimuli, and these stimuli are sampled from somgugadion of stimuli to which the researchers
would like to make inferences, participants anthsti are both random factors. If all participants
are exposed to the same set of stimuli, the twdaanfactors are fully crossed with each other.
To account for systematic variation between stinmuthese repeated-measures designs,
multilevel models with crossed random effects (dRgudenbush & Bryk, 2002; Snijders &
Bosker, 2012) can be applied to the data. Models evbssed random effects are typically called
mixed effects mode{s.g., West, Welch, & Ga ecki, 2015). In recerdrge different authors
(Baayen, Davidson, & Bates, 2008; Judd et al., p6&f2e called for an increase in the
implementation of these models in experimental sowal psychology. As Judd et al. (2012)
argued, besides providing unbiased significands,tés pronounced benefit [of using a mixed
models approach] is that one can obtain estimdt#se/arious variance components, and these
may lead in turn to new insights about factors thight be responsible for unexplained variance
in data, either associated with stimuli or par@éits” (p. 65). In our view, there are at leastehre
reasons why research on the uncanny valley phermmiarparticular might profit from applying
a mixed effects approach: First, the relationstgfwieen human likeness and eeriness can be
scrutinized without having to collapse the ratiagsoss participants, and individual differences
in uncanny valley sensitivity can be scrutinizedhout having to collapse the ratings across
stimuli. Second, mixed effects models allow resears to test for not only whether individuals
differ in the average level of eeriness that iseszigmced but also whether individuals differ in the
functional form of the relationship between humiéieriess and eeriness (e.g., in the size of the
“drop” in eeriness in the middle of the human likes continuum). Third, person-level variables
can be entered simultaneously into the modelsddigrindividual differences in the uncanny

valley experience.
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We conducted two experiments that followed the whigBects rationale. This allowed us
to examine whether the relationship between robutsian likeness and respondents’ feelings of
eeriness followed the pattern suggested by thenunycaalley hypothesis. In Experiment 1, we
analyzed eeriness for three human likeness condifimbot vs. android vs. human) using a small
set of different stimuli for each category. We agqbla fixed approach to model (potential)
systematic differences between stimulus sets inlivariate multilevel model (with judgments
on Level 1 and participants on Level 2). In Expemmn2, we used a larger number of stimuli to
represent the human likeness continuum betweensana humans, which allowed us to test for
a nonlinear relationship between human likenessandess by applying a polynomial mixed
effects model. In both experiments, our focus wasdividual differences in the uncanny valley
experience. We tested the hypothesis that indilstinaed for structure, particularly in the
response to lack of structure (RLS) subdimensiayld/moderate the relationship between
human likeness and eeriness responses. Given tsathiet not DFS, was related to extraversion
and neuroticism in previous research (Neuberg & $tem; 1993), we additionally assessed the
two personality traits in Experiment 1 to examingether the PNS subdimensions’ discriminant
validity could be confirmed. Moreover, we wanteddst whether the proposed prediction of
individual differences in the uncanny valley expade would hold when extraversion and
neuroticism (as general susceptibility to posiawvel negative affectivity) are controlled for (cf.
Cavazos et al., 2012).

2. Experiment 1
2.1 Method
2.1.1 Participants.
A total of 331 participants were recruited via sbenedia networks and several university

mailing lists in Germany to participate in an oelisurvey on the evaluation of robots. Fifty-
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seven participants terminated their participatiarirdy the task. To identify careless responding
(Meade & Craig, 2012), we analyzed completion tand answers to an instructed-response item
(“Please respond with totally disagree for thisite The average completion time was 12.74
min, and 95% of persons spent less than 24.32 mthesurvey. The data of 14 participants
who took longer than this threshold were excludedhfthe analyses. At the lower end of the
completion time distribution, we excluded the daitthe 2.5% fastest participants who
completed the survey in less than 4.72 mir (7). The data of 22 participants who had not
answered the instructed-response item correctlg wecluded from the analyses. In addition, we
excluded a participant’s data if the participarmt kot rate the three stimuli on at least two (dut o
three) eeriness itemn € 4) or if the participant did not complete theFNxtraversion, and
neuroticism itemsn(= 1). Therefore, the final sample consisted of g2Gicipants (117 students;
156 women; age range = 15 781 = 32.00,SD = 13.95).

2.1.2 Stimuli.

Our stimulus pool consisted of three images of tehihree images of humans, and three
morphed images (see Figure 2). The depicted rabets selected by their humanoid appearance
to make the morphing process easier and to prewerghing artifacts (i.e., irregularities in the
images from the morphing process). Only the faéélseorobots and the humans (i.e., not their
bodies) were used in the morphing process to nfakerage composition between human and
robot images as similar as possible. The robot @satpowed the robots called Aila (DFKI
Robotics Innovation Center), Bandit (USC Interacti@b and BlueSky Robotics), or Roboy (Al
Lab, University of Zurich), taken from the IEEE ailrollection (Institute of Electrical and
Electronic Engineers, 2012). Two images of humaeevgelected from the Karolinska Directed
Emotional Faces database (Lundqvist, Flykt, & Ohm&98; image IDs AM10NES,

BMOI9NES), and a third image was retrieved via a@g®tmage search. The images showed the
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front view of a human face with a direct gaze ameatral expression. Human and robot images
were paired according to facial and feature sintié (e.qg., hair, head form, and gender) to
simplify the morphing process. After the morphirmgqess, the images were changed to black-
and-white, and the contrast was reduced to minittieanorphing artifacts. The image pairs
were used as parent faces (i.e., continua endpamtise morphing process to produce three
stimulus sets. The morphed image we chose fortdmal category was the image that

represented an appearance that was approximat&#h&than and 50% robot.

2.1.3 Procedure.

Our experiment was conducted online. First, pgréicts completed the personality
measures. Next, we presented the experimentallsafong with the eeriness and human
likeness items (see 2.1.4). Each participant réitexe out of the nine images. In
counterbalancing the human likeness condition (r,adoedroid, human) and stimulus set, we
made sure that each participant rated exactly olbetyone android, and one human and that
each image was taken from a different stimulus\&h this procedure, we aimed to reduce
potential carry-over effects that occur when indials rate several images of the same stimulus
set. All potential combinations were representesixrdifferent stimulus series, apdrticipants
were randomly assigned to one of the series. Téseptation order of the three stimuli was
determined randomly for each participant. A tofab 08 (226 participants x 3 stimuli) eeriness
judgments were included in the present analysiterAhe stimuli and dependent measures were
administered, questions about demographics andanusei (unrelated to the current research)

followed. Participants were subsequently thanketicebriefed.
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2.1.4 Measures.

Eeriness Eeriness was measured with three items on ant-pemantic differential scale.
The items and format were adapted from Ho and Mati2an’s (2010) eeriness-eerie index (1 =
beruhigendreassuring to 7 =furchterregendeerid; 1 = behaglich[bland to 7 =unheimlich
[uncanny; 1 =gruselig[creepy to 7 =nicht gruselig[not creepYy[recoded]). The three items
were averaged to form an indicator of eerinessStonate the reliability of the three-item
eeriness measure, we calculated alpha at the wotrisons level (level of judgments) and at the
between-persons level. We calculated a within-perdevel alpha in Mplus (Muthén & Muthén,
2012) with the method presented by Geldhof, Praacimel Zyphur (2014); it was .92. On the
between-persons level, we calculated Cronbachtsaadgparately for each of the nine stirhuli
which ranged from .70 to .88/0n = .84). To make the meaning of the eeriness inalica
compatible with the y-axis representing “comfort’Nori’s (1970) conceptualization of the
uncanny valley (where low values indicated a negatsponse and high values indicated a
positive response to the stimulus), we reverse@dnmess indicator by multiplying its values by
1. Thus, the transformed eeriness indicator hgmbssible range from 7 wery eerieto 1 =
not at all eerie The negative value range offered the advantaajddiger absolute scores
represented more eeriness (which is intuitively mragful), but at the same time, a graphical
depiction of eeriness on the y-axis was in linéhlite conceptualization of an uncanny valley
(and not an “uncanny mountain”).

Subjective human likened2articipants rated the human likeness of eaatuiis with
four items on a 7-point semantic differential scdlee items and format were adapted from Ho
and MacDorman’s (2010) human likeness scale Klirstlich[artificial] to 7 =natlrlich
[natural]; 1 = synthetisclisyntheti¢ to 7/echt[real]; 1 = unbelebfinanimatég to 7 =lebendig

[living]; 1 =unmenschlictinon-humanlikgto 7 =menschlicifhumanlikg). The four items were
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averaged to form an indicator of subjective hunileenkess. The within-persons-level alpha
(Geldhof et al., 2014) was .94. On the betweenguertevel, we calculated Cronbach’s alpha
separately for each of the nine stimulihich ranged from .56 to .8¥¢in = .84).

Personal need for structure (PN®articipants completed the 11-item Personal Need
Structure scale (Neuberg & Newsom, 1993; Germasiameiby Machunsky & Meiser, 2006).
The subscale Desire for Structure (DFS) consistédun items (e.g., “I enjoy having a clear and
structured way of life”), and the subscale Respaadeck of Structure (RLS) consisted of seven
items (e.g., “l don't like situations that are urta&”). The response format was a 6-point Likert
scale (1 =strongly disagred¢o 6 =strongly agreg Cronbach’s alpha was .73 for DFS and .74 for
RLS. For the PNS total scale, Cronbach’s alpha.@@s

Extraversion and NeuroticisnExtraversion and Neuroticism were assessed dsoton
variables with the Big Five Inventory (John & Sistava, 1999; German version by Lang,
Ladtke, & Asendorpf, 2001). The scales consistedigit (Extraversion) and seven
(Neuroticism) items and were rated on a 6-poinetilscale (1 strongly disagre¢o 6 =
strongly agreg Cronbach’s alpha was .85 for Extraversion aidfor Neuroticism.

2.1.5 Methods of data analysis.

Our data set included a small number of judgmehte€ eeriness ratings) per
participant—one rating for each of the three huilil@ness conditions (robot, android, human).
We applied a multivariate multilevel modelling apach with judgments on Level 1 and
participants on Level 2. A “standard” multivariateiltiievel model for a small number of
multiple measures (e.g., Snijders & Bosker, 20I2)tains as many indicator variables as there
are repeated measures. We used this “standardivandte model with three dummy variables

(one for each judgment) as a baseline model:
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Model O:

Level 1 (judgments):

Eerie, = 6, Dummy Robpt 6,° Dummy Andrptd b, Dummy Hun (0.1)
Level 2 (participants): b, =g +u, (0.2)
b =g +u, (0.3)
b =g +u, (0.4)

On Level 1, there is no intercept term so thatvidnging regression coefficients for the dummy
variables fi;, b, andbs) represent participants’ ratings of the three glinlNote that the Level-

1 equation does not contain a residual term. Tagam for this is that participants gave only one
rating per type of stimulus. That is, this leveives only as a tool for representing three measures
per participant—the dummy variables indicate whethe data line refers to the rating of the
android, the robot, or the human stimulus. On L&y¢he fixed effectgio, go, andgyo (eeriness
means across participants) are estimated. Theneaseof the residualsif, Uy, andus) represent
individual differences in eeriness ratings of tbbat, android, and human stimulus, respectively.
To test whether an uncanny valley effect emerdegiiriodel can be slightly changed to include
an intercept term and two dummy variables whichtresh the eeriness mean for the android
stimuli with the eeriness means for the robot amahdn stimuli, respectively:

Model 1:

Level 1 (judgments):  Eerig = b, +b, " Dummy Robpt £, Dummy Humpi: (1.1)

Level 2 (participants): b,=g +u, (1.2)
b =g +u, (1.3)
b, =g +u, (1.4)

In this model, the varying intercept teii represents participaiis eeriness rating of the
android stimulus (reference category), the vargioge termby; represents the difference
between participarits eeriness rating of the robot stimulus and pgaicti’s eeriness rating of

the android stimulus, and the varying slope tégmepresents the difference between participant
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I's eeriness rating of the human stimulus and pp#iti’s eeriness rating of the android
stimulus. On Level 2, the fixed effe@s (mean eeriness rating of an android stimulus acros
participants) gio (mean difference in eeriness ratings of a roboamsandroid stimulus across
participants), andyo (mean difference in eeriness ratings of a humaarvsndroid stimulus
across participants) are estimated. If we substitug Level-2 equations into the Level-1
equation, we obtain the following mixed model egprat

Eerie =g +u, +(g +4y)  DummyRohot (g + ° Dummy Hum (2)

Due to the small number of selected stimulus setsis study (three, see Figure 2), we used a
fixed effects approach (instead of a random effaptgoach) to account for possible systematic
differences between stimulus sets. To leave thexmgaf the intercept, robot slope, and human
slope coefficients unchanged (i.e., as describegegbwe added unweighted effect-coded
indicator variables for the stimulus sets (andrtheeraction terms with the robot and human
dummy variables) as Level-1 predictors. This yidltlee following mixed model equation:
Model 2:

Eerie =g +u, +(g +u)  DummyRohot (g + .y~ Dummy Human
+g ~ Effect Se?,+ g =~ Effect Sat
+g ~ Dummy Robqt Effect S2t g~ Dummy Rg@bot  EffecgSet
+g ~ Dummy Humaji Effect S&¢+ g~ Dummy Humap' Effect St

®3)

To test whether the two PNS subscales, RLS and BB8erated the uncanny valley
experience, we included both PNS subscales (ceh&trthe grand mean) as Level-2 predictors
of the intercept term, the robot slope term, amdihman slope term. The mixed model equation

(with an abbreviation for fixed effects due to stios sets) is:
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Model 3:

Eerig =g +u; +(g +y)  DummyRohot (g + ;)" Dummy Hum
[+ fixed effects for stimulus setsly ~ RLS+ g~ DF$
+g ~ Dummy Robqgt RLE g~ Dummy Rgpot DFS
+g ~ DummyHuman RLS g~ Dummy Huma DFS

(4)

whereg: and g, represent the main effects of the PNS subscatestfie expected increase in
eeriness evoked by an android stimulus for a orietwrease in the PNS subscale, holding the
other PNS subscale constant). The fixed effggtandg; represent moderator effects of the RLS
subscale (i.e., the expected change in the eerntissence score [for the robot-android or
human-android comparison, respectively] for a oni¢dancrease in RLS, holding DFS constant).
The fixed effectgy, andg, represent the corresponding moderator effectiseoD=S subscale.

To test whether the results would hold when Extrsiea@ and Neuroticism were controlled for,
we additionally added (grand-mean centered) Extsaoe and Neuroticism to Equation 4 as
person-level predictors of the varying interceptd the varying slope coefficients.

We analyzed the data with Mplus (Version 7; MutBémuthén, 2012). Mplus allowed
us to set the Level-1 variance to zero, which eseary when specifying a multivariate
multilevel model (see e.g., Snijders & Bosker, 2012
2.2 Results

2.2.1 Manipulation check and descriptive analyses.

Descriptive statistics for the variables can bentbin Table 1. As a manipulation check,
we analyzed the differences in the subjective huhkaness ratings of the robot, android, and
human stimuli by using a multivariate multilevel deb (cf. Equation 3). That is, dummy
variables for the human likeness condition and i set were entered as predictors. The only

difference from the model described in Equationa what subjective human likeness (instead of
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eeriness) was the dependent variable. The resviésled that, as expected, the human stimuli
received the highest ratings (5.91), followed by éimdroid stimuli (2.74) and the robot stimuli
(1.73). Both the android—robot comparisarr(12.22, p < .001) and the android—human
comparisonZ = 34.82,p < .001) were significant. The mean human likemateg of the android
stimulus from Stimulus Set 3 (see Figure 2) wasdigby 0.37 points) than the human likeness
ratings of the android stimuli on average=(3.39,p < .01). None of the interactions between
human likeness condition and stimulus sets wergfgignt (all gs| < 1.86p > .06).

To provide a descriptive overview of the centraldency and the variability in eeriness
ratings, Figure 3a depicts the mean eeriness safiogss participants for the three stimulus sets,
and Figure 3b depicts boxplots for participantsiress ratings as a function of human likeness.
On a descriptive level, the android stimuli evokiael highest eeriness. As can be seen in Figure
3a, stimulus sets differed somewhat in the eerittessevoked. As can be seen in Figure 3b,
there were relatively large individual differengeseriness ratings within human likeness
conditions. Estimates of the mean eeriness raforgsach human likeness condition and for the
degree of individual differences in these ratirgs,SDs) were obtained from a baseline
multivariate multilevel model. These estimatesdgpicted in Table 2 (Model 0).

Correlations between the personality variablesbtmafound in Table 3. The PNS
subscales were highly positively correlated (48). However, only the RLS subscale, but not
the DFS subscale, was significantly related to &sdrsion and Neuroticism (inverse correlations
of moderate size). This suggests that the scakdapv/but are not redundant. This is in line with
the results of Cavazos et al. (2012), who fount@iz (but not DFS) was significantly positively

related to negative trait affectivity and signifitly negatively related to positive trait affectiui
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2.2.2 Effect of manipulated human likeness on eernass.

The results of the multivariate multilevel modedtlallowed us to test whether the mean
eeriness levels for the android versus the roliusitand the android versus the human stimuli
differed significantly are summarized in Table 2ddl 1). The eeriness evoked by an android
stimulus (5.51 Jgo]) was significantly stronger (larger negative \glthan the eeriness evoked
by a robot stimulus ( 5.51dy] + 1.51 [go] = 4.00) and the eeriness evoked by a human
stimulus (5.51 jgo] + 2.68 o] = 2.83). Model 2 additionally included effect-ded indicator
variables for the stimulus sets to test for differes between the stimulus sets: An android
stimulus from Set 2 (see Figure 2) was rated agmerie (by 0.29 pointsg]), and an android
stimulus from Set 3 (see Figure 2) was rated asdese (by 0.30 pointgy]) compared with the
grand mean of eeriness for an android stimuluseb\aer, the android—robot difference was larger
for Stimulus Sets 2 and 3 than on average (i.eSé&b 2, the android—robot difference was 1.46
[ao] + 0.53 [gs0] = 1.99; for Set 3, the android—robot differencaswt.46 ¢ho] + 0.40 [gso] =
1.86), and the android—human difference was smialie8timulus Set 3 than on average (i.e., for
Set 3, the android—human difference was 266§ [0.86 [gso] = 1.79).

2.2.3 Moderator effects of Personal Need for Struate subscales.

Table 2 (Model 3) shows the results for the mulist@ multilevel model for predicting
eeriness with the person-level PNS subscales. Ng&deales did not show main effects on the
eeriness ratings of the android stimuli (nonsigaifit g, andg,) or moderator effects
(nonsignificantg, g>, @1, andg,). When only one of the PNS subscales was addad_asel-2
predictor at a time (i.e., either RLS or DFS), tesults remained the same. That is, individual
differences in the degree to which android stiremubked greater eeriness than robot (or human)

stimuli could not be explained by individual difégrces in PNS. When we added Extraversion
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and Neuroticism as person-level predictor variabdethe model, the personality variables did
not show main or moderator effects either, and¢igeession coefficients for the PNS scales did
not change (i.e., they remained nonsignificant) ewthe PNS total scale (instead of the
subscales) was analyzed as a person-level predati@able, a similar picture emerged (there
were no main or moderator effects of the PNS tatale).
2.3 Discussion

Adopting a standard procedure in research on thanmy valley, we asked participants to
report their eeriness in response to images thad/an human likeness—that is, robots, humans,
and morphed android images. As expected, we fduetdnorphed android images elicited
greater eeriness than either robots or humans.rébidt contributes to the contested question of
whether or not the uncanny valley exists. Basedlaborate statistical analyses, our findings
(along with Mathur & Reichlich, 2016) support thecanny valley hypothesis. The effects of the
android-human comparison were larger than the esfigfithe android-robot comparison. This did
not come as a surprise given that the selectedsa@b@ady exhibited humanlike characteristics;
thus, the robot’s human likeness might have alresangassed the peak of highest affinity. We
expected that individual differences in Respondeaitk of Structure (RLS) would predict the
extent to which the android stimuli would evokeaiez eeriness than the robot or human stimuli.
Our analyses did not yield an overall effect of RitBthe eeriness ratings, and we did not find
the expected moderator effect. Moreover, no infbeeof recipients’ Extraversion or Neuroticism
was found in additional exploratory analyses. Aiation of Experiment 1, however, was that
the human likeness continuum was represented bg tifferent levels only (robot vs. human vs.
one morphed android) with the help of three diffiéitimulus sets. By realizing only three levels
of the (theoretically continuous) human likenesaehsion, it was not possible to examine the

nonlinear effect of more subtle changes in humankss on eeriness. Thus, we conducted a
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second experiment with a more fine-grained mantmnaof human likeness. Experiment 2
allowed us to include linear, quadratic, and c@xperimental human likeness terms in the
analyses as well as terms indicating moderatioth®yPNS subdimensions.

3. Experiment 2
3.1 Method

3.1.1 Participants.

A total of 547 participants were recruited via sbonedia networks and several university
mailing lists in Germany to participate in an oelisurvey on the “evaluation of robots and
humans.” One hundred ninety-eight participants teated their participation during the task.
That is, they rated only a portion of the stimuldamore important, they did not complete the
PNS measure, which had been placed at the en@ oinline survey. In addition, to identify
careless responding (Meade & Craig, 2012), we aedlpanswers to a “Use me” item (“Should
we include your data in our analyses?”) and congidime. Five participants stated that their
data should not be used for data analysis. Averag®letion time was 19.48 min, and 95% of
the participants spent less than 35.7 min on theeguData from 18 participants who took
longer than this threshold were excluded from theyses. At the lower end of the completion
time distribution, we excluded the data of the 2#tdst participants who completed the survey
in less than 6 mim(= 10). Therefore, the final sample consisted & Barticipants (280
students; 194 women; age range = 18 BBz 24.09,SD= 5.15).

3.1.2 Stimuli.

The stimulus pool consisted of eight stimulus sets images of robots, humans, and
morphed images (see Figure 4, which depicts sevére@ight stimulus sets). Again, robots with
a humanoid appearance were chosen to facilitatetiphing process and to minimize the

likelihood of morphing artifacts (i.e., irregulaes in the images from the morphing process).
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As in Experiment 1, the faces of the robots anddmsr{i.e., not the rest of the body)
were used in the morphing process. Three of thextal robot images had already been used in
Experiment 1 (Aila, Bandit, Roboy). The five newbod images showed robots named Flobi
(University of Bielefeld, Germany), iCub (RoboCubr@ortium, Bar Ilan University, Israel),
RoboThespain (Engineered Arts Ltd, United Kingdoamg Telenoid (Ishiguro Lab at Osaka
University, Japan), taken from the IEEE robot agllen (Institute of Electrical and Electronic
Engineers, 2012), as well as Roman (Robotics Relseab, University of Kaiserslautern,
Germany). The six male, human images were seléaedthe Karolinska Directed Emotional
Faces database (Lundqvist et al, 1998; image ID4@NES, AM18NES, BMOONES,
AM3ONES, BM25NES, AM31NES), and the two female ireagvere extracted from a Google-
Image search, each with a front view of the fadd wirect gaze and neutral expression. Human
and robot images were again paired according falfand feature similarities (e.g., head form,
hair, gender) to simplify the morphing process. Thage pairs were then used as parent faces
(i.e., stimulus set endpoints) in the morphing pesc Each stimulus set consisted of seven levels
and was created by increasing the physical hunkenalppearance and decreasing the physical
robot appearance in a stepwise fashion in incresn&t6.7% (i.e., Level 1: 0% human/100%
robot, Level 2: 16.7% human/83.3% robot ... to Letel00% human/0% robot). For all images,
contrast was reduced to minimize artifacts, andctiers were changed to black-and-white.

3.1.3 Procedure.

The study was conducted online and began with tandaction and three example
images (one image of each end of the robot-humaphmimg continuum and the image in the
middle of the continuum) so that all participanésithe same anchor points for judging human
likeness. On the next page, an additional exanmpégeé was presented along with the human

likeness and eeriness items to familiarize particip with the item format. The second part was
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the actual survey. For each step of the morphimgimaoum, each participant was presented with
four different, randomly selected images. Thae&h participant rated 28 images (4 images x 7
steps of the morphing continuum) on human likereskeeriness. The 28 images were selected
randomly out of the 56 existing images (8 differstinulus sets x 7 steps) and were presented in
a random order for each participant. In the last plethe survey, participants were requested to
complete the PNS measure and answer demograptstiang On the last page, participants
were informed about the purpose of the survey aatthe opportunity to withdraw their data
from data analysis.

3.1.4 Measures.

Eeriness Eeriness was measured with two items (unheinflinkeanny] and gruselig
[eerie]) taken from Ho and MacDorman’s (2010) eessieerie index. For each image,
participants rated the degree of eeriness the ktgrayoked on a 7-point intensity scale (e.g., 1 =
not at all eerigto 7 =very eerig. Given that the number of stimuli to be rated wedatively large
in this experiment (compared with Experiment 1),used only two items to measure eeriness to
reduce participant burden. The two items were @exfdo form an indicator of eeriness. To
estimate reliability, we calculated alpha at théhmi-persons level (level of judgments) and at the
between-persons level in Mplus (Muthén & Muthénl 20by applying the method presented by
Geldhof et al. (2014) to our datdor the two-item measure of eeriness, alpha %&sn the
within-persons (judgments) level and .98 on thevbeh-persons level. As in Experiment 1, we
reversed the eeriness indicator by multiplyingzdiies by 1. Thus, the transformed eeriness
indicator had a possible range from Aery eerietco 1 = not at all eerie

Subjective human likenedor each image, participants rated the stimuegree of
human likeness on two items (kunstlicatirlich [artificial lifelike] and

unmenschlichmenschlich [machinelike humanlike]) using a-@oint bipolar intensity scale (e.g.,
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1 =very artificial to 7 =very lifelikg. The items were taken from the five-item huméeniess
scale used by Ho and MacDorman (2010) and Maraapel (2015a, 2015b). Again, we used
only two items to measure human likeness in oraleeduce participant burden. The two items
were averaged to form an indicator of human liken&s estimate reliability, we calculated
alpha at the within-persons level (level of judgmtsgmnd at the between-persons level (Geldhof
et al., 2014). For the two-item measure of humieeniess, alpha was .95 on the within-persons
(judgments) level and .65 at the between-persoe. le

Personal Need for Structure (PNS8Ye used the same Personal Need for Structure scal
that was used in Experiment 1. Cronbach’s alpha.W&$or the Desire for Structure subscale,
.65 for the Response to Lack of Structure subseal@,77 for the PNS total scale.

3.1.5 Methods of data analysis.

In the final sample of 316 participants, a totab8fresponses to individual items (0.1% of
all responses) were missing. Because this propowes rather small, we decided to deal with
missing data at the item level by using the avélaéiems as indicators of a stimulus’ human
likeness or eeriness. For the PNS scale, the &laili@ms were averaged to form the scale score.
In total, 8,846 judgments of images were analypdtié present analyses.

Our data set represents repeated-measures dagaguats on Level 1) with participants
(Level 2a) and stimulus sets (Level 2b) as crosaedom effects. Given that for each step of the
manipulated human likeness continuum, each paatitipas presented with four randomly
selected images, not all participants were exptsedl stimulus sets (although the majority
were: 91% of the participants saw images fromightestimulus sets). Thus, participants and

stimulus sets were partially crossed in our design.
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To test whether a curvilinear relationship betwkaman likeness and eeriness held in
our data, a mixed model specifying a cubic funcfmmhuman likeness on Level 1 (i.e., an S-

shaped function with two bends) was used. The mmedel equation is:

Eerig, =g +u, +v, +(g +Uy +Y)’ HL+(g +u+ y)’ HL+(g+ u+ jv)' L+ €
®)

whereEerig; represents the eeriness ratings= 1, 2, ..., 28) for participant(i = 1, 2, ..., 344)
and stimulus sgt(j = 1, 2, ..., 8).gois the fixed interceptj is the random effect for the
intercept associated with participanandvy; is the random effect for the intercept associated
with stimulus sej. The fixed effectgjo, @o, andgo characterize the average relationship
between human likeness and eeriness (across adlipants and all stimulus sets). Depending on
which of these three fixed effects reaches sigmifoe, the relationship between human likeness
and eeriness follows a linear, a quadratic, orlacciunction. The highest significant polynomial
term defines the form of the relationship (Coheohéh, West, & Aiken, 2003). Random effects
for the three human likeness terms were specifieolsa participantau(, Uy, andug; representing
between-persons differences in the human likenessiess relationship) and across stimulus
sets (i, Vai, andvs; representing between-stimuli differences in thenao likeness—eeriness
relationship), and we tested (via deviance test®ther these random variance components were
significantly larger than zero. Only significanhtiom effects were retained in the model (see
e.g., West et al., 2015). The residual tegprepresents the deviations of eeriness ratings them
expected eeriness score for a given person—stinselusombination. In the first set of models,
we used manipulated human likeness (steps of tlphimy continuum) as the Level-1 predictor
variable. Manipulated human likeness was centeréddilitate interpretation of the mixed model
coefficients (thus, it ranged from 3 = robot stilng to 3 = human stimulus). In a second set of

models, we used subjectively rated human likenesge@d of manipulated human likeness steps)
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as the Level-1 predictor variable. We centeredestilyjely rated human likeness at the person
mean so that pure within-persons relationships belestimated, and the interpretation of the
regression coefficients would be facilitated (Ersd&rTofighi, 2007).

To test whether the two PNS subscales, Resporseckoof Structure (RLS) and Desire
for Structure (DFS), moderated the uncanny valigeeence, we included the two person-level
variables (centered at the grand mean) as presiofdhe intercept and of the linear, quadratic,
and cubic manipulated human likeness terms, relspctThe mixed model equation is:

Eerigy =g +u, +v, +(g +y +Vy) HL+(g +u+y)" HL+(g+ u+ v)" HL

+g "RLS+ g  RLS Hi 4 RLS HL g RLS HL (6)

+g "DFS+ g  DFS Hi g DFS H- g DES HL e
where the fixed effectg; and g, represent the main effects of the PNS subscatesthe
change in eeriness of a stimulus that is at theaiid of the human likeness continuum for a
one-unit increase in one of the subscales, holttiagther subscale constant). The fixed effects
a1, @1, andg; represent the moderator terms for the first subg€d.S), and the fixed effects
g2, @2, andg, represent the moderator terms for the second alébdaFS). In a separate model,
subjective (instead of manipulated) human likewess entered as a Level-1 predictor variable
(again, centered at the person mean). In this mduefixed effects have the same general
meaning as in the model that included manipulateddn likeness as the Level-1 predictor
variable (the only difference is that the interceggiresents the expected eeriness of a stimulus at
the average level of subjective human likenessilikahally, we analyzed all models with only
one of the PNS subscales included as a predict@bla (instead of including both subscales
simultaneously). This was done to scrutinize whetiseng the total variance of a PNS subscale
as a predictor (vs. the unique variance that isshated with the other subscale) leads to different

results.
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We analyzed the data with a mixed effects modebipgroach in R (R Core Team, 2015)
using the Imer() function from the Ime4 packagetéBaMaechler, Bolker, & Walker, 2015).
Degrees of freedom anpdvalues for the fixed effects were determined byl@pg the R-
package ImerTest (Kuznetsova, Brockhoff, & Christan 2015).

3.2 Results

3.2.1 Descriptive analyses.

Descriptive statistics for all variables can berfdun Table 1, and the correlations
between the PNS scales (subscales, total scaldjecund in Table 3. To provide a descriptive
overview of the variability in eeriness ratings argstimulus sets and participants, we generated
boxplots for eeriness as a function of manipuldtachan likeness (i.e., the seven steps of the
morphing continuum).

Figure 5a depicts the by-stimulus set analysisragdre 5b the by-participant analysis.
As can be seen in both Figures 5a and 5b, on aiplidse level, the relationship between human
likeness and eeriness was curvilinear, with stroegeiness evoked by the midpoint than by the
poles of the human likeness continuum. Figure baiges evidence of some amount of
variability in eeriness ratings among stimulus $eith larger variability across stimuli near the
robot pole than near the human pole of the hunkamdiss continuum). This suggests that a
mixed effects model of these data should includendom effect (random intercept) for stimulus
sets. Figure 5b demonstrates that the variabiligeriness ratings among participants was very
large, suggesting that a random effect (randomdap) for participants should also be included
in a mixed model for these data. Two-level null misdwithout predictor variables) with crossed
random effects for participants and stimulus setealed that 19% of the variance in eeriness
ratings was due to differences between participamis 3% of the variance in eeriness ratings

was due to differences between stimulus sets.
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Next, we analyzed the subjective human likenessgss a function of manipulated
human likeness (i.e., the seven steps of the mogptontinuum). The subjective human likeness
ratings increased in a monotonic fashion acrossties of the morphing continuum. The within-
persons correlation between manipulated humanég®and subjective human likeness was very
large,r = .85 p < .001). Two-level null models with crossed randeifiects for participants and
stimulus sets revealed that 3% of the variancherstibjective human likeness ratings was due to
differences between participants and 3% of theamae in subjective human likeness ratings was
due to differences between stimulus sets. Thaysematic differences between participants
were much smaller for the subjective human likemagegs than for the eeriness ratings.

3.2.2 Test of the functional form of the human likaess—eeriness relationship.

Model comparisons revealed that in a mixed modsadligting eeriness on Level 1
(Judgments Level) bmanipulated human likengssossed random intercept effects and crossed
random effects for the linear and quadratic terpog (ot for the cubic term) of human likeness
had to be specified for participants and stimukts.sAs can be seen from the fixed part of Model
1 in Table 4, the cubic human likeness teggg) (vas significant. This means that the average
relationship between human likeness and eerinagd be described by a cubic function (i.e., a
function with two bends).

In Figures 6a and 6b, the shape of this (averag®)limear relationship is depicted by a
bold curve. Note that the cubic term determinessttape of the function within the range
between and + . Only one bend in the curve visible in the possible range of the (centered)
human likeness continuum. This bend representsxpected uncanny valley. The second bend
in the cubic function would be visible only if adgr range of positive values on the right were

depicted. This might be interpreted as showingfibrathe humanlike pole of the x-axis, the
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average eeriness ratings (asymptotically) apprahttehighest possible score (the “not at all
eerie” category). As a measure of effect size, aleutated the proportional reduction in the
Level-1 variance when human likeness (linear, gatgdrand cubic) was added to the model
(quasif for Level 1; see e.g., Snijders & Bosker, 2012)vds .45—that is, compared with the
null model, predicting eeriness with a cubic fuantfor human likeness reduced the unexplained
variance in eeriness ratings by 45% (which candmsidered a large effect). Between-stimulus-
set differences (i.e., random effects across stimséts) are illustrated in Figure 6a, and between-
participant differences (i.e., random effects asnmarticipants) are illustrated in Figure 6b.

Whensubjective human likenesss used as the Level-1 predictor variable (seddib
in Table 5), the results were very similar to wivatfound for manipulated human likeness as the
Level-1 predictor variable. Due to page restricsiowe decided not to include extra figures for
the cubic relationship between subjective humagnidss and eeriness.

3.2.3 Moderator effects of Personal Need for Struate subscales.

To test whether the two PNS subscales (DFS and Rb8)d predict individual
differences in uncanny valley sensitivity, we fiesitered both PNS subscales as person-level
predictors in the model witthanipulatechuman likeness as the Level-1 predictor variabge. A
can be seen in Model 2 in Table 4, the two subsaenonstrated both main effects (i.e.,
predicting the varying intercept term) and intei@ceffects (predicting the linear and quadratic
terms of manipulated human likeness). It is impurta note that these effects had different
signs: RLS negatively predicted the intercept teand DFS positively predicted the intercept
term. Inverse regression coefficients were alsadioior the prediction of the quadratic term of
manipulated human likene$3.0 gain more insight into the form these main emeraction
effects took, we plotted the predicted curves fialividuals with low W1 — 1SD), medium (),

and high M + 1SD) RLS scores (see Figure 7a) as well as for indadsl with low M — 1SD),
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medium M), and high 1 + 1 SD) DFS scores (see Figure 7b). As expected, thenmyoczaalley
was more pronounced (steeper) for individuals liglRLS than for individuals low on RLS. For
DFS, the pattern was reversed: The uncanny valieymore pronounced for individuals low on
DFS than for individuals high on DFS. When only Rk&s included as a person-level predictor
(see Table 4, Model 3), the direction of the eBeaeimained the same, but the regression
coefficients were somewhat smaller than in the Bameous analysis. The main effect of RLS
and the linear interaction effect remained sigatfic and additionally, the cubic interaction term
reached significance. That is, the form of the matbe effect of RLS on uncanny valley
sensitivity remained very similar. When only DFSswacluded (see Table 4, Model 4), the main
and the interaction effect terms were no longemigant.

When the PNS subscales were entered as persorpledattors in the model that
includedsubjective(instead of manipulated) human likeness as thelkeypredictor variable, the
overall pattern of results was similar (see TabIslédel 2): The main effects of the PNS
subscales were again significant and oppositegim dihat is, for individuals high on RLS, the
stimuli of perceived android quality evoked moreireess (larger negative predicted scores) than
for individuals low on RLS, and the opposite patteeld for individual differences in the DFS
facet. However, with the exception of the interactbetween DFS and the quadratic term, which
was significant, the other interaction effects waseewhat smaller than in the corresponding
Model 2 in Table 4 and did not reach the .05 l@faignificance | < .10). Because the
significant main effects and the significant intdran effect were similar to the results found for
manipulated human likeness, we refrained from iticlg separate plots for subjective human
likeness. When either RLS or DFS were included pieéictor (see Table 5, Models 3 and 4),
the direction of the effects again remained theesaand the regression coefficients were smaller

than in the simultaneous analysis. For RLS, thenrefiect and the quadratic interaction effect
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missed the .05 level of significange< .10). For DFS, only the quadratic interactiomte
remained significant.
3.3 Discussion

We found a cubic relationship between robots’ huirk@ness and participants’ eeriness
ratings. However, only one bend in the estimatedesd-representing the uncanny valley—was
located in the possible range of the human likeneainuum. The second bend in the estimated
curve would be visible only if a larger range ofjiive values on the right were present. This
suggests that for the human endpoint of the x-axistage eeriness ratings approached minimum
eeriness. Our results fit the uncanny valley prdperKatsyri et al., 2015), but the left hand
upward slope of Mori’s graph was omitted (see Mp@fH 2, and Yamada et al., 2013, for
similar findings). Moreover, the point of maximumrimess was closer to the robot endpoint of
the continuum than to the human endpoint. Bothirfigsl are likely due to the fact that the
examples used as the robot endpoints of the maymuntinua were already moderately
humanlike. They showed substantial human featurégpeoportions (which facilitated the
morphing process and reduced potential artifacts).

The observed main and interaction effects of th& Rlbscale point out that the uncanny
valley was similar in shape but more pronouncedigh RLS participants, and it was similar in
shape but less pronounced for low RLS participaies found evidence for the hypothesized
moderator effect of RLS when we used manipulateddrulikeness (i.e., steps of the morphing
continuum) to model the uncanny valley phenomelidmen we used subjective human likeness
ratings to model the uncanny valley phenomenoimaas moderator effect of RLS emerged,
but the empirical evidence was weaker. This mightlbe to the fact that subjective human

likeness ratings (although highly correlated withmpulated human likeness) introduce more
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random variance into the uncanny valley part ofrtfeglel, which might make it more difficult to
detect a moderator effect of RLS on the shapeehtiman likeness—eeriness link.

It is interesting that the moderator effect of Rb8k the same form but was larger when
the second PNS subscale (DFS) was controlled. i$htite unique variance of RLS, in
particular, contributed to the prediction of indival differences in uncanny valley sensitivity.
According to Neuberg and Newsom (1993), a genesdépence for simple (as opposed to
complex) structures represents the shared variainte RLS and DFS subdimensions, and the
tendency to react negatively to the absence oftstrel represents the unique aspect of RLS.
Previous research has revealed that RLS (but n8) @Fassociated with negative trait affectivity
and sensitivity to the negative emotional qualibéstimuli (Cavazos et al., 2012). Moreover,
Elovaino and Kivimaki (1999) have shown that RL8t(bot DFS) is associated with higher
occupational strain among individuals working irt@gations with high complexity. Our
findings provide first evidence that being confemhtvith humanlike robots elicits individual
differences in eeriness (i.e., a specific typeedative affective response) which are related to
individual differences in RLS. Hence, our findirggim line with previous research on the
discriminant validity of the PNS subdimensions. kectedly, we found some evidence for an
inverse moderator effect of DFS when RLS was cdirttoGiven that we had not formulated a
moderator hypothesis for the DFS subdimension, aeldvprefer to treat this as an exploratory
finding which warrants further investigation.

Taken together, the findings of Experiment 2 inthdhat the valley-like form of the
relationship between robots’ human likeness anividigdals’ eeriness held for all participants.
We found some evidence that the deepest pointirvdhey varied with individuals’ tendency to

respond negatively to a lack of structure.



UNCANNY VALLEY 35

4. General Discussion

4.1 Contribution

The uncanny valley hypothesis (Mori, 1970 / MoriadDorman, & Kageki, 2012), which
suggests a nonlinear relationship between humanéiss and eeriness, has received substantial
attention from scholars, the popular media, as agthe general public, but evidence for its mere
existence, let alone for its predictors and theeulythg mechanisms, is far from established. In
previous research, the reactions towards humardikets have been attributed almost
exclusively to the robot’s design, including itswerbal behavior (Mara & Appel, 2015a) and
the fit between visual appearance and movemeng(®ay al., 2012). From a psychological
standpoint, such an approach is insufficient. liehiligls differ in their responses to given robotic
stimuli, and largely ignoring these differences isubstantial shortcoming of the field. Not only
does this practice obfuscate the phenomenon caradgpand empirically, it can lead to biased
estimates of the stimulus effects (Judd et al.220@n the basis of current theories about the
psychological mechanisms underlying the uncannigyaffect, we examined whether the
personality trait need for structure (Neuberg & Idem, 1993) could explain individual
differences in eeriness responses. Our work isif$teset of experiments to be based on a mixed
effects rationale with a focus on nonlinear funesioThis allowed us to examine the relationship
between human likeness and eeriness without catiqeeriness ratings across participants and
to examine individual differences in uncanny valseysitivity without having to collapse
eeriness ratings across stimuli (as has been dgm@vious research). It is important to note that
the nonlinear mixed effects approach allowed usnddel individual differences in the functional
form of the relationship between human likenesseerthess and to test whether individual
differences in the need for structure would prettiese functional differences in the uncanny

valley experience.
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The results of our statistical analyses suppoftedihcanny valley hypothesis. We found
that an android elicited stronger feelings of eesgthan a moderately humanlike robot or a
human (Experiment 1) and that along the continuetwéen a moderately humanlike robot and
a human being, the relationship between humandg®and eeriness followed a cubic function
(Experiment 2). Moreover, the findings of both esipents showed that individuals differed
substantially in their eeriness reactions, a figdimat underscores the need to acknowledge this
previously largely neglected source of variandeiiare analyses of the uncanny valley phenomenon.

As demonstrated in Experiment 2, individual diffezes in the functional form of the
uncanny valley experience could be predicted hytalisnension of the need for structure:
Individuals who tend to react negatively whenevarciure is disrupted (Response to Lack of
Structure [RLS]; Neuberg & Newsom, 1993) had stesngegative reactions to the ambiguous
stimuli. This disposition was related to more irgemuncanny feelings and a more pronounced
uncanny valley effect. It is important to note thia second subdimension of need for structure,
Desire for Structure (DFS), did not show a simitaxderator effect in Experiment 2. When RLS
was controlled, DFS even predicted less eerinesssponse to android stimuli. However, given
the unexpectedness of this result, the role of DFriness experiences should be scrutinized in
future research. Nonetheless, the findings of Brpart 2 underscore the importance of
distinguishing between the two subcomponents oh#es for structure (Cavazos et al., 2012;
Neuberg & Newsom, 1993), which might substantiallyrease the predictive power of this trait.

It needs to be emphasized that the predictive poWBLS in Experiment 2 was more
pronounced for the reactions to the android stifailthe bottom of the uncanny valley, near the
midpoint of the selected morphing continuum) thamtlie reactions to the more clear-cut robot
or human stimuli (at the endpoints of the seleat@dphing continuum). The observed effects

build upon and expand previous results on bivarigtgions between personality traits and
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eeriness ratings (MacDorman & Entezari, 2015).dnegal, bivariate relations with “uncanny
valley sensitivity” might simply reflect a tendenttyrespond with eeriness to all kinds of stimuli,
including nonhumanlike robots and humans. AltholigitDorman and Entezari (2015) reported
personality correlates of eeriness ratings fordass of stimuli (androids) only, they noted (in a
footnote) that for eeriness ratings of nonandraoady a few relations with personality variables
were significant. By analyzing a larger spectrunthef human likeness continuum simultaneously,
we were able to show that RLS predicted eerineg®rses to a larger degree near the middle of
our human likeness continuum than at the endpofritge continuum, thereby ruling out a simple
“eeriness-proneness” explanation.

Although our hypothesis on the association betwief and uncanny valley sensitivity
was confirmed in Experiment 2, we did not find ende for this hypothesis in Experiment 1.
Hence, the moderator effect of RLS in Experimergdquires cautious interpretation and awaits
replication in future research. We can only speeuddout reasons why the two experiments did
not yield converging evidence on the role of RLBst-Experiment 2 used a fine-grained (seven-
step) manipulation of human likeness, but Experimieumsed a rather coarse (three-step)
manipulation of human likeness (only one selectedpimed stimulus plus the endpoints of the
continuum). This might be interpreted to point tha importance of selecting a broad spectrum
of stimuli when analyzing individual differencesthre uncanny valley experience. Second, in
Experiment 2, the relation between RLS and eeriresgsonses was most pronounced for stimuli
that were located somewhat closer to the robot@ndpf the human likeness continuum than to
the human endpoint of the continuum (see FigureHayever, the morphed stimuli selected for
the android category in Experiment 1 were locatddemidpoint of the human likeness
continuum. That is, android stimuli in Experimentdntained a larger proportion of human

features than those stimuli in Experiment 2 thatked the largest personality-consistent
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individual differences in eeriness responses.
4.2 Limitations and Future Research

Using elaborate statistical methods, we found stgdpothe uncanny valley hypothesis.
Our goal had not been to rule out a specific theoryhe psychological mechanisms underlying
the uncanny valley effect or to compare differéwtaries and decide whether the data supported
one or the other. Our research provides tentatiideace for the importance of individual
differences in the need for structure in the fororabf the uncanny valley experience. Thus, our
results are in line with category uncertainty tlyemnd the expectancy violation approach as well
as with a terror management account (MacDormang;20ndau et al., 2004), or the meaning
violation framework (Mara & Appel, 2015b; HeineoBalx, & Vohs, 2006)—theories and models
with a great deal of overlap (Proulx, Inzlicht, &Hnon-Jones, 2012).

Our decision to examine the need for structurénasridividual difference variable was
guided by current theories on the psychologicains of the uncanny valley phenomenon. Other
personality variables might qualify for theory-geihypotheses as well (cf. MacDorman &
Entezari, 2015). One such personality variableddel the need for affect (Maio & Esses, 2001),
which is related to a particular sensitivity to thiarm/cold dimension in person perception
(Aquino, Haddock, Maio, Wolf, & Alparone, 2016)danension that is closely connected to the
uncanny valley experience. Regarding individudiedé@nces beyond the realm of personality,
cultural context has received surprisingly littteeation in research on the uncanny valley.
Anecdotal evidence suggests that Asian—and espedegdanese—people are more accepting of
humanlike robots than persons socialized in othetspf the world. Future research should
investigate whether the sensitivity to humanlikeats is indeed influenced by cultural factors.

Like much of the research on the uncanny valleyusexl images that represented a

morphing continuum from robot to human (cf. Burleggt al., 2013; Hansen, 2006; MacDorman
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& Ishiguru, 2006; MacDorman et al., 2009; Yamadalgt2013) as our stimulus material. We
acknowledge that morphing artifacts can reducev#tidity of this method. We reduced
morphing artifacts during stimulus generation; thws have reason to believe that our effects did
not depend on this methodological shortcoming. Rermative approach is the use of images of
existing (humanlike) robots as stimuli. Althouglstapproach would have increased the study’s
external validity, the choice of the robots is ¢alito the method and could determine the results:
Whereas one recent study based on this approanld faidence for an uncanny-valley-like
function between human likeness and eeriness (M&ttReichling, 2015), others found no such
evidence (Rosenthal-von der Pitten & Kramer, 20A4)humanlike robots become more and
more available to researchers, we envisage thag¢ mqrerimental studies will examine real-life
human-robot interactions, a setting that has ravegn used in theory-guided experimental
research with substantial sample sizes (for anpiaug see e.g., Mara & Appel, 2015b).
4.3 Conclusion

Feelings of eeriness in response to robots aréitmaally conceived of as a function of
the robotic stimulus alone. This perspective i®mplete and potentially erroneous from a
statistical perspective (e.g., Judd et al., 20W2)ng a nonlinear mixed effects approach, we
showed that the uncanny valley is a reliable phesramn. Differences between individuals were
nonetheless substantial. In one of two experimavedound support for the hypothesis that
individuals who react more negatively to a laclswticture (Neuberg & Newsom, 1993)
demonstrate higher uncanny valley sensitivity. Ragibn studies might profit from augmenting
the stimulus set to enhance power (Westfall, Kednjudd, 2014). Future research on the
uncanny valley phenomenon should account for bethgn and contextual factors when

investigating user responses to (humanlike) robots.
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Footnotes
! For nested (noncrossed) two-level data, Geldhaf.¢2014) suggested calculating between-
persons alpha across all repeated measures, usimglavel multilevel model (i.e., judgments
nested in persons). However, on the between-petswek this method was not applicable to the
data from Experiment 1 because each person saffieeedt, fixed subset that included three out
of nine stimuli, and the stimuli differed systencatly in eeriness and human likeness. Therefore,
we calculated (between-persons) Cronbach’s alpt@erately for each of the nine stimuli.
% To account for systematic variation between stiraslets in Experiment 2, we included a
random effect for both persons and stimulus setisisnmodel. That is, instead of a two-level
model for nested data as in Geldhof et al.’s (2@&k@mples, a cross-classified model (with
participants and stimulus sets as crossed randi@ti€fwas specified to estimate the variance
components and calculate alpha on the judgments dev on the between-persons level.
% As a measure of effect size, we calculated thpagatmnal reduction in the Level-2 variances of
random effects across participants (i.e., the ptapwal reduction in the variances wf, u;;, and
uz) when the PNS subscales were added to the magsigef for Level 2; see e.g., Snijders &
Bosker, 2012). The proportional reduction in vaciaof the intercept was .04, the proportional
reduction in variance of the linear slope termHoman likeness was .001, and the proportional

reduction in variance of the quadratic slope tesmhuman likeness was .06.
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Table 1
Descriptive Statistics for the Study Variables kp&iment 1 and Experiment 2
Variable Experiment 1 Experiment 2

M SD M SD
Eeriness 4.11 1.74 3.50 2.00
Subjective HL 3.46 2.09 3.75 2.23
PNS total scale 3.70 0.63 3.78 0.73
PNS-DFS 3.99 0.77 4.03 0.93
PNS-RLS 3.53 0.71 3.63 0.77
Extraversion 3.63 0.64 — —
Neuroticism 2.64 0.62 — —

Note HL = Human likeness. PNS = Personal Need forcBire. PNS-DFS = PNS subscale
Desire for Structure. PNS-RLS = PNS subscale ResptmLack of Structure. Eeriness is the
transformed eeriness variable (possible range fiotm 1, with lower [i.e., larger negative]

scores representing greater eeriness).
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Table 2
Results of Multivariate Multilevel Models Predidikeriness in Experiment 1
Fixed Random
(participants)
Coef. Est. SE z Coef. SD

Model 0
Dum.Robot C10 4.00 0.10 Uyj 1.51
Dum.Android 20 5,51 0.08 Upi 1.15
Dum.Human Gs0 2.83 0.09 Usi 1.38
Model 1
Intercept Coo 5,51 0.08 Uoi 1.15
Dum.Robot C10 151 0.13 11.99*** Usi 1.89
Dum.Human 020 268 0.11 23.61*** Upi 1.71
Model 2
Intercept Coo 550 0.08 Uoi 1.13
Dum.Robot 010 146 0.11 13.15%** Usi 1.67
Dum.Human 20 265 0.10 27.32%** Upi 1.46
Eff.Set2 C30 0.29 0.10 2.80**
Eff.Set3 040 0.30 0.11 2.84**
Dum.Robot xEff.Set2 050 0.53 0.17 3.10**
Dum.Robot xEff.Set3 60 0.40 0.17 2.37*
Dum.Human x Eff.Set2 C70 0.16 0.16 0.98
Dum.Human x Eff.Set3 Cg0 0.86 0.16 5.32%**
Model 3
Intercept Coo 5.50 0.08 Uoi 1.13
Dum.Robot C10 146 0.11 13.15%*** Uy 1.67
Dum.Human 20 265 0.10 27.36*** Upi 1.45
Eff.Set2 C30 029 0.11 2.76**
Eff.Set3 Qa0 0.30 0.11 2.82**
Dum.Robot xEff.Set2 50 0.52 0.17 3.06**
Dum.Robot xEff.Set3 060 0.40 0.17 2.37*
Dum.Human x Eff.Set2 C70 0.17 0.16 1.05
Dum.Human x Eff.Set3 Cs0 0.85 0.16  5.25%*
RLS Co1 0.11 0.12 0.94
DFS Co2 0.06 0.11 0.57
Dum.Robot x RLS 011 0.02 0.18 0.12
Dum.Robot x DFS 012 0.06 0.17 0.34
Dum.Human x RLS C21 0.04 0.16 0.28
Dum.Human x DFS 022 0.08 0.14 0.56

Note Analyses were conducted in Mplus (which reparalues as the test statistic). For Model
0 (i.e., the baseline model), we do not repatatistics because they would be meaningless (test

of the null hypothesis that mean eeriness of autisnis zero in the population). In Models 1 to
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3, the reference category was the android stim@osf. = Coefficient from model equations in
the text. Dum.Robot = Dummy variable for robot stios. Dum.Android = Dummy variable for
android stimulus. Dum.Human = Dummy variable fomaun stimulus. Eff.Set2 = Effect-coded
indicator variable for stimulus set 2. Eff.Set3 ffelét-coded indicator variable for stimulus set 3.
RLS = Response to Lack of Structure. DFS = DesiréStructure.

*p<.05.*p<.0l. ** p<.001.
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Table 3
Correlations between Personality Variables in Expents 1 and 2

1 2 3 4 5
1. PNS total scale .82%** Q2%** — —
2. PNS-DFS 8*** H52%** — —
3. PNS-RLS Q2%x* AGFr* — —
4. Extraversion 30%** .07 38x** —
5. Neuroticism RO Y Gl A3 A3 29%**

Note PNS = Personal Need for Structure. PNS-DFS = §iNScale Desire for Structure. PNS-
RLS = PNS subscale Response to Lack of Structueelations between variables in
Experiment 1 are depicted below the diagonal, amcblations between variables in Experiment
2 are depicted above the diagomapersons (Experiment 1) = 228 .persons (Experiment 2) =
316.

%k < 001.
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Table 4
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Results of Mixed Model Analyses Predicting EeritiysManipulated Human Likeness in

Experiment 2

Fixed Random
Participants Stimulus sets
Coef. Est. SE t df Coef. SD Coef. SD

Model 1
Intercept Coc 4.34 Uoi 1.07 Voj 0.24
Manip. HL Cic 0.46 0.07 6.15*** 8 uj 0.24 vi;  0.20
Manip. HL? ¢ 021 002 855 7 u; 0.08 v 0.07
Manip. HL® e 0.02 0.00 8.99** 7878
Model 2
Intercept Coc 4.34 Uoi 1.05 Voj 0.24
Manip. HL cc 046 0.07 615 8 u; 0.24 vij  0.20
Manip. HL? e 021 0.02  856%* 7 u; 0.08 v 0.07
Manip. HL® e  0.02 0.00 9.00%** 7,876
RLS cn 032 010 3.33%* 313
DFS cz 021 0.08 275 313
Manip. HLx RLS ¢, 0.08 0.04 2.21* 1,600
Manip. HL>x RLS  ¢;  0.03 0.01  2.87* 313
Manip. H® x RLS  ¢;; 0.00 000 1.60 7,878
Manip. HL x DFS ¢, 0.01 0.03 0.37 1,598
Manip. HL>x DFS ¢, 0.02 0.01 3.14* 313
Manip. H x DFS ¢, 0.00 0.00 0.36 7,875
Model 3
Intercept coc 4.34 Ui  1.06 vog 0.24
Manip. HL cc 046 0.07 615 8 u; 0.24 vij  0.20
Manip. HL* e 021 0.02 8559 7 uy 0.08 Vs 0.07
Manip. HL® cic  0.02 0.00 9.00%* 7,877
RLS . 018 008 219* 314
Manip. HLx RLS C11 0.07 0.03 2.36* 1,605
Manip. HL>x RLS  ¢;  0.01 0.01  1.42 314
Manip. H® x RLS ¢ 0.01 0.00 2.10* 7,879
Model 4
Intercept Coc 4.34 Uoi 1.06 Voj 0.24
Manip. HL Cic 0.46 0.07 6.15*** 8 uj 0.24 vi;  0.20
Manip. HL? ¢ 021 0.02 855 7 u; 0.08 v 0.07
Manip. HL® e 0.02 0.00 9.00%* 7,877
DFS c: 0.08 0.07 1.17 314
Manip. HLx DFS C11 0.02 0.03 0.91 1,597
Manip. H> x DFS ¢, 0.01 0.01 1.90° 314
Manip. H® x DFS  ¢; 0.00 0.00 141 7,877
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Note Mixed model analyses were computed in R (usiegotiickages Ime4 and ImerTest). Coef.
= Coefficient from model equations in the text. MaHL = Manipulated human likeness (steps
of the morphing continuum). RLS = Response to LafcRtructure. DFS = Desire for Structure.
"p<.10. *p<.05. * p<.01l. ** p< .001.
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Results of Mixed Model Analyses Predicting EeritgsSubjective Human Likeness in

Experiment 2

Random

Participants

Stimulus sets

Coef. Est. Coef. SD Coef. SD
Model 1
Intercept Coc 4.27 Ui 1.06 Voi 0.33
Subj. HL Cic 0.39 Uy; 0.28 Vij 0.16
Subj. HI? cc  0.17 uy 0.10 v;  0.03
Subj. HL® ce  0.02
Model 2
Intercept Coc 4.27 Ui  1.05 vop 0.33
Subj. HL e 0.40 u; 0.28 vij 0.16
Subj. HL? e 0.17 uy 0.10 v;  0.03
Subj. HL® ce  0.02
RLS con 0.29
DFS c2  0.24
Subj. HL x RLS . 0.07
Subj. H? x RLS 1 0.02
Subj. HL® x RLS c:  0.01
Subj. HL x DFS ¢, 0.02
Subj. HL? x DFS ¢ 0.03
Subj. HL® x DFS czz 0.01
Model 3
Intercept Coc 4.27 Ui  1.06 vop 0.33
Subj. HL e 0.40 u; 0.28 vij 0.16
Subj. HL? e 017 uy 0.10 v;  0.03
Subj. H® ce  0.02
RLS con 0.14
Subj. HLx RLS cu  0.06
Subj. H? x RLS ¢ 0.00
Subj. HL® x RLS cz  0.00
Model 4
Intercept Coc 4.27 ui 1.06 vo 0.33
Subj. HL e 0.40 u; 0.28 vi; 0.16
Subj. HL? e 017 uy 0.10 v;  0.03
Subj. HL® e 0.02
DFS Co1 0.11
Subj. HLx DFS . 0.01
Subj. H? x DFS ¢ 0.02
Subj. HL® x DFS ca  0.00
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Note Mixed model analyses were computed in R (usiegotiickages Ime4 and ImerTest). Coef.
= Coefficient from model equations in the text. Sl = Subjective human likeness ratings.
RLS = Response to Lack of Structure. DFS = DesiréStructure.

"p<.10. *p<.05. * p<.01l. ** p< .001.
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Figure 1.The nonlinear relationship between the human &ksrof stimuli and users’ affinity.
The uncanny valley proper is emphasized with a godgr. Adapted from MacDorman (2005).
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Human likeness
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Figure 2.Stimuli used in Experiment 1 (three degrees of hutik@ness for three stimulus sets).
The robot images (from top to bottom row) showridigots called Aila (DFKI Robotics
Innovation Center), Bandit (USC Interaction Lab @&tdeSky Robotics), and Roboy (Al Lab,
University of Zurich), taken from the IEEE robotlleation (Institute of Electrical and Electronic
Engineers, 2012). The photo of Bandit is not depidiecause we were not able to obtain the
permission to reprint the photo. The photo candomd athttp://robotsapp.spectrum.ieee.org

The female human image depicts the actress Keirghilay and was retrieved via a Google
Image search. The male human images were takentlfreidarolinska Directed Emotional Faces
database (Lundgvist et al., 1998; image IDs AM10NERO9NES).
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Figure 3.Eeriness as a function of manipulated human likgtire Experiment 1: a) By-stimulus
set analyses (mean eeriness ratings for each tifirtbe stimulus sets averaged across
participants, with stimulus set number placed nexach mean); b) By-participant analysis

(eeriness ratings of each participant).
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Figure 4.Stimuli used in Experiment 2. Rows represent thgatestimulus sets, columns
represent the seven steps of the morphing contirftammrobot (left) to human (right). The robot
images (left column, from top to bottom row) shdw tobots Aila (DFKI Robotics Innovation

Center), Flobi (University of Bielefeld, Germanigub (RoboCub Consortium, Bar llan
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University, Israel), Roboy (Al Lab, University ourich, Switzerland), Roman (Robotics
Research Lab, University of Kaiserslautern, Germanglenoid™ (Ishiguro Lab at Osaka
University, Japan), and RoboThespain (Engineeresl IXd, United Kingdom). Telenoid™ has
been developed by Osaka University and Hiroshglsfu Laboratories, Advanced
Telecommunications Research Institute InternatiGh@R). The male human images were
selected from the Karolinska Directed Emotionaldsagatabase (Lundqvist et al, 1998; image
IDs AM1ONES, AM18NES, BMO9NES, AM30ONES, BM25NES, AYNES), and the two
female images were extracted from a Google-ImageckeThe eighth stimulus set is not
depicted. It consisted of an image of the robotdaft SC Interaction Lab and BlueSky
Robotics), a male human image from the KDEF (ID AMES) and five morphs. The reason for
not depicting this stimulus set is that we wereatgle to obtain the permission to reprint the

photo of robot Bandit. It can be foundrdatp://robotsapp.spectrum.ieee.org
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Figure 5.Eeriness as a function of manipulated human ligefisteps of the morphing
continuum) in Experiment 2: a) By-stimulus set gaat (eeriness ratings for each stimulus set
averaged across participants); b) By-participaatyais (eeriness ratings of each participant

averaged across stimuli).
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Figure 6.Curvilinear relationship between manipulated hutileeness (centered at the midpoint
of the continuum) and eeriness as estimated frenmitied model in Experiment 2: a) Stimulus-
set-specific curves (depicting random effects acstgnulus sets) and the average curve (across
participants and stimulus sets) in bold; b) pgpaait-specific curves (depicting random effects

across participants) and the average curve (aparsisipants and stimulus sets) in bold grey.
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Figure 7.PNS subscales as moderators of the relationshigeba manipulated human likeness
and eeriness as estimated from the mixed model §Mbdh Table 4) in Experiment 2: a)
Moderator effect of PNS subscale Response to L&8kracture (RLS); b) Moderator effect of
PNS subscale Desire for Structure (DFS).



