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As the opportunity to interact with humanoid robots and virtual avatars increases, the emotional impact of the
interaction with these artificial agents becomes an important consideration. The uncanny valley effect is a
psychological phenomenon relevant to such a consideration. Although the uncanny valley remained untested for
several decades, recent empirical studies confirmed the uncanny valley effect when human observers rated their
liking of robots’ faces. To uncover the uncanny valley in behavioral measures of affective response, the present
study used two implicit affective tasks, affective priming and single-category implicit association test (IAT).
Positivity scores for each of the images of robot faces were derived and were plotted against the humanness
rating of the robot faces. The results demonstrated the uncanny valley effect in these implicit behavioral mea-
sures. The finding indicates the effectiveness of using these implicit measures to assess affective responses to
individual items rather than to groups of items, and it suggests the potential of these behavioral paradigms for

wider application outside laboratory research.

1. Introduction

In the last decade, there have been drastic changes in the landscape
surrounding Al technologies, making it feasible to develop artificial
agents such as humanoid robots and digital avatars that exhibit human-
like communication and human-level performance in complex tasks.
Many service providers now use a chatbot as the initial point of online
customer contact, and more home appliances embed a virtual assistant
technology that communicates with users in a human-like manner.
Public and private sectors have also started using robots or robot-like
consoles for front-facing services to communicate with their users and
customers. This recent explosion of advanced AI and robotics technol-
ogies offers a valuable opportunity to scrutinize their psychological
impact on users, especially in the socio-emotional domain. One way to
assess such impact is to use behavioral paradigms that measure people’s
implicit affective responses.

The method of measuring implicit affective responses, or implicit
attitudes, became a subject of extensive research in the 1980s, which
resulted in several different experimental paradigms thereafter (e.g.,

Bar-Anan and Nosek, 2014; De Houwer, Teige-Mocigemba, Spruyt, and
Moors, 2009). Of these, the two most popular techniques have been the
affective priming procedure (Fazio, Sanbonmatsu, Powell, and Kardes,
1986) and the implicit association test (IAT; Greenwald, McGhee, and
Schwartz, 1998), both of which have been in extensive use in psycho-
logical research. The present study examined the effectiveness of these
behavioral paradigms to measure people’s affective reactions to artifi-
cial agents (humanoid robots). To do so, I tested whether these measures
could reveal a widely acknowledged, but poorly understood, phenom-
enon in human-robot interaction, known as the uncanny valley effect
(Mori, 1970).

A challenge of using these behavioral paradigms is that an evaluation
of the uncanny valley effect entails measuring affective reactions at an
individual item level, as opposed to those at a category level (i.e., ‘robot’
vs. ‘human’) for which these paradigms are designed and have been
used. The present study reports one replication, which evaluated the
uncanny valley effect in a self-rating likability scale of robot faces, and
two new behavioral experiments, which used the affective priming
procedure and a version of the IAT, called the single-category IAT
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(Karpinski and Steinman, 2006), to reveal the uncanny valley effect in
affective reactions to individual robot faces.

1.1. The uncanny valley effect

The uncanny valley effect is an observation that people’s liking of
robots or digital avatars (such as computer graphic characters in
animated films) has a unique non-linear relationship with the level of
human-likeness of the robots and avatars (see Fig. 1). This idea was first
proposed by Mori (1970), who observed that people’s affinity for a robot
increases as its design approached the human appearance, but the af-
finity drops dramatically when the appearance of a robot became highly
similar to a human. Mori called this drop of affinity for human-like ro-
bots the uncanny valley. He suggested that people experienced an un-
settling feeling when they encountered such artifacts as prosthetic hands
and puppets that were made to look similar to human bodies but did not
achieve the perfection of the human appearance. For several decades,
the uncanny valley was widely known and cited, but it remained to be
untested until recently (for reviews, see Diel, and MacDorman, 2021;
Katsyri et al., 2015; Wang et al., 2015).

The original conception of the uncanny valley left many ambiguities
as to how it could be operationalized for empirical tests. The horizontal
axis of Mori’s original illustration of the uncanny valley was represented
by the degree of similarity to human (Human-likeness in Fig. 1), which
has been manipulated or controlled in different manners, such as
morphing images of a human and a non-human character (Hanson,
2006; Seyama and Nagayama, 2007), distorting facial features
(MacDorman and Chattopadhyay, 2016), creating mismatch between
facial expressions and voice (Mitchell et al., 2011; Tinwell et al., 2013),
and using pictures or movies of a variety of existing robots (Mathur and
Reichling, 2016) or animated characters (MacDorman, 2006; MacDor-
man and Entezari, 2015). Many previous studies used an arbitrary set,
and often a limited range of, exemplars that might have failed to cover
the continuum of human-likeness sufficient to observe the phenomenon
(Lischetzke et al., 2017; Tinwell et al., 2011).

The vertical axis of Mori’s illustration of the uncanny valley was
represented by a Japanese term “Shinwakan” which have been translated
into different English terms, such as “familiarity” (MacDorman and
Ishiguro, 2006), “comfort” (K.F. MacDorman et al., 2009b), “warmth”
(Mitchell et al., 2011), “affinity” (Mori, 1970/2012), “likability” (Ferrey
et al., 2015), “valence” (Cheetham et al., 2011), and reverse-scaled
“eeriness” (Ho & MacDorman, 2016). The idiosyncrasies of the mea-
surements used in the previous studies of the uncanny valley effect are
partly responsible for mixed evidence for (e.g., MacDorman and Ishi-
guro, 2006; Mathur et al., 2020) and against (e.g., Bartneck and Kanda,
2009; Cheetham et al., 2013) Mori’s hypothesis. The lack of coherence
of the measurement of affinity and of the manipulation of
human-likeness underscores a need of further investigations on how best

Uncanny
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Fig. 1. An illustration of a hypothetical Uncanny Valley Effect (reproduced as
depicted in Mori’s original essay).
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the uncanny valley effect could be tested empirically.

Diel et al. (2021) surveyed various methods used to investigate the
uncanny valley effect and noted that artificially modified images to
construct the human-likeness typically involves implicit assumptions
about what underlies the perception of human-likeness. These morphed
images would result from mixing a small number of images (typically
two or three images, one robot face and one human face at the two
extremities with or without a humanoid face in-between), selection of
which can determine the appearance of morphed images. While this
technique allows precise control of the proportions of human and
non-human appearances, morphed images can also involve an issue of
misalignment between morphed images, such that unusual facial fea-
tures (e.g., having two noses) could be created (Yamada et al., 2013),
causing negative affect independently of human-likeness. An alternative
method is to use distinct entries of exemplars that involve a large
number of specific instances of existing robot faces. A successful case of
this type is Mathur and Reichling’s (2016) study, in which the re-
searchers used a sample of 80 pictures of the existing robots’ faces and
obtained a self-rating scale of human-likeness ranging from -100 (me-
chanical) to 100 (human). A self-rating scale of likability of the images
(which also ranged from -100 to 100) was plotted against the
human-likeness scale and demonstrated the uncanny valley effect. This
stimulus set was also used in another study conducted by a different
group of researchers, which replicated the uncanny valley effect with
different age groups (Tu et al., 2020). The stimulus set was further
expanded by the original authors in a subsequent many-lab study that
also obtained the uncanny valley effect with a self-rating likability scale
(Mathur et al., 2020). The present study adopted the expanded stimulus
set of Mathur et al.’s to manipulate the human-likeness scale.

As in Mathur et al.’s (2020) study, most previous studies used
self-reporting scales of affinity. Other indirect behavioral measures of
affinity were also adopted in some studies. For example, Mathur et al.
included a mouse-tracking measurement in a categorization task for
which participants classified stimuli into the category human or robot.
Other studies also used behavioral measures, such as eye-tracking
(Cheetham et al., 2013; Minato et al., 2006), preferential looking
(Matsuda et al., 2012), avoidance response (Strait et al., 2017), and
motor interference (Kilner et al., 2003). However, the interpretations of
these behavioral measures are often difficult because they could reflect
factors other than affective reactions (e.g., perceptual difficulty).
Arguably, more direct measures of affective reaction would include the
aforementioned behavioral paradigms, such as affective priming and the
IAT. K.F. MacDorman et al. (2009a) used the IAT to examine the atti-
tudes toward robots among Japanese and US populations, but this study
did not evaluate the uncanny valley effect. Instead, they tested whether
weapons were associated more strongly with robots than with humans,
which they took as reflecting the degree of threat of robots and that of
humans. The authors also noted a problem of using ‘human’ as an
alternative to ‘robot’ in the IAT or other self-report questionnaires and
behavioral paradigms, because participants’ attitudes toward humans
could greatly vary across individuals or cultures. For example, some may
consider humans to be threatening (e.g., to the global climate or eco-
systems), which may result in a higher positivity score for robots in
comparison. The dichotomy between human and robot involved in the
categorization task used by Mathur et al. (2020) or in the standard
format of the IAT might not provide an accurate measure of affinity for
robots. This is a common problem in many behavioral paradigms of
implicit attitudes (O’Shea and Wiers, 2020). An absolute affective
measure that is free from competing categories is required to evaluate
people’s affective reaction to robots.

In the present study, I considered two behavioral paradigms that do
not involve the dichotomy between two competing categories. The first
paradigm is affective priming (Fazio et al., 1986). This involves pre-
senting two stimuli in rapid succession, where the first stimulus serves as
a prime and the second as the probe. The probe is an evaluative stimulus
(such as positive and negative words), and participants’ task is to
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identify whether the probe is a positive or negative stimulus. The prime
is an affect-inducing stimulus that does not require a response. The
prime is presented briefly and influences how quickly and accurately
participants could respond to the probe, depending on whether the
induced affect is congruent with the required response to the probe: If
participants react to the prime positively, responses to the positive probe
are facilitated, while responses to the negative probe are interfered with;
the opposite is true if participants react to the prime negatively. This
procedure does not require competing categories, because affective re-
action to the prime is measured as the differences in response time (RT)
and accuracy to positive and negative probes following a particular
prime. The differences in RT and accuracy are called the affective priming
effect.

The second paradigm is the single-category IAT (Karpinski and
Steinman, 2006; also see Bluemke and Friese, 2008). The standard
format of the IAT (Greenwald et al., 1998) involved two different
categorization tasks, one that requires categorizing positive and nega-
tive words (as in affective priming) and the other that requires another
set of stimuli (target stimuli) with two opposing classes (e.g., robot vs.
human). The IAT effect refers to the difference in RT and accuracy be-
tween two conditions for which two target classes share the response
keys with the positive and negative words. For example, if participants
perceive robots to be more negative than humans, RT would be shorter
(and accuracy would be higher) when robots share the response key
with negative words than when they share the response key with posi-
tive words. However, because the categorization involves discrimina-
tion between human and robot, the effect could be driven solely by the
attitude toward humans rather than that toward robots. The
single-category IAT was meant to overcome this problem of competing
categories. In this version of the IAT, the target stimuli consist only of
exemplars from one class (robot), and participants’ task is to respond to
robots by pressing the key assigned to positive words in one block or the
key assigned to negative words in the other block. Hence, no discrimi-
nation between competing categories is involved in the single-category
IAT.

Although the affective priming procedure and the single-category
IAT overcome the problem of competing categories, posed by K.F.
MacDorman et al. (2009a) and others (e.g., Karpinski and Steinman,
2006; O’Shea and Wiers, 2020), they still face another challenge for the
present purpose, which is that these paradigms have only been used to
evaluate affective reactions to a category of stimuli but never to evaluate
affective reactions to individual items. This poses a challenge because
the uncanny valley effect can only be evaluated by plotting affinity
scores of individual robots against their human-likeness scores. Hence, a
behavioral measure for individual items is required, but it is not clear
whether the affective priming procedure and the single-category IAT are
sufficiently sensitive to capture the variability in affective responses to
individual items within a category. Therefore, the present study tested
whether these two behavioral measures can reveal the uncanny valley
effect for robot faces.

1.2. The present study

The present study conducted three experiments. Experiment 1
attempted to replicate the uncanny valley effect in self-rating scale of
likability of robot faces used in Mathur et al.’s (2020) study, before
Experiments 2 and 3 that used the two different behavioral paradigms to
measure affective responses to the robot faces. The replication was
conducted in an online questionnaire asking participants to rate each of
the robots’ images on two scales; (1) “how machine- or human-like the
robot looks” (machine-human, or MH, scale) and (2) “how pleasant or
creepy it would be if you were to interact with them in an everyday
situation such as asking questions in a museum information booth”
(likability scale). To evaluate the uncanny valley, I adopted the data
analysis strategy used by Mathur and Reichling (2016) that were also
adopted by Tu et al. (2020). This entailed calculating MH and likability
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scores for each of the robot faces and fitting polynomial regression
models to predict the likability scores based on polynomial terms of the
MH scores (i.e., MH, MH2, MH?3,...). To find which of these polynomial
models was most parsimonious to describe the relationship between the
likability and MH scores, model fits were compared in terms of F-tests.
The parsimonious model was defined as the lowest degree model that fit
to the data significantly better than a lower degree model while a higher
degree model did not improve the fit. This replication study was
essential to confirm that the stimulus set did result in the uncanny valley
effect if the behavioral paradigms were to be effective to reveal it.

To give a preview, the results of Experiment 1 successfully replicated
the uncanny valley effect in the subjective likability rating. Fifty robot
faces were selected from Experiment 1 and used in Experiments 2 and 3
to test whether the two behavioral paradigms could reveal the uncanny
valley in affective responses (see Fig. 2 for selected robot faces, and the
Method of Experiment 2 for the selection procedure). Experiment 2 used
the affective priming procedure, and Experiment 3 used the single-
category IAT. These paradigms are illustrated in Fig. 3. In the affective
priming procedure, participants responded to words (e.g., happy, agony)
by judging whether its meaning was positive or negative by pressing one
or the other key on the keyboard. The word was preceded by a photo-
graph of a robot face, which only appeared briefly and disappeared as a
word appeared. The differences in RT and response accuracy (i.e., per-
centages of error trials, or PE) between positive and negative words
represented the affective priming effect for that robot. The positivity
score was calculated by subtracting RT and PE for positive words from
RT and PE for negative words, which should be larger for robots that
were perceived to be more positive. In the single-category IAT, partici-
pants were presented with either a word (word trial) or a photograph of
a robot face (target trial). These trials were randomly intermixed. Par-
ticipants responded to words by pressing one or the other key to indicate
whether its meaning was positive or negative, whereas they responded
to all robot faces by pressing the key assigned to positive words in
certain blocks of trials and by pressing the key assigned to negative
words in other blocks. The differences in RT and PE on target trials (i.e.,
responses to robot faces) between blocks requiring the positive keypress
and blocks requiring the negative keypress represented the IAT effects
for those robot faces. The positivity score was calculated by subtracting
RT and PE for the blocks with positive keypress from RT and PE for the
blocks with negative keypress, which again should be larger for robots
that were perceived to be more positive. To examine the uncanny valley
effect, the positivity score was derived for each of the robot faces and
averaged across participants, which was submitted to the same analysis
procedure as in Experiment 1, except that the likability score was
replaced by the positivity scores from the respective experiments.

2. Experiment 1
2.1. Method

2.1.1. Participants

Two hundred and seven volunteers completed the online survey. One
hundred and ten participants were students from a local university
community in UK (86 females, 21 males, 3 non-binary; mean age =
21.58, SD = 4.18, range = 18-39), and 97 participants were from a
cloud-sourcing platform (Prolific.co) that included volunteers from the
US and UK (48 females, 49 males, 0 non-binary; mean age = 30.43, SD =
5.49, range = 19-40). The former group received research credits to-
ward their psychology modules, and the latter group received £2.25, for
participation. The criteria of recruitment included (1) being fluent in
English, (2) being at the age between 18 and 40 years old, (3) having
normal or corrected-to-normal visual acuity, and (4) having no color
blindness. The age limit was justified by Tu et al.’s (2020) finding that
older adults did not exhibit an uncanny valley effect. For the
cloud-sourcing volunteers, they were also required to have an approval
rate of higher than 95 % of at least 20 previous submissions, to ensure
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Fig. 2. Fifty robot faces selected from Experiment 1 and used in Experiments 2 and 3: from the top left to the bottom right, the robots are placed in the order of their

MK scores (from low to high).
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Fig. 3. Illustrations of the event sequence within a trial for the affective
priming task in Experiment 2 (A) and the single-category IAT in Experiment 3
(B). The figures are for an illustrative purpose and are not scaled to the actual
display size.

the quality of online data. The sample size was determined based on
three previous studies (Mathur and Reichling, 2016; Mathur et al. 2020;
Tu et al., 2020), which included sample sizes that varied between 66 and
358. The observed effect size was reported only in Tu et al.’s study. They
reported a large effect size (RZ = 0.324) for 77 young adults, which was
the same age range as that of the present experiment. Hence, I first
recruited as many participants from the local university community as I
could in one academic term (Autumn 2022) and recruited more par-
ticipants from the online platform in February 2023 to reach at least 200
participants in total. All participants provided informed consent; for
those who did not consent, the survey was terminated automatically.
The study was reviewed and approved by the Research Ethics Com-
mittee at the local university.

2.1.2. Materials

The online survey was created by using an online survey platform
(Qualtrics), and all data were received and stored initially in their online
server. The digital images of robot faces were those used by Mathur et al.
(2020) and were retrieved from their OSF project page. Only the images
of robots were included, excluding those of human faces. Robots’ images
were further removed if they were either duplicated or were similar to
the other images in the stimulus set, which left 99 robot faces for the
present study. The actual images used in the study can be found on the
OSF project page for the present study (https://osf.io/3ae2k/).

2.1.3. Procedure

At the beginning of the online survey, participants were first pre-
sented with an array of all robot faces on a single page with the in-
structions that they were about to rate each of the 99 images of robot
faces in two scales, (1) “how machine- or human-like the robot looks”
(MH scale; —100 for “Extremely mechanical” and +100 for “Extremely
human-like”) and (2) “how pleasant or creepy it would be if you were to
interact with them in an everyday situation such as asking questions in a
museum information booth” (likability; —100 for “Less pleasant or
creepy” and +100 for “More pleasant or enjoyable”). The phrases of
these questions were based on those used by Mathur and Reichling’s
(2016) survey. Participants were then presented with one image at a
time in a random order, which was determined for each participant by
the survey tool (Qualtrics), and adjusted a slider for each question to
give a score. The slider was initially positioned at 0 (the midpoint of the
slider), and participants were not allowed to proceed to the next image
until they moved the slider from the initial position. After they rated all
images, they were given a brief explanation of the uncanny valley
phenomenon and were asked whether they had experienced it in the
past or during the survey. If they had, they were asked to describe why
they thought some of the robots were repulsive or eerie in their own
words.

2.1.4. Data analysis

The analysis script including all analyses carried out in the present
study can be found on the OSF project page (https://osf.io/3ae2k/). The
analyses were conducted and visualized in R Studio (R Core Team, 2021)
with the following packages: Ime4 (Bates, Maechler, Bolker, and Walker,
2015), tidyverse (Wickham et al., 2019), and ggpubr (Kassambara,
2022).

Following Mathur et al. (2020) and others (Mathur & Reichler, 2016;
Tu et al., 2020), the data were analyzed with means by robot face as the
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unit of analysis. Means and variances of MH and likability scores were
calculated across participants for each face. Polynomial regression
models were fit by regressing likability score on polynomial terms for
MH score (e.g., MH, MHZ2, MH®, ...). In the analysis, I fit second- to
fifth-degree polynomial regression models with the data points weighted
by the inverse of variance in the likability score at each corresponding
MH score. To find the most parsimonious model, the fits of two models
that differed in one degree were submitted to an F-test. That is, there
were comparisons between the second- and third-degree models, be-
tween the third- and fourth-degree models, and the fourth- and
fifth-degree models. The most parsimonious model was defined as the
one that fit the data better than a lower degree model while a higher
degree model did not improve the fit anymore (Mathur & Reichler,
2016). Mathur et al. used polynomial regression to mean-centered MH
score, but the models were fit to raw scores and report the results below
(see Fig. 4A); I also carried out the same analysis on standardized scores,
which showed the same results (see Appendix).

The results of the present study were also compared to those of
Mathur et al.’s by correlating standardized scores from the two studies.
Because Murther et al. included images of human faces as well as those
of robots, participants used higher MH ratings (> 0) predominantly for
human faces and lower MH ratings (< 0) predominantly for robots,
whereas participants in the present study were presented only with
robot faces and used the entire scale to rate the same robots. Conse-
quently, the same robot faces were rated less human-like in Mathur
et al.’s study than in the present study. To minimize this context effect,
the data from robot faces in Mathur et al.’s scores were standardized
after removing those for human faces. The data from the present study
was also standardized in the same manner. Note that the analysis was
concerned with the correlational structure of the two sets of data, not the
absolute differences, so that the standardization only minimized the
context effect when the results were presented visually (as in Fig. 3) but
should not alter the outcomes of the correlation analysis.

2.2. Results

The results are summarized in Table 1. The fourth-degree polynomial
satisfied the criteria for the most parsimonious model. As shown in
Fig. 4A, the likability score initially increased as MH increased from
-100, but it peaked at an MH score of around -60 and began to decrease
thereafter. As MH score increased further, the likability score started to
rise again at around an MH score of 10, which reached the bottom of the
uncanny valley. To compare the results of the present study to Mathur
et al.’s (2020) original study, the data from both studies are plotted in

International Journal of Human - Computer Studies 196 (2025) 103443

Table 1

Summary of model comparisons. The most parsimonious model was indicated in
bold. All measures were regressed onto the polynomial terms of MH score. P(AP)
is the positivity score from the affective priming procedure, and P(SC-IAT) is the
positivity score from the single-category IAT. In Experiment 3, no model up to
the fifth-degree model fit the RT data.

2

Study  Measure Model F P p
Comparison
1 Likability Second vs. third F(1, 95) = < .394
77.06 0.001
Third vs. fourth  F(1, 94) = < 213
25.23 0.001
Fourth vs. fifth F(1,93) = .535 .004
0.39
2 P(AP) for RT Second vs. third F(1,46) = .020 111
5.83
Third vs. fourth F(1,45)=0.33 .569 .007
Fourth vs. fifth F(1,44)=2.30 .137 .050
P(AP) for PE Second vs. third  F(1, 46) = .017 .118
6.22
Third vs. fourth F(1,45)=0.03 .873 .001
Fourth vs. fifth F(1,44) =251 .120 .054
3 P(SC-IAT) for Second vs. third F(1, 46) = 432 .013
RT 0.63
Third vs. fourth F(1, 45) = 417 .014
0.67
Fourth vs. fifth F(1, 44) = .107 .058
2.72
P(SC-IAT) for Second vs. third F(1, 46) = .003 .159
PE 9.54
Third vs. fourth  F(1, 45) = .015 127
6.39
Fourth vs. fifth F(1, 44) = .084 .001
0.04

Fig. 3 (the same robot faces were connected by grey lines). It should be
noted that ratings of eight images used in the present study were not
included in the spreadsheet shared by Mathur et al.’s OSF page, and they
were dropped from the correlational analysis. There were significantly
positive correlations between the two studies for both MH score, Pear-
son’s r(N = 89) = 0.984, p < .001, and likability score, Pearson’s r(N =
89) = 0.881, p < .001. These results show that the uncanny valley effect
was apparent in the present study and that the ratings for these robot
faces were highly consistent with those of Mathur et al.’s.

2.3. Discussion

Experiment 1 showed the uncanny valley effect that was similar to
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Fig. 4. Scatterplots of observed likability score on machine-humanness (MH) score in Experiment 1. (A) The solid line is the predictions of the fourth-degree
polynomial regression models. The shaded band is the point-wise 95 % confidence interval. (B) Comparisons of the likability and MH scores for the respective
robot faces between Mathur et al.’s (2020) study and the present study (the grey lines connect the scores from the same robot faces from the two studies).
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the effect observed in Marthur et al.’s (2020) original study. It should be
reminded that the comparison between the results of the present study
to those of Marthur et al.’s was made based on scores that were stan-
dardized within the respective studies because Marthur et al.’s study
included human faces and higher MH scores were used predominantly
for human faces, whereas the present study only included robot faces
and the entire MH scores were used to rate robots. Although the stan-
dardization of the rating scores reduced the context effect, it might not
have eliminated it entirely. Experiment 1 obtained a correlation coeffi-
cient of 0.984 for MH scores and 0.881 for likability scores between the
two studies, which means that 96.8 % of the variance in the MH score
and 77.6 % of the variance in the likability score in one study were
accounted for by the other. A portion of the remaining 3.2 % variance in
the MH score and 22.4 % variance in the likability score may be
attributed to such a residual context effect. Even so, however, the sim-
ilarity between the two studies is rather impressive.

It should also be acknowledged that the present experiment was
motivated by the wide variety of exemplars that were available in the
stimulus set developed by Marthur et al. A drawback of this approach is
that it lacks control over perceptual factors and image qualities across
the range of stimuli (see Fig. 2). Therefore, although the uncanny valley
effect was obtained along with the subjective rating of human-likeness
(MK score), these stimuli do not permit us to infer the reason why the
likability rating varies for these images or why the uncanny valley
emerges for this particular stimulus set. Hence, more controlled stimuli
are required to investigate perceptual and cognitive factors that elicit
uncanny feelings in these stimuli.

Nonetheless, the successful replication of the uncanny valley effect in
subjective rating provided a strong empirical basis to evaluate the two
behavioral paradigms to measure affective reactions to the robot faces.
The same robot faces as in Experiment 1 were used in these studies.
Experiment 2 used the affective priming procedure (Fazio et al., 1986),
and Experiment 3 used the single-category IAT (Karpinski and Steinman,
2006). To my knowledge, neither of these affective measures have been
used to evaluate implicit responses to individual items. If the uncanny
valley is being observed with these implicit affective measures, it would
achieve two ends: First, it demonstrates that the uncanny valley does
occur with implicit affective measures; this would indicate that the
phenomenon could have impact on the way people behave toward these
robots, not only on the feeling they might have toward the robots.
Second, it demonstrates for the first time that these behavioural affective
measures can be used to evaluate affective responses to individual items
rather than categories of items. This could widen the use of these par-
adigms to address more practical questions beyond laboratory research.

3. Experiment 2
3.1. Method

3.1.1. Participants

There was no previous study that used an implicit measure to esti-
mate the uncanny valley or that used an implicit measure at individual
item levels, based on which sample size could be determined. Consid-
ering typical studies using cognitive experiments, I chose to recruit at
least 50 participants in each of the two studies, which was a higher end
of sample size typically used in such experiments with a fully within-
subject design. Although the effect sizes for item-level implicit mea-
sures were still unknown, this sample size would be large enough to
achieve a sufficient statistical power, given the large effect size (ng =
0.213 and 0.213) obtained for the subjective rating in Experiment 1; for
example, to obtain a power of 0.9 or above, I would have needed 44
participants to obtain the effect size equal to '1;2> = 0.2 in a repeated-
measures F-test (Faul et al., 2009). At the end, there were 63 partici-
pants in Experiment 2. They were paid £10 for participation. All re-
ported having normal or corrected-to-normal visual acuity, normal color
vision, and being fluent in English. Participants were further screened
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for their overall accuracy in the affective priming task. Two participants
marked an overall accuracy below 90 % and were excluded. The ana-
lyses were carried out with the remaining 61 participants (27 females,
34 males; mean age = 25.67, SD = 4.96, range = 18-42). The data
including the excluded participants can be found on the OSF project
page (https://osf.io/3ae2k/).

3.1.2. Apparatus and stimuli

Stimuli were selected from the robot faces validated in Experiment 1.
The images were first sorted in an ascending order of their mean MH
score obtained in Experiment 1, and 50 images at odd positions in this
order were used for test trials. The remaining 49 images at even posi-
tions were used for practice trials. I decided to use only 50 images for
test trials to keep a feasible duration of the session (< 30 min) while
maintaining as many trials per image as possible. There were four pos-
itive words (Happy, Cheer, Peace, and Love) and four negative words
(Evil, Murder, Abuse, and Agony). These words were used in previous IAT
studies and had been shown to induce evaluative reactions (Greenwald
et al., 1998; Yamaguchi and Beattie, 2020). The experiments were
created with and was controlled by Inquisit 6 (Millisecond Software,
LLC.), and the apparatus consisted of a personal computer and 24-in flat
screen monitor.

3.1.3. Procedure

The experiment was conducted for a group of participants in a group
testing room, in which five computers were arranged in each of the four
rows. The number of participants in a session varied from 7 to 12. Each
computer was partitioned from neighboring computers with screens, so
that participants were not able to see or interact with others in the room
once they were seated in front of their computers. Each session was
attended by three or four experimenters who monitored possible dis-
ruptions during the session. Once seated, participants read on-screen
instructions on the task, which emphasized the speed of responding
while participants were also asked to keep their response accuracy
above 90 %. A session took <45 min, including the time to seat and
instruct participants as well as the time to complete the experiment.

The task was based on the design used by Eder, Leuthold, Roth-
ermund, and Schweinberger (2012; see Fig. 3A). A trial started with a
black fixation cross at the screen center on a white background for 1000
ms, followed by a prime that was one of the robot faces sampled
randomly without replacement. The prime stayed on the screen for 150
ms and was replaced by a probe, which was one of the eight words. The
probe was visible only for 200 ms and was masked with an array of nine
“%” symbols. Participants had 2000 ms after the probe onset to make a
response, which required them to press the “S” or “L” key on a QWERTY
keyboard according to the valence of the word. The mapping between
valence and key was randomly determined for each participant, with an
equal probability of assigning the two keys to positive and negative
meanings. Response time (RT) was the interval between an onset of the
probe and a keypress. When a key was pressed, the trial ended imme-
diately. If participants pressed an incorrect key or failed to make a
response within 2000 ms, a red X was presented for 2000 ms, followed
by a 500-ms blank display. If they pressed the correct key, they were
presented only with the 500-ms blank display. The next trial started with
the fixation cross.

Each participant first performed a block of 10 practice trials on
categorizing words into positive and negative meanings. In this block,
there was no mask after the probe, and the probe was visible until the
trial ended. In the second block, also containing 10 practice trials, par-
ticipants performed the same affective priming task, but the probe was
visible only for 200 ms and was masked with an array of nine “%”
symbols. The following four blocks consisted of 100 test trials each, and
participants performed the same task as the second practice block. In
each of these blocks, each of the 50 robot faces appeared twice, once
with a positive word (positive trials) and once with a negative word
(negative trials). In total, there were four positive trials and four
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negative trials for each robot face for each participant.

After performing the affective priming task, participants rated each
of the 50 robot faces on the MH scale as in Experiment 1. Each robot face
appeared one at a time in a random order. Participants used a slider and
adjusted the scale ranging from —100 to +100. The initial position was
at a score of 0, and they were not permitted to proceed if the slider was
not moved from the initial position. They were also asked to avoid only
using the extreme values (—100 or +100) for all faces but to use the
entire scale to rate robot faces. There was no timeout to make a response.

3.1.4. Data analysis

Mean RT for correct responses and percentages of error trials (PE)
were computed for each participant, separately for positive trials and
negative trials. Trials were discarded if RT was <200 ms (as immature
responses) or if no response was made within the response deadline
(2000 ms). Based on the logic behind affective priming, the more posi-
tively participants perceived the robot face, the faster (and the more
accurate) the responses should be on positive trials but the slower (and
the less accurate) they should be on negative trials. Therefore, for each
robot face, RT and PE for positive trials was subtracted from RT and PE
for negative trials to derive the index of positivity of participants’
perception of the robot. Hence, the more positively the robot face was
perceived, the higher the positivity score should be for the robot face.
The resulting measure is denoted as P(AP), where P stands for positivity
score.

The data were analyzed in the same manner as in Experiment 1,
where the positivity score replaced the self-rating likability score. The
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positivity score was averaged across participants for each robot face and
was polynomially regressed onto the MH score for the robot faces up to
the fifth-degree model or until the most parsimonious model was found.
As in Experiment 1, the most parsimonious model was that which fit the
data better than a lower degree model while a higher degree model did
not improve the fit significantly. This procedure was carried out with
raw positivity and MH scores as well as the standardized scores, and the
results of the standardized scores are reported in Appendix. The stan-
dardized scores were tested because the positivity and MH scores were
in arbitrary scales, but the main results were largely consistent.

Although the original plan was to use the MH scores obtained after
the affective priming task, these scores were much noisier than those
obtained in Experiment 1. This was partly because several participants
only used extreme values (—100 or +100) for almost all faces, despite
the instructions not to do so. Also, all participants were already exposed
to these images for a half hour and might not have reflected their first
impressions. As Mathur et al. (2020) noted, these individual scores were
a noisy version of the normative scores derived from the large sample in
Experiment 1. Therefore, I decided to use the MH score from Experiment
1 for the present analyses so as to minimize the contamination from
extraneous factors. Subjective ratings from Experiment 2 (and Experi-
ment 3) are also available on the OSF project page for the purpose of
reanalysis.

3.2. Results

Mean RT for positive trials was 609 ms (SE = 11.44), and that for
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Fig. 5. The positivity scores for RT and PE in Experiment 2 and Experiment 3 regressed on polynomial terms of the machine-humanness (MH) score from Experiment
1. The solid lines are the predictions of the most parsimonious models for the respective measures. The shaded bands are the confidence intervals. The dots are mean
scores for individual robot faces. P(AP) is the positivity score from the affective priming procedure in Experiment 2, and P(SC-IAT) is the positivity score from the
single-category IAT in Experiment 3. No predictions are shown for P(SC-IAT) for RT because no model up to the fifth-degree polynomial fit the data.
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negative trials was 620 ms (SE = 10.81). The former was significantly
shorter than the latter, t(60) = 3.08, p = .003, Cohen’s d = 0.394. PE for
positive trials was 3.02 % (SE = 0.24), and that for negative trials was
3.39 % (SE = 0.33). There was no overall affective priming effect, t(60)
= 1.45,p =.152, Cohen’s d = 0.186. Thus, there was an overall positive
affective priming effect in RT, but not in PE. Note that the lack of the
affective priming effect in PE does not mean that there was no uncanny
valley effect in the PE data, as shown below.

Next, the results of polynomial model comparisons are summarized
in Table 1. For P(AP) for RT, the most parsimonious model was the third-
degree polynomial, which is depicted in Fig. 5A. This model was
significantly better than the second-degree model, whereas it was not
significantly different from the fourth-degree model. For P(AP) for PE,
the most parsimonious model was also the third-degree polynomial (see
Fig. 5B). This model was significantly better than the second-degree
model. Therefore, P(AP) for both RT and PE showed an increasing
trend as the MH score increased, but it peaked at around —60 and began
to decrease, consistent with the subjective likability rating in Experi-
ment 1. The positivity measure then reached the bottom of a valley at an
MH score between 20 and 40 and rose once again.

3.3. Discussion

Experiment 2 successfully reproduced the uncanny valley effect with
the affective priming task, indicating that implicit affective reactions do
follow the same pattern as the subjective rating of the likability of the
robot faces. It is noteworthy that this result is obtained with a relatively
small number of trials per item (4 positive and 4 negative; 8 trials in
total), which is surprising because cognitive tasks typically involve
many more trials per condition. The successful demonstration of the
uncanny valley effect in the present experiment is likely because the
data were analyzed based on the unit of robot faces, averaged across
participants, rather than in terms of participants. In essence, data were
averaged across all trials for 61 participants for each robot face,
reducing the noise in the data analysis. Hence, the present analysis
approach appears to be useful to evaluate item-level affective responses.
The outcome indicates that the procedure is effective to evaluate af-
fective reaction to individual items within a category at a group level
analysis (i.e., when the scores were averaged across participants for each
robot). Experiment 3 examined whether similar results could be ob-
tained with the single-category IAT.

4. Experiment 3
4.1. Method

4.1.1. Participants

Fifty nine participants were recruited from the same subject pool as
in Experiment 2. Data collection for Experiment 3 was carried out after
completing that for Experiment 2, and participants were not permitted
to participate in both studies. Five participants were excluded for low
overall response accuracy, and the analysis was carried out for the
remaining 54 participants (24 females, 28 males, 2 non-binary; mean
age = 27.26, SD = 5.06, range = 18-37).

4.1.2. Apparatus, stimuli, and procedure
The stimuli were the same digital images of robots used in
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Experiment 2. Positive words were Happy, Cheer, Peace, Love, and
Pleasure; negative words were Evil, Murder, Abuse, Agony, and Filth.” The
same apparatus and test room as in Experiment 2 were used.

The task was the single-category IAT based on the design originally
used by Karpinski and Steinman (2006; see Fig. 3B). A trial started with
a black fixation cross, against a white background, for 1000 ms, followed
by an imperative stimulus (either a word or an image of a robot face).
The imperative stimulus stayed on the screen until a response was made
or for 2000 ms if no response was made. If an incorrect response was
made or no response was made, a red “X” appeared on the display for
2000 ms, followed by a 500-ms blank display. If the correct response was
made, participants were presented only with the blank display. The next
trial started with the fixation cross. RT was the interval between an onset
of the imperative stimulus and a keypress. Each participant started with
a block of 10 practice trials for which they were presented only with a
word on each trial and categorized it as a positive or negative word by
pressing the “S” or “L” key. As in Experiment 2, the mapping of positive
and negative words to the two keys was randomly determined for each
participant. In the following two blocks of 10 practice trials each, this
word categorization task was mixed with the target task for which
participants were presented with a robot face and pressed one of the two
keys. In one of the blocks, they pressed the key assigned to positive
words (positive block), and in the other block, they pressed the key
assigned to negative words (negative block). The word trial appeared
with the probability of 0.29 (10 out of 35) and the target trial appeared
with the probability of 0.71 (25 out of 35). The order of these blocks was
randomly determined for each participant and kept fixed for the
remaining blocks for the participant. After the practice blocks, there
were 16 blocks of 35 test trials each, which consisted of 10 trials for the
word task and 25 trials for the target trials. Each of the 10 words
occurred once per block. For a set of four consecutive blocks, each face
occurred on 2 trials, once in the positive block and once in the negative
block. In total, each face occurred on four positive trials and four
negative trials for each participant. Therefore, there were 400 face trials
(50 faces x 8 trials per face) and 160 word trials (10 words x 16 blocks).
After performing the single-category IAT, participants also rated each of
the 50 robot faces on the MH scale as in Experiment 2.

4.1.3. Data analysis

Mean RT for correct responses and PE were computed for each
participant. Trials were discarded if RT was <200 ms (as immature re-
sponses) or if no response was made within the response deadline (2000
ms). As the IAT effect was evaluated for each robot face, only data from
the target task was used. As in Experiment 2, for each robot face, RT and
PE for positive trials was subtracted from RT and PE for negative trials to
derive the index of positivity of participants’ perception for the robot,
now labeled as P(SC-IAT). The positivity score was polynomially
regressed onto the MH score from Experiment 1.

4.2. Results

Mean RT was 521 ms (SE = 9.40) for positive trials and 523 ms (SE =
8.60) for negative trials, and there was no significant difference between
these types of trial, t(53) = 0.39, p = .701, Cohen’s d = 0.053. PE was
1.98 % (SE = 0.33) for positive trials and 2.19 % (SE = 0.32) for negative
trials, which were again not significantly different, #(53) = 0.63, p =
.533, Cohen’s d = 0.085. Hence, there was no overall single-category

¢ Experiment 3 used 10 words (5 positive and 5 negative), instead of 8 words
as in Experiment 2, because our previous study on the IAT (Yamaguchi &
Beattie, 2019) used the same word set. Note that the length of a single trial was
slightly longer in Experiment 2 than in Experiment 3 because there were two
stimuli per trial (prime and probe) in Experiment 2, instead of a single stimulus
(picture or word) in Experiment 3. Hence, to shorten the length of a session in
Experiment 2, we used 8 words instead of 10 words.
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IAT effect in RT or PE. Note again that the lack of the single-category IAT
effect in the overall descriptive statistics does not necessarily indicate a
lack of the uncanny valley effect in these data, which was examined in
the polynomial regression as reported below.

Unlike the results of the affective priming task in Experiment 2, there
was no parsimonious model up to the six degree polynomial for P(SC-
IAT) for RT (see Fig. 5C). However, P(SC-IAT) for PE still produced
the uncanny valley effect (see Fig. 5D). The most parsimonious model
was the fourth-degree polynomial, which was significantly better than
the third-degree model but was not significantly different from the fifth-
degree model for both raw and standardized scores. The positivity score
increased as HM score increased from —100 and peaked at around -70. It
then dropped to the bottom of the valley at a HM score of zero and then
increased toward more positive values for higher HM scores. Thus,
although P(SC-IAT) for RT did not show the uncanny valley effect, P(SC-
IAT) for PE still showed the expected pattern that was consistent with
the results of Experiment 1.

4.3. Discussion

The present experiment used the single-category IAT, which again
demonstrated the uncanny valley effect in PE but not in RT. The
discrepancy between RT and PE is sometimes obtained in the IAT,
especially when participants did not have sufficient time to make
speeded responses (as confirmed in an unpublished study manipulating
speed-accuracy tradeoffs in another experiment from our lab). The
response deadline of 2000 ms might have been too short for many
participants in the single-category IAT as it required switching between
the two tasks in a random order. A recent study also suggested that RT in
the IAT only accounted for a small portion of variance in predicting
explicit attitude measures (Schimmack, 2021), which may imply that
the RT measure in the IAT might not be sensitive enough to capture the
variability of affective reactions across robot faces. Nevertheless, the
uncanny valley effect obtained in PE indicates that the single-category
IAT is still useful to evaluate affective reactions to individual items.

5. General discussion

Fifty years after Mori (1970) proposed the original hypothesis, the
relevance of the uncanny valley has become more evident in recent
years, owing to the current expansion of robotics and Al technologies as
well as the popularity of computer graphics animations in films and
digital media. Understanding the emotional impact of these technolo-
gies and media is still an underrepresented area of research, and the
present study filled a caveat in the study of the uncanny valley effect by
demonstrating the effectiveness of behavioral paradigms to measure
affective reactions to individual items. Despite the wide acknowledge-
ment, the uncanny valley remained to be a controversial hypothesis
because of the mixed support it has received from empirical studies. For
example, Bartneck and Kanda (2009) compared people’s likability rat-
ings for a human and for an android of the same human and found no
significant difference, based on which they argued that the uncanny
valley should no longer be used to hold back the development of highly
realistic androids. Burleigh et al. (2013) also argued against the uncanny
valley effect, suggesting that the phenomenon depended on multiple
different factors that gave rise to the human-likeness of robots or ava-
tars. In contrast, several recent studies observed the uncanny valley ef-
fect successfully by using a large sample of existing robot faces (e.g.,
Mathur et al. 2020; Tu et al., 2020), based on which the present study
was designed. Possible reasons for the mixed support stem from the
ambiguities in the original formulation of the uncanny valley. One of the
ambiguities comes from the original Japanese term “Shinwakan” used to
describe the affinity for robots. This is a composite of two terms that
cannot be translated readily into other languages. In fact, different re-
searchers have adopted different translations of the term, and the
presence of the uncanny valley effect apparently depended on which
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translation was used, especially when self-rating is used to measure this
attribute (e.g., Ho and MacDorman, 2016; MacDorman and Chatto-
padhyay, 2016). The use of a behavioral measure in the present study is,
thus, a step forward to overcome this ambiguity in the uncanny valley
effect.

The present behavioral measures are also free from the assumption
about the underlying causes of the phenomenon. Several theories have
been proposed to explain the uncanny valley effect; some researchers
attribute the phenomenon to perceptual properties such as the difficulty
of discrimination (human and robot exemplars may be difficult to
discriminate when they appear similar to each other; Cheetham et al.,
2014) or category ambiguity (exemplars are categorically ambiguous
when they lay at the boundary between two categories; Yamada et al.,
201), whereas others attribute it to cognitive processes such as cognitive
conflict (Ferrey et al., 2015; Weis and Wiese, 2017) and mind attribution
(Appel et al., 2020; Gray & Wegner, 2012). Depending on their theo-
retical positions, different measures of affinity have been used to test the
uncanny valley effect. The present behavioral measures are relatively
free from these assumptions because they are designed to measure af-
fective responses directly and, arguably, implicitly. The present findings
of the uncanny valley in the two behavioral measures, thus, assure a
degree of confidence that the effect has an emotional basis. In the
meantime, the interpretations of the outcomes of the two behavioral
measures are still subject to debate, which is considered in more detail
later.

In addition to the importance of the present results for the study of
the uncanny valley, the present findings are also important as they
demonstrated that the behavioral paradigms provided item-level mea-
sures of affective reactions. The positivity scores from the affective
priming procedure and the single-category IAT showed a non-linear
relationship with human-likeness of robot faces similar to the uncanny
valley effect observed in the self-rating likability scale replicated in
Experiment 1. This result demonstrated for the first time that these
behavioral measures can be used to evaluate affective responses to in-
dividual items rather than to groups of items. The sensitivity to affective
values of individual items is an encouraging finding that suggests a
wider applicability of the paradigms in many other domains outside
laboratory research, such as marketing and economic research or
product development where implicit evaluations of individuals products
within a category (e.g., different models of a car brand) are more
meaningful than that of categories of products (cars vs. motor cycles).
Because this is the first demonstration of item-level affective measures,
further scrutiny is required to evaluate the robustness of the present
findings and the generalizability of the approach to other stimuli.

While emphasizing the usefulness of the behavioral measures, some
pitfall should also be acknowledged. Although the two behavioral par-
adigms used in the present study were the arguably most popular im-
plicit measures of affective reactions (e.g., Bar-Anan and Nosek, 2014),
their results were not in perfect agreement. The affective priming pro-
cedure produced the uncanny valley effect similarly in the RT and PE
measures, whereas the single-category IAT only produced the effect in
PE. The lack of the effect in RT could be due to a potential
speed-accuracy trade-off; in a study from our lab that is yet to be pub-
lished, the IAT effect emerged only in PE when response speed was
emphasized, whereas it emerged only in RT when response accuracy was
emphasized. However, it could also be due to the unreliability of the IAT
measure that has been raised by several researchers, especially for its
standard format. There has been an extensive debate as to the validity of
the IAT as a pure measure of implicit attitude (e.g., Blanton et al., 2009;
Fiedler, Messner, and Bluemke, 2006; Karpinski and Hilton, 2001; Zie-
gert et al., 2009; Yamaguchi & Beattie, 2019), and the debate is still
ongoing (Cvencek et al., 2020; Schimmack, 2021). Considering the
volume and intensity of the debate, it is no longer possible to make a
decisive claim based on a single study. Yet, the fact that the two
behavioral measures yielded similar uncanny valley effects at the
item-level analyses in the present study indicates that both procedures
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do share a certain commonality of the underlying affective reactions to
these robot faces.

At the same time, however, the IAT’s failure to produce the uncanny
valley effect in RT also underscores the difference between them. Re-
searchers of social evaluation have highlighted two loci of implicit
biases; one that arises from affective reactions (e.g., fear of robots) and
the other that arises from stereotypes (e.g., robots are unintelligent). As
much as affective reactions do, stereotypes can also yield implicit biases
in human’s behavior and judgment, but they are semantic instead of
emotional. While different variations of the IAT have been developed to
tease apart the two sources of implicit biases and have been shown to
account for different types of human behavior (Amodio and Devine,
2006), it is still possible that the IAT and the affective priming used in
the present study rely on these loci of implicit biases to different degrees,
such that affective priming reflected affective reactions more than the
IAT, or vice versa. Although it is difficult to examine how much of the
two behavioral measures reflects affective reactions and how much re-
flects stereotypes, the present results seem to imply that affective
priming might be a better option in terms of the robustness (because the
uncanny valley effect was observed both in RT and in PE) and to avoid
the ambiguity in the interpretations inherent in the IAT. To corroborate
this, it is worth emphasizing that the IAT effect is usually measured in RT
rather than in PE, so the lack of the uncanny valley effect in RT raises a
concern.

5.1. Does it scale up to real-time interactions with robots?

Most studies of the uncanny valley used static images to evaluate
human reactions to robots and avatars, but humanoid robots are
designed to interact with human users in real time and in a dynamic
fashion. A salient feature of real-time interaction is the movement of a
robot. Mori (1970) originally proposed that the motion would amplify
the uncanny valley, which should result in stronger negative reactions to
robots. In line with this proposal, several studies have demonstrated the
importance of robots’ movement in human perception of the robots.
Moriguchi et al. (2010) asked participants to rate the animacy of a
human, a robot, and an android in video clips in which they performed a
card-sorting task. The movements of the robot and android were more
mechanical than that of the human actor, and they found significantly
lower animacy scores for these artificial agents than that for the human
actor. It was also found that human observers had a tendency to imitate
the movement of a humanoid robot (Oztop, Chaminade, and Franklin,
2005) but not that of an industrial robot (Milner et al., 2003). More
subtle bodily motions are also found to alter the human perception of
robots. Noma et al. (2006) tested whether human observers identified an
android as a human when it was static (sitting on a chair) or when it was
making natural movements of the eyes and chest. They found that only
20 % of the participants identified it as a human in the static condition,
but 76.9 % identified it as a human when the android robot exhibited the
natural movements of the eyes and chest. Similarly, several studies
found that human actors are sensitive to the gaze (e.g., Belkaid et al.,
2021; Boucher et al., 2012) and head movement (Sidner et al., 2005) of a
robot partner in a cooperative or conversational task. These subtle
non-verbal behavioral cues contribute to human users’ likability of the
robots (Zinina, Zaidelman, Arinkin, & Kotov, 2020). Nevertheless,
empirical evidence supporting Mori’s suggestion that motion amplifies
the uncanny valley has not been found (Piwek, McKay, & Pollick, 2014).

The human-likeness of a robot is unlikely to rely on a single factor;
instead, it is a multidimensional construct that involves interplay be-
tween different factors (Burleigh et al., 2013; MacDorman, 2006).
Hence, a systematic manipulation of human-likeness is extremely diffi-
cult, and the results have been variable across different studies that used
different exemplars and manipulations. Indeed, Hanson (2006) argued
that the uncanniness of androids is nothing to do with human-likeness,
but it depends on other aesthetic elements of the face. One way to
overcome this multidimensional nature of human-likeness is to use a
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wide range of exemplars, as was done in the present study, rather than
distorting or morphing a small sample of images. Although the repeated
replications of the uncanny valley effect with this approach make it safe
to conclude that the uncanny valley is robust and generalizable across
different participant populations, they do not rule out all possible con-
founding factors that underlie the human-likeness of robots, nor do they
guarantee that the same result is obtained with a different set of ex-
emplars. There is always a possibility that the sample is biased in one
way or the other (e.g., there could be a bias in the type of robot engineers
produce). A shortcoming of the use of existing robots as exemplars is that
it does not allow us to understand what is responsible for the observed
uncanny valley effect. Even if the effect is robust, we are left with un-
certainties as to what is causing the affective reactions observed in the
present study. Another shortcoming of this approach is that it relies on
self-rating of human-likeness by observers, which could be noisy and
subject to different interpretations. Hence, a more objective measure of
the human-likeness scale needs to be explored in future studies as well.
In fact, to my knowledge, no study of the uncanny valley effect has posed
the question of what underlies the perception of human-likeness of
non-human characters (but see Diel & Lewis, 2024). This is yet another
unexplored realm of the field that requires future investigations.

Robot technologies have been advancing quickly in the last decade,
and it is not rare to see movies of working humanoid robots on social
media or video sharing platforms. Applications of behavioral measures
in a dynamic interactive situation involving robots can be challenging,
but it is still possible. For example, the aforementioned studies by
Boucher et al. (2012) and by Belkaid et al. (2021) demonstrated inno-
vative approaches to examine the influence of a robot’s gaze on human
cognitive performance. In these studies, human participants sat
face-to-face with a robot partner and performed a cooperative task for
which the robot’s gaze behavior was systematically manipulated. The
results of these studies clearly showed that the influences of the robot’s
gaze behavior can be observed in human reaction time. The approaches
taken by these researchers also point to a possible extension of the
present behavioral approach to examine human affective reactions to
different robot designs in a collaborative task setting . Yet, the use of real
robots necessarily limits the researcher’s ability to compare a large
number of exemplars that would be necessary to observe the uncanny
valley. Instead, HCI researchers might wish to start their investigation
with static images, as in the present study, or with short video clips to
present multimodal information of robots (e.g., Grundke, Stein, and
Appel, 2023; MacDorman, 2006; Mitchell et al., 2011). They can then
narrow down to a smaller number of exemplar robots to test affective
reactions in a real-time interaction. Whether findings in the uncanny
valley research scale up to a real-time interaction with a robot is yet
another exciting and important topic of future research.

Finally, the use of behavioral methods like the ones in the present
study may seem to demand more unique skills, more time, and more
training, to administer them properly, as compared to online question-
naires, only because they are less familiar to many researchers outside
the field. However, the procedure could be standardized, and data
processing can be pipelined, as the benefit of the approach is established
firmly in the future investigations, which should ease the use of the
behavioral methods for wider applications outside laboratories. It is
noteworthy that the IAT has been used as an online tool for many years
(e.g., Project Implicit; https://www.projectimplicit.net/). Therefore,
there are fewer barriers than one would imagine in making use of
behavioral methods, and it is indeed an interesting avenue for future
investigations as to whether more simplified procedures than the ones
used in the present study could provide reliable affective measures
outside laboratories.

5.2. Concluding remarks

The ever expanding markets of smart AI technologies raise the
importance of considering their emotional impact on human users,
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which would play a key role in people’s acceptance of the technologies
in the next few years. The robustness of the uncanny valley effect found
in the present study suggests the possibility that the phenomenon orig-
inates from intrinsic human reactions to human-like figures that still
lack the perfection of a real human appearance. Provided the complex
array of possible factors that come into play in creating the eventual
feeling toward these agents, further investigations are needed to un-
derstand the underlying mechanism of the uncanny valley. An inter-
esting approach is to develop a computational model to simulate the
uncanny valley (Moore, 2012), which has been used to simulate hypo-
thetical differences in the perception of artificial agents between the
general population and individuals with an autism spectrum disorder
(Ueyama, 2015). Although interesting an approach to evaluate indi-
vidual differences of the uncanny valley, the empirical validity of the
computational model is yet to be established.

It is also acknowledged that the polynomial model used in the pre-
sent study is useful to describe the relationship between the human-
likeness (MK) score and the observed subjective or behavioral mea-
sures of likability, but it does not explain the underlying psychological
processes. Diel and Lewis (2024) published a new study challenging the
validity of a polynomial model as an ‘explanation’ of the uncanny valley
and proposed an alternative approach, which consists of a combination
of multiple linear models that fit to different categories of faces sepa-
rately. They suggested that “the uncanny valley can be thought of as a
moderated linear function” (p. 7) in which sensitivity to distortion is
high at higher human-likeness levels, increasing relative uncanniness for
human-like faces. That is, they suggested that the uncanny valley can be
explained by two factors; facial categories that vary in realism and
configural distortions of faces within each category. While this sugges-
tion is insightful, an application of their framework to an arbitrary set of
facial exemplars (such as those used in the present study) is difficult,
because there is no easy way to classify exemplars into pre-defined
categories with a measurable distortion level. Nevertheless, the au-
thors introduced a novel approach to interpret the uncanny valley based
on a psychologically interpretable model. More psychological models of
the uncanny valley effect are needed to advance our understanding of
this phenomenon.

At the present, there are more unknowns in our understanding of the
underlying mechanism of the uncanny valley. Given the fast rate of
development in robotics and AI technologies with a human level per-
formance, it may only be a matter of time when humans spend more
time interacting with artificial agents than with real humans (e.g.,
imagine how much time students might be using ChatGPT nowadays, as
opposed to vising their teacher’s office hours, to prepare for an incoming
exam). Understanding the psychological impact of human-robot inter-
action can become a key factor to enhance well-being of the humankind
in the near future.
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