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ABSTRACT KEYWORDS

The present study investigated the electrophysiological correlates of the uncanny val- Human-robot interaction;
ley effect while human observers viewed pictures of robot faces that varied in the social robotics;
human-likeness of their appearance. We found characteristic non-linear trajectories of ~ electrophysiology; affect;
the N400 amplitude against the self-rated human-likeness score, similar to the trajec- valence

tory found for the self-rated likability score. The late positive potential (LPP) and

frontal-midline theta showed parabolic trajectories against the human-likeness scores,

which peaked at most uncanny faces but did not follow the non-linear uncanny-valley

pattern. The frontal alpha asymmetry and the N170 did not produce this trajectory.

These results corroborated the proposal that the uncanny valley effect stems from

expectancy violation for human faces, but they surprisingly provided little evidence

for affective reactions to uncanny robot faces. The LPP and frontal-midline theta could

reflect increased cognitive control to process categorically ambiguous faces rather

than the uncanniness of the faces. These findings suggest that the uncanny valley

effect is primarily a perceptual or cognitive phenomenon, whereas its emotional

impact might be less prominent than commonly believed.

1. Introduction

When we encounter images of artificially created agents, such as virtual avatars and robots, their
human-like appearance can trigger a deep sense of unease. This phenomenon was first documented by
Mori (1970) and was introduced in English as the uncanny valley (Reichardt, 1978; also see Mori et al,,
2012). Mori observed that people’s affinity for objects increases as their appearance becomes more
human-like until a certain threshold, beyond which their affinity drops sharply (see Figure 1). Despite
the broad acceptance of the uncanny valley hypothesis, however, much remains unknown about how
we respond to images that fall with the uncanny valley (for reviews, see, Katsyri et al., 2015; Wang
et al., 2015). Whereas most studies used subjective ratings of robots or digital images, there remains
much to understand about neural responses to images at different locations along the uncanny valley
(Vaitonyte et al., 2023). The present study used electroencephalography (EEG) to monitor brain activ-
ities while people observed images of robots that varied the degree of uncanniness. We evaluated mul-
tiple potential neural correlates of the uncanny valley.

1.1. Electrophysiological responses to the uncanny valley

Although the concept of the uncanny valley was proposed more than a half century ago, empirical
studies of the phenomenon are a relatively recent development (Diel et al., 2022; Katsyri, et al., 2015;
Vaitonyte et al.,, 2023; Wang et al.,, 2015), and many accounts have been proposed. For instance, some
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Figure 1. An illustration of the uncanny valley hypothesis by Mori (1970).

argue that the uncanniness of faces results from facial distortions that are indicative of a transmissible
disease, provoke a fear of death, or fail aesthetic standards for mate selection (MacDorman & Ishiguro,
2006). Other theories suggest that near-human appearance evokes the expectancy of human features or
characteristics, which are then violated by non-human features or a lack of human characteristics (e.g.,
MacDorman & Chattopadhyay, 2016; Moore, 2012). Still others argue that categorical confusion or aty-
picality of exemplars creates the feeling of uncanniness (e.g., Burleigh et al., 2013; Yamada et al., 2013)
or that “seeing the mind” in robots (e.g., the capacity to feel pain) causes the uncanny feeling (Gray &
Wegner, 2012). Some of these accounts have been tested empirically (Gray & Wegner, 2012;
MacDorman, 2024; Mathur et al., 2020; Yamada et al., 2013), but other accounts have not been submit-
ted to a rigorous evaluation. Arguably, accounts that have received more support are those that empha-
size the presence of atypical (e.g., MacDorman & Chattopadhyay, 2016; Seyama & Nagayama, 2007;
Tinwell et al., 2013) or distorted (Diel & MacDorman, 2021) facial features (e.g., having unusually large
eyes), but some argue that human-likeness is a multidimensional construct (Burleigh et al., 2013), so
the uncanny valley may not be determined by a single factor (Hanson, 2006). To examine the multiple
potential sources of the uncanny valley, the present study examined neural correlates that are known to
be manifestations of different psychological reactions and states.

Only a handful of neuro-imaging studies have been conducted on the uncanny valley. Vaitonyté
et al.’s (2023) scoping review found 13 neuro-imaging studies, of which seven used EEG. The earliest
EEG study was conducted by Urgen et al. (2013) who examined sensorimotor mu and theta oscillations
when observing actions of a mechanical robot, an android, and a human actor. The researchers consid-
ered the mu oscillations to reflect the mirror neuron system that simulated observed actions in the
observer’s mind, but they did not find a significant modulation across the three agents, suggesting that
the type of agent did not change the observers’ perception of actions. On the other hand, they found
larger theta power for the mechanical robot than for the android or human actor. The researchers
interpreted this outcome as reflecting greater memory processing to encode the action of the mechan-
ical robot than those of the android or the human actor (but see the next section for an alternative
interpretation of the theta oscillations). Subsequently, Urgen et al. (2018) examined event-related poten-
tials (ERPs) with the movies of the three types of agents as in their earlier study and found a larger
N400 component when their participants observed an android with mechanistic movements than when
they observed a human with natural human movements or a mechanistic robot with mechanistic move-
ments. The researchers explained that the larger N400 resulted from the mismatch between the human-
like appearance and the mechanistic movement that violated the observer’s expectancy. Mustafa et al.
(2017) also had their participants observe computer-generated (CG) images of human faces with varied
degrees of realism and found that the N400 was smaller for human faces and comic-style CG faces,
both of which did not involve any violation of expectancy for given categories of stimuli, than for
human-like CG faces that were rated more uncanny. It should be noted that, as in Urgen et al.’s (2018)
study, Mustafa et al.’s stimuli also included mouth movements to simulate speeches (but without the
actual speech sounds). These results, thus, could have emerged from an expectancy violation caused by
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the mismatch between the agents and their movements rather than direct reactions to uncanny faces,
because the N400 can be enhanced for unnatural body movements (Syrov et al., 2022).

Other ERP components examined for the uncanny valley include the N170 and the late positive
potential (LPP). The N170 is thought to be an index of facial processing, which is larger for human
faces than for non-human faces (e.g., Gajewski & Stoerig, 2011) but also for faces with emotional
expressions than for those with neutral expressions (Dubal et al., 2011; Hinojosa et al., 2015). Schindler
et al. (2017) created CG facial images and found that the N170 increased from a cartoon face to more
human-like faces but then decreased as the images approached a real human face. The LPP is thought
to reflect the arousal component of emotional stimuli (rather than valence). Shindler et al. found that
the LPP increased for more human-like faces and was largest for a real human face. Interestingly,
another study found that the LPP was smaller for human faces than for computer-generated faces
(Cheetham et al., 2015). These two findings contradict one another, and it is also noteworthy that the
monotonic increase or decrease of the LPP across different degrees of human-likeness does not seem to
mirror the non-linear relationship between affinity and human-likeness that is thought to be a salient
characteristic of the uncanny valley.

Furthermore, Mustafa and Magnor (2016) used CG faces and found a larger P200 for uncanny faces
than for real human faces, but their sample size was very small (N=10). Bagdasarian et al. (2020) fur-
ther examined the steady-state visual evoked potential (SSVEP) with CG faces. They only found that
the SSVEP amplitude for a real human face was more strongly correlated with subjective ratings of the
realness of the face than for CG faces, but the implication of their results for the uncanny valley is
unclear.

1.2. The uncanny valley as an affective phenomenon

Regardless of the origin of the uncanny valley effect, most researchers would agree that its eventual
consequences are affective. Mori’s (1970) original definition of the uncanny valley hypothesis uses a
Japanese term, Shinwa-kan, which was made of the two characters that roughly mean the feeling of
“familiarity” and “compatibility.” It has been translated into different English terms, such as “comfort,”
“likability,” “warmth,” and so on (e.g., Katsyri et al., 2015; MacDorman et al., 2009; Mitchell et al.,
2011; Reichardt, 1978), while Mori preferred “affinity” as its English translation (Mori et al., 2012).
Others also used a reverse-coded negative connotation, such as “eeriness” (MacDorman & Ishiguro,
2006), or a compound scale, such as “pleasant vs. creepy” (Mathur & Reichling, 2016). Although the
interpretations varied across studies, all seems to involve some sort of emotionality as the manifestation
of the uncanny valley effect. In a recent study, two behavioral measures of affective responses, affective
priming and the single-category implicit association test, were found to produce the uncanny valley
effect as plotted against the human-likeness of robot faces as well (Yamaguchi, 2025).

Arguably, two common electrophysiological correlates of affective responses are related to the alpha
(8-12Hz) and theta (4-7 Hz) power bands. First, the frontal cortical activities have been shown to pro-
duce distinct involvements of the two hemispheric regions for positive and negative emotions
(Davidson, 1992), whereby positive emotion results in a greater left-sided activation whereas negative
emotion results in a greater right-sided activation. These hemispheric asymmetries are often observed
in the alpha band (the frontal alpha asymmetry; Ahern & Schwartz, 1985; Davidson et al., 1979). To
our knowledge, there has not been any study of the uncanny valley that examined the frontal alpha
asymmetry.

Second, the mid- or anterior cingulate cortex is thought to regulate negative affect, whose activities
are thought to be manifested in the theta band (the frontal-midline theta; Cavanagh & Shackman, 2015;
Sammler et al., 2007). The aforementioned study by Urgen et al. (2013) examined the theta power while
their participants viewed videos of three different agents (human, mechanical robot, and android).
They found increased theta power for the mechanical robot compared to the android or human at the
frontal and central sites, and they proposed that greater memory processing to encode the action of the
mechanical robot was involved. An alternative interpretation of their finding is that the action of
the mechanical robot induced a more negative reaction to the observer. In either case, their study only
included three exemplars, so the implication for the uncanny valley effect may be limited.
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1.3. The present study

The previous EEG studies provided some promising candidates for neural responses to the uncanny
valley (e.g., Cheetham et al, 2015; Mustafa et al., 2017; Schindler et al., 2017; Urgen et al., 2018), but
all of these findings are limited by the relatively narrow range of stimuli used in these studies, which
prevented researchers from testing the expected non-linear relationship between an electrophysiological
correlate and the human-likeness of their exemplars. Thus, we extended previous research over a wide
range of images with varying levels of human-likeness, which were originally created for a survey study
(self-report; Mathur et al., 2020) and were validated with behavioral measures (Yamaguchi, 2025). The
present study examined three ERP components (N400, N170, and LPP)' and two EEG oscillatory com-
ponents (frontal alpha asymmetry and frontal-midline theta).

2. Method
2.1. Participants

Thirty-nine students and staff from a local university were recruited and were paid £24 (GBP) for their
participation; all reported normal or corrected-to-normal vision and no color blindness. One partici-
pant did not complete the entire session, and five participants were excluded based on the recording
quality (see the Electrophysiological Data Processing section). In the end, there were 32 participants (24
females, 8 males; mean age = 26.00, SD = 5.01, range = 19-42) in the analysis. The analysis involved
comparisons among polynomial regression (Mathur et al., 2020; Mathur & Reichling, 2016; Tu et al.,
2020; Yamaguchi, 2025), for which there was no established method to determine an appropriate sam-
ple size. Thus, we performed computer simulations to determine that the sample size was sufficient to
obtain reliable results (see Supplementary Materials). All participants read the participant information
sheet and signed an informed consent form before data collection commenced. The experiment was
reviewed and approved by the University of Essex’s Research Ethics Committee.

2.2. Transparency and data availability

All stimuli, experimental programs, and analysis scripts are available from the OSF project page
(https://osf.io/pf3j7/). The raw continuous data are available from the Harvard Dataverse (https://doi.
org/10.7910/DVN/ZTCWPG). The analysis was not pre-registered but followed closely of our previous
study (Yamaguchi, 2025).

2.3. Apparatus and stimuli

The experiment was programmed and controlled by Inquisit 6 (Millisecond, LLC.) with a local com-
puter running Windows 10. Stimuli were presented on a 24-in flat screen monitor (120 Hz refresh
rate). The monitor was located outside the EEG recording cage and was viewed by participants through
a window on one side of the cage. The stimuli were images of 50 robot faces, which were selected from
Mathur et al’s (2020) stimulus set. We chose to use Mathur et al.’s images because their data showed a
clear non-linear trajectory of self-rated likability scores of these robot faces as plotted against their
human-likeness scores, which beautifully captured the uncanny valley effect. In the first author’s previ-
ous study (Yamaguchi, 2025), 99 robot faces were selected from the original stimulus set by excluding
similar images, which replicated the uncanny valley effect in self-rated likability scores. The stimulus
set was then reduced to 50 robot faces by arranging the images in the order of self-rated human-like-
ness scores and choosing every other images in that order, so the reduced stimulus set would still cover
the entire human-likeness spectrum. The resulting stimulus set was used in two behavioral experiments
in that study, which also exhibited similar non-linear trajectories of behavioral affective scores plotted
against self-rated human-likeness scores. The same set of 50 robot faces were used in the present
experiment and illustrated in Figure 2. The remaining 49 images were also used for practice trials,
which never showed up during the recorded trials.
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Figure 2. Images of 50 robot faces used in the experiment in the order of their MK scores (from more mechanistic to
more human-like) from study 1 of Yamaguchi (2025).

Viewing Block

Fixation
(jittered 1-2 seconds) 5 seconds viewing 2 seconds rest
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I l ° (9«'

e
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Figure 3. An illustration of the event sequence on a trial for the viewing-only blocks (top) and subjective human-like-
ness and likability rating blocks (bottom).

2.4. Procedure

The experiment was run individually. After the electrodes were set at satisfactory impedances (< 15kQ)
with conductive gel, participants sat in a recording cage and were instructed on the task. They first per-
formed practice trials with three separate blocks before they performed nine recording blocks. A
recording session took no longer than 90 min. Figure 3 illustrates the sequence of displays on a trial.

The first practice block was a viewing-only block, in which participants were presented with an
image of one of the robot faces and were asked to view it passively for five seconds. They were told to
minimize the movements of their eyes, head, and body, as much as possible during this period. Each
trial started with a fixation cross in the screen center. The duration of the fixation cross was randomly
selected between 1 and 2s, with 200-ms increments. An image of a robot face replaced the fixation
cross and appeared to fit within 40% of the screen width and height in the center. After 5s, the image
was replaced with a word “Blink” for 2's, which prompted participants to blink before the next trial
started.
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In the second and third blocks, participants viewed a robot face and rated the robot face for its lik-
ability or human-likeness, depending on the block. In the likability block, they were told to inspect the
robot face within the 5-second viewing interval (without moving their eyes) and consider “how pleasant
or creepy it would be if they were to interact with the robot in an everyday situation such as asking
questions in a museum information booth.” After the 5-second viewing interval, participants were pre-
sented with a slider and adjusted it with a computer mouse to indicate a likability within a range
between —100 (creepy) and +100 (pleasant). In the human-likeness block, they rated “how machine- or
human-like the robot looks;” participants adjusted the slider within a range between —100 (mechanical)
and +100 (human-like). Following Mathur and Reichling (2016), we used the composite of pleasant-
ness-creepiness rating as the affinity measure in this experiment, and we refer to it as “likability” score;
we also follow the same study and refer to the human-likeness score as the mechanical-human (MH)
score (also see Mathur et al., 2020).

After adjusting the slider, they clicked a button below the slider to proceed to the next trial. The ini-
tial position of the slider was set at zero, and participants were not allowed to proceed to the next trial
until they moved the slider from the initial position. The trial ended with a 2-second blank display.
The order of the likability and human-likeness blocks were counterbalanced across participants, and
the order was maintained for the recording blocks. Participants could perform as many practice trials
as they needed, with a minimum of 10 trials in each block. During the practice blocks, the experi-
menter monitored the movements of the eyes, head, and body and explained the importance of keeping
still to their best efforts during the EEG recording while referring to their brain activities displayed on
the screen. EEG signals were not recorded during the practice blocks.

After the practice blocks, participants performed nine test blocks alone in the cage. Each block con-
sisted of 50 robot faces. The first three blocks were always the viewing only blocks, and the following
six blocks were divided into sets of three likability blocks and of three human-likeness blocks. Each of
the 50 robot faces were presented once in random order in each block.

2.5. EEG recording and data processing

The EEG was recorded by using SynAmps RT and Curry 8 (Compumedics Neuroscan) running on a
Windows 10 computer, separate from the one presenting the stimuli. The data were sampled at
1000Hz and were recorded continuously from 60 scalp (Ag/AgCl) electrodes (BrainCap, Brain
Products) positioned according to the international 10 — 10 system (FP1/2/z, AF3/4/7/8/z, ¥1/2/3/4/5/6/
7181z, FC1/2/3/4/5/6/7/8/z, C1/2/3/4/5/6/z, T7/8, CP1/2/3/4/5/6/z, TP7/8, P1/2/3/4/5/6/7/8/z, PO3/4/7/8/
z, 01/2/z), with the ground electrode at AFz. The left earlobe was used as an online reference.
Additional monopolar electrodes were also positioned at the two mastoids (which was used as offline
re-references) and below the left eye (which was used along with FP1 to monitor vertical eye move-
ment). In addition, three sets of bipolar electrodes were used at the outer canthi of both eyes (to moni-
tor horizontal eye movement), at the corrugator spercilii above the right eye, and at the zygomaticus
major on the left cheek (to monitor facial electromyography). We did not analyze the facial EMG data.

The EEG data were processed and analyzed by using custom scripts using EEGLAB (Delorme &
Makeig, 2004), ERPLAB (Lopez-Calderon & Luck, 2014), and BioSig (Vidaurre et al., 2011) functions.
The data were first re-referenced to the average of the two mastoids and were band-passed between
1Hz and 45Hz. They were then down-sampled to 200 Hz. Independent component analysis (ICA;
Delorme et al., 2007) was applied to separate oculomotor, muscular, and line artifacts, from the scalp
electrodes by using ICLabel (Pion-Tonachini et al., 2019). The data were epoched to form stimulus-
locked segments from 100 ms pre-stimulus to 1000 ms post-stimulus, which were corrected based on
the mean voltage for the 100-ms pre-stimulus interval as the baseline. The trials for which the peak-to-
peak amplitude exceeded 100 uV (e.g., blinks and motion artifacts) or for which the channels of inter-
est were flat were removed before averaging. Participants for whom the proportion of excluded trials
exceeded 30% of all trials were removed from the subsequent analyses.

The ERP components of interest included the N400, N170, and LPP. They were computed, respect-
ively, as the mean amplitudes in the post-stimulus intervals between 350 to 550 ms (N400), between
150 to 200 ms (N170), and between 600 to 1000 ms (LPP). We also computed the P300 amplitude, but
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this is not reported below because of the temporal overlap with the N400 and the N170. The N400 was
examined for the frontal-parietal midline (Fz, FCz, Cz, CPz), the N170 was examined for the lateral
sites in the occipital region (PO7/8 and O1/2), and LPP were examined for the parietal midline (CPz,
Pz, and POz).

For the frontal alpha asymmetry and front-midline theta, we first obtained the log-band-power for
the alpha (8-12Hz) and theta (4-7Hz) bands from the pre-processed EEG signals, with a 1-s smoothing
window at each sampled time point (i.e., 5-ms intervals). The frontal alpha asymmetry was computed
by subtracting the mean amplitudes at the left hemispheric sites (AF3, F3, and F7) from those at the
respective right hemispheric sites (AF4, F4, and F8). The midline theta was computed for channels Fz,
FCz, and Cz. They were then averaged for each trial over the interval from 400 ms pre-stimulus to
1000 ms post-stimulus. The grand average was then obtained for each robot face.

2.6. Data analysis

To evaluate the uncanny valley, we adopted the analysis strategy used by Mathur and Reichling (2016)
and others (Mathur et al., 2020; Tu et al., 2020) for subjective likability ratings. Our previous study also
used the same approach to evaluate behavioral measures of the uncanny valley (Yamaguchi, 2025). This
analysis involved first computing the mean likability score for each robot face for each participant and
then taking the mean and standard deviation of the likability scores for each face across participants.
These likability scores for individual robot faces served as the unit of polynomial regression models,
which were regressed on the polynomial terms of the MH scores sequentially from lower degree models
to higher degree models, up to the fifth degree (i.e., MH, MH? ..., MH®). The data points were
weighted according to the inverse of their variances in the regression models, so model estimations
weigh on more stable data points. Each model was compared to a lower-degree model and a higher-
degree model in terms of F-tests, and the lowest-degree model that fit the data significantly better than
a lower-degree model but was not significantly worse than a higher-degree model was considered to be
the most parsimonious model for the given data.

We also computed the differences in the Bayesian Information Criteria (BIC) for each pair of the
models, which are shown in the respective tables below; ABIC was determined by subtracting the BIC
for a lower-degree model from the BIC for a higher-degree model, so ABIC > 0 indicated a better fit
for a higher-degree model than a lower-degree model. Based on previous findings, the uncanny valley
effect would result in the most parsimonious model that is either the third- or fourth-degree polyno-
mial model (e.g., Mathur et al., 2020; Yamaguchi, 2025).

In the present study, the likability and MH scores were derived from the subjective rating. For the
electrophysiological data, the likability score was replaced by the respective ERP components (N400,
N170, and LPP) and frequency band power (frontal alpha asymmetry and frontal-midline theta). The
polynomial regression analyses were performed in R Studio (R Core Team, 2021) with the following
packages: Ime4 (Bates et al., 2015), tidyverse (Wickham et al., 2019), and ggpubr (Kassambara, 2022).

3. Results

The results are summarized in Tables 1 and 2. Figure 4 shows the grant averages of the stimulus-locked
ERPs, and Figure 5 shows the scatterplots of the self-report and ERP measures against the MH scores
along with the predictions of the most parsimonious models for the respective measures. Figure 6
shows the grand averages of the stimulus-locked oscillatory components, and Figure 7 shows their scat-
terplots against the MH scores. Overall, the grand means across all robot faces were —15.10
(8D =24.96, range = [-71.77, 37.41]) for self-rated likability and —13.54 (SD =52.33, range = [-84.57,
76.40]) for the MH scores.

3.1. Subjective likability rating

Self-report likability ratings showed that the most parsimonious model was the third-degree model
(which meant that the third-degree model fit the data significantly better than the second-degree model
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Table 1. Comparisons of polynomial regression models for the ERP (N400, N170, and LPP) and for self-rated likability.

Measure Electrode location Model comparison F p npz ABIC
Likability - First vs. second F(1,47) = 62.02 <0.001 0.407 22.19
Second vs. third F(1,46) = 42.23 <0.001 0.467 27.51

Third vs. fourth F(1, 45) = 1.57 0.214 0.033 -2.26

N400 Fz First vs. second F(1,47) = 3.47 0.069 0.062 -0.72
Second vs. third F(1,46) = 7.80 0.008 0.148 411

Third vs. fourth F(1,45) = 0.79 0.379 0.018 -3.02

FCz First vs. second F(1,47) = 2.66 0.110 0.048 —-1.47

Second vs. third F(1,46) = 8.10 0.007 0.153 437

Third vs. fourth F(1,45) = 0.04 0.334 0.021 —-2.84

Cz First vs. second F(1,47) = 2.52 0.119 0.046 —1.53

Second vs. third F(1,46) = 6.97 0.011 0.135 3.32

Third vs. fourth F(1,45) = 0.72 0.402 0.016 -3.11

CPz First vs. second F(1,47) = 4.53 0.039 0.074 -0.09

Second vs. third F(1,46) = 10.52 0.002 0.184 6.27

Third vs. fourth F(1,45) = 2.58 0.115 0.055 -1.07

N170 PO7 First vs. second F(1,47) = 1.46 0.234 0.030 —-2.41
Second vs. third F(1,46) = 0.08 0.780 0.002 -3.83

Third vs. fourth F(1,45) = 0.12 0.736 0.002 -3.79

PO8 First vs. second F(1,47) = 043 0.515 0.009 -3.46

Second vs. third F(1,46) = 0.07 0.799 0.002 —3.84

Third vs. fourth F(1,45) = 1.04 0.313 0.022 -2.79

01 First vs. second F(1,47) = 6.39 0.015 0.122 2.59

Second vs. third F(1,46) = 0.17 0.686 0.004 -3.73

Third vs. fourth F(1,45) = 0.54 0.467 0.012 -3.32

02 First vs. second F(1,47) = 4.74 0.035 0.096 1.1

Second vs. third F(1,46) = 0.18 0.676 0.004 -3.71

Third vs. fourth F(1,45) = 0.09 0.760 0.002 -3.81

LPP CPz First vs. second F(1,47) = 17.98 <0.001 0.269 11.74
Second vs. third F(1,46) = 0.60 0.442 0.013 -3.26

Third vs. fourth F(1,45) = 1.78 0.189 0.039 —1.94

Pz First vs. second F(1,47) = 23.15 <0.001 0.336 16.57

Second vs. third F(1,46) = 0.60 0.442 0.003 -3.77

Third vs. fourth F(1,45) = 1.78 0.189 0.035 =2.11

POz First vs. second F(1,47) = 23.49 <0.001 0.335 16.48

Second vs. third F(1,46) = 0.50 0.484 0.011 -3.38

Third vs. fourth F(1,45) = 1.52 0.224 0.033 —2.24

Note: Bold indicates the most parsimonious model. ABIC is the difference in BIC (positive values indicate better fit for a higher degree

model). o = 0.05.

Table 2. Comparisons of polynomial

frontal-midline theta).

regression models for frequency components (frontal alpha asymmetry and

Measure Electrode location Model comparison F p n,,z ABIC
Alpha AF4 - AF3 First vs. second F(1,47) = 0.11 0.740 0.002 —3.80
asymmetry Second vs. third F(1,46) = 3.10 0.086 0.065 —0.53
Third vs. fourth F(1,45) < 0.01 0.958 <0.001 -3.91

F4 - F3 First vs. second F(1,47) = 0.11 0.746 0.002 -3.80

Second vs. third F(1,46) = 0.27 0.609 0.006 —3.62

Third vs. fourth F(1,45) = 1.31 0.259 0.029 —2.44

F8 - F7 First vs. second F(1,47) = 0.60 0.442 0.006 -3.63

Second vs. third F(1,46) = 0.26 0.611 0.002 —3.81

Third vs. fourth F(1,45) = 1.23 0.273 0.011 —-3.33

Midline Fz First vs. second F(1,47) = 13.02 <0.001 0.094 8.65
theta Second vs. third F(1,46) = 0.04 0.839 <0.001 -3.87
Third vs. fourth F(1,45) = 1.93 0.172 0.042 -1.75

FCz First vs. second F(1,47) = 17.54 <0.001 0.284 12.77

Second vs. third F(1,46) < 0.01 0.974 <0.001 —-3.91

Third vs. fourth F(1,45) = 0.84 0.364 0.019 -2.95

Cz First vs. second F(1,47) = 34.22 <0.001 0.438 24.87

Second vs. third F(1,46) = 0.03 0.859 <0.001 —3.88

Third vs. fourth F(1,45) = 0.22 0.640 0.005 —3.66

Note: Bold indicates the most parsimonious model. ABIC is the difference in BIC (positive values indicate better fit for a higher degree

model). o = 0.05.

while the fourth-degree model did not improve the fit significantly). The prediction of the model (see
Figure 5) indicated an initial rise of the likability score as the MH score increased, followed by a steep
decline of the likability score at around the MH score of —50, and this is then followed by a steep
recovery at around the MH score of 30. This replicated the uncanny valley effect in the self-rated lik-
ability score observed for the same stimulus set (Yamaguchi, 2025).
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10 PZ 10 POZ

10 PO7 10 PO8

Figure 4. Grand average stimulus-locked ERPs for individual robot faces (x-axis is in milliseconds and y-axis is in micro-
volts; y-axis is inverted).

3.2. Event-related potentials

The N400 for all four sites showed that the most parsimonious model was the third-degree polynomial
(see Table 1). Figure 5 shows that there was an initial decrease of the N400 amplitude as the MH score
increased (note that the N400 is a negative ERP component, so a larger N400 means higher negative
values), but it increased at around the MH score of —50 and then declined again at around the MH
score of 50, similarly to the pattern observed for the self-report likability score.

In contrast, for the N170 and the LPP, the most parsimonious model was the second-degree model.
For the N170 (see the four middle row panels in Figure 5), the second-degree model showed a slight,
but steady, decrease of the N170 amplitude (note again that the N170 is a negative ERP component, so
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Figure 5. Scatter plots of the ERP components (N400, N170, and LPP) and subjective likability scores against the
human-likeness scores (MH score). The orange lines are the predictions of the most parsimonious model fit to the
respective data. The dot points represent individual robot faces. The shaded area represents the point-wise 95% confi-
dence interval of the means.
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Figure 6. Grand average stimulus-locked frontal alpha asymmetry (top panels) and frontal-midline theta (bottom pan-
els) for individual robot faces (x-axis is in milliseconds and y-axis is in log[V/hz]).

a larger N170 means more negative) from lower to higher MH scores, which arrived at a peak near the
MH score of 0. This pattern was statistically supported for the two occipital sites (O7/8) but not for
more parietal sites (PO7/8). There were small decelerations in the change of the N170 amplitude for
higher values of the MH score, which remained flat for near human-like faces.

For the LPP (see the three bottom-left panels in Figure 5), the amplitude increased quickly as the
MH scores increased, which again reached a peak near the MH score of 0. It then decreased quickly as
the MH score increased further. This outcome suggests that the LPP increased as the human-likeness
increased for mechanical robot faces and then decreased for more human-like robot faces. It never
recovered for near human-like faces. Instead, the LPP may depend on the categorical ambiguity as it
reached at the highest point for faces that were neither mechanical nor human-like. A heightened
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Figure 7. Scatter plots of the frequency components (frontal alpha asymmetry and midline theta) against the human-
likeness scores (MH score). The orange lines are the predictions of the most parsimonious model or of the third-degree
polynomial regression fit (in case there was no parsimonious model) to the respective data. The dot points represent
individual robot faces. The shaded area represents point-wise 95% confidence interval of the means.

arousal might result from categorical ambiguity, which may also contribute partly to the uncanny feel-
ing of robot faces as the bottom of the uncanny valley in the self-rated likability also resulted from this

region.

3.3. Oscillatory EEG measures

For the frontal alpha asymmetry, no polynomial models up to the fifth degree satisfied the criteria for a
parsimonious model for all three electrode pairs. For the F3/4 pair, the third-degree model showed a
marginally better fit than the fourth-degree model, but it did not reach the level of statistical signifi-
cance. For the AF3/4 and F3/4 electrode pairs, there were slight tendencies of the non-linear pattern
that were similar to those observed for the self-rated likability ratings, and the F7/8 pair showed a
reverse pattern. These tendencies were not statistically significant.

For the frontal-midline theta, all three sites showed that the second-degree model was the most par-
simonious model. The frontal-midline theta increased as the MH score increased for more mechanical
robot faces, reaching the peak at around the MH score of 0. It then decreased for higher MH scores
for more human-like faces, which was similar to those observed for the LPP but differed from that of

the self-report likability score.

4. Discussion

Several psychological explanations of the uncanny valley effect have been proposed, which attributed
the phenomenon to perceptual properties (e.g., categorization difficulty, configural distortion; e.g., Diel
& MacDorman, 2021; Yamada et al, 2013), cognitive processes (e.g., expectancy mismatch;
MacDorman & Chattopadhyay, 2016) or socio-emotional reactions (e.g., mind attribution; Gray &
Wegner, 2012). The present study used a range of robot faces that varied in their human-likeness to
examine potential electrophysiological correlates of the uncanny valley effect. As in previous studies
(Mathur et al., 2020; Tu et al, 2020; Yamaguchi, 2025), we replicated the non-linear relationship
between the human-likeness and self-rated likability scores, which is similar to Mori’s (1970) uncanny
valley hypothesis. Very similar non-linear trajectories to that of the likability score were observed for
the N400 at the midline electrode sites, suggesting that the N400 is a robust electrophysiological



12 M. YAMAGUCHI ET AL.

correlate of the uncanny valley effect. This outcome corroborates two previous studies (Mustafa et al.,
2017; Urgen et al.,, 2018) and the proposal that the uncanny valley originated from prediction violation,
or expectancy mismatch, for human-like faces. The present results further support this account by
showing the uncanny valley without a movement mismatch in the animated stimuli that was involved
in the previous studies.

In contrast, the N170 decreased as the human-likeness of robot faces increased, but the decreasing
trend leveled off as the human-likeness increased further. This outcome was similar to Schindler et al.’s
finding but was different from the uncanny valley effect observed in the self-rated likability score or the
N400. These results may be best understood as showing that the N170 reflected human-likeness, rather
than the uncanniness. Thus, as the N170 is thought to reflect an early stage of visual facial processing
(Schindler et al., 2017), a lack of the expected non-linear trajectory of the uncanny valley seems to suggest
that the uncanny valley reflect later cognitive reactions to uncanny faces rather than early perceptual
processes. We should also note that as the N170 is sensitive to a variety of facial and perceptual proper-
ties in the stimulus set used in the experiment, there is still a possibility that the uncontrolled facial prop-
erties masked the uncanny valley effect. Hence, the potential contributions of early perceptual processes
to the uncanny valley should be subjected to future scrutiny in the future investigations.

Similarly, the LPP, which is thought to reflect reactions to emotional contents of stimuli (Schindler
et al., 2017) or arousal (Cheetham et al., 2015), did not produce a non-linear trajectory similar to the
self-rated likability score. Instead, it produced a parabolic relationship with the human-likeness,
whereby the LPP peaked at the midpoint between mechanical robots and near-human-like faces. A
similar result was also found for the frontal-midline theta power. Although theta power is associated
with processing of emotional contents (e.g., Sammler et al., 2007), the relationship with theta power
and emotional reaction may be more indirect. Instead, the frontal-midline theta appears to be associ-
ated more reliably with cognitive control (Cavanagh & Shackman, 2015) or memory retrieval (Karakas,
2020). It is likely that the parabolic relationship of the frontal-midline theta and the LPP with the
human-likeness score, which peaked near the midpoint of human-likeness score, reflected categorical
confusion, as stronger cognitive control may be required to process ambiguous faces that activate con-
flicting categorical representations. Yet, because the peaks of the parabolic curves also coincided with
the lowest point of the uncanny valley in self-rated likability scores, it is still possible that categorical
ambiguity also contributed to creating uncanny feelings in the observers, although the curves differed
from the expected trajectory at the lower end of human-likeness.

It is somewhat surprising that the frontal alpha asymmetry did not show a clear non-linear trajectory
over human-likeness of robot faces. The uncanny valley is often assumed to reflect emotional or
empathic reactions to human-like robots and characters, such as “eeriness” (MacDorman & Ishiguro,
2006), “comfort” (MacDorman et al., 2009), and “pleasantness” (Mathur & Reichling, 2016). Indeed,
our previous study used a behavioral measure, affective priming, which is thought to capture affective
responses, and showed that the behavioral measure produced the uncanny valley effect similar to that
observed in the self-rated likability score. Nevertheless, the lack of a clear uncanny valley effect in the
frontal alpha asymmetry suggests that the uncanniness of robot faces does not necessarily result in
affective reactions. It may still be immature to conclude that there is no affective consequence of the
uncanny valley because the failure to find a statistically reliable effect does not allow us to dismiss its
existence, so it is possible that the affective effect is simply more difficult to detect statistically.
Nevertheless, the present results raise the possibility that the affective impact might play a more minor
role than commonly believed, as compared to a “surprisal” effect as inferred from the N400. Thus,
human-like robot faces may cause a violation of the expectancy for human faces, and this could result
in discomfort due to the surprisal reaction; nonetheless, they may not result in an immediate negative
emotion toward these faces. This possibility would require further scrutiny, but it could offer important
implications for the psychological theories of the uncanny valley.

4.1. Potential limitations and contributions to human-robot interaction

The present findings provided novel insights into what might, or might not, underly the uncanny valley
phenomenon. As in recent studies (e.g., Mathur et al, 2020; Yamaguchi, 2025), the use of the
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exemplars that covered a wide range of human-likeness is useful to determine which neural responses
are most likely reflections of the uncanny valley effect. We should also note a limitation of using such
a stimulus set because exemplars are heterogenous and are not tightly controlled in any specific facial
or perceptual features. There can be hidden biases that are not explicitly tested in this or previous stud-
ies. It is possible that the uncanny valley curve observed in the series of studies using this stimulus set
can be explained in terms of an unknown property of the images. Finding out such a feature in future
investigations would contribute to a significant advance in our understanding of the uncanny valley.

Another limitation of the stimuli used in this experiment is that the images were static. Although
the use of static images is advantageous in that it eliminates the possible interpretations of neural
responses as reflecting unnatural movements (e.g., Urgen et al, 2018), it might also limit potential
implications of the present results for human-robot interaction in the real world. As robots become
more accessible and prevalent, physical interactions with robots might mediate people’s perceptions of
them and make uncanny appearance more acceptable, or vice versa. Therefore, it would become more
important to examine whether people’s familiarity and experience interacting with robots could bridge
the uncanny valley.

A methodological contribution in the present study is the use of the analysis approach involving
polynomial regression models that used item-level mean amplitudes of the ERPs and EEG oscillatory
measures. This approach was also used in the previous study with behavioral measures (Yamaguchi,
2025), which noted a small number of repetitions per participant was sufficient to find a robust
uncanny valley effect, because these dependent measures were averaged across all participants for each
item. The present study also involved a small number of trial repetition (9 trials) per image, which was
indeed much smaller than included in a typical ERP study. Again, the present study offered clear statis-
tical results. It is yet to be seen whether this analysis approach could be extended to other types of
stimuli or topics other than the uncanny valley (e.g., likability of commercial products or human faces),
but it does provide a viable alternative to more conventional analysis techniques of EEG data. Finally,
given the finding in the present study that the alpha asymmetry did not show an expected uncanny val-
ley effect, a more targeted examination of the subcortical regions by using other imaging techniques
(e.g., IMRI) would be needed to confirm the involvement of emotional reactions in the uncanny valley
effect. Such examinations are particularly important to understand possible impact of uncanny appear-
ance of robots on users’ emotions and, by a natural extension, on their well-beings.

5. Concluding remarks

The present study found the N400 to produce non-linear trajectories that resembled that observed in
self-rated likability scores against the human-likeness of robot faces, which is consistent with the
account that the uncanny valley originates from the expectancy violation of human-like faces. The LPP
and theta oscillations also peaked at or near the point of the human-likeness where the likability score
hit the bottom of the uncanny valley. Although these electrophysiological components may reflect psy-
chological responses to robot faces that contribute to uncanny feelings (such as categorical ambiguity),
the outcomes have left the question as to why these electrophysiological responses did not recover near
human faces as observed in the self-rated likability scores or N400. We, thus, suggest that the expect-
ancy violation is the main source of the uncanny valley effect. As the present study is concerned only
with neural correlates and does not establish a causal relationship between neural activities and the
uncanny valley, future studies should aim to establish causal relationships between the uncanny valley
effect and the neural processes underlying these neural correlates.

Note

1. Although Mustafa and Magnor (2016) examined the P200, we excluded this component because of its
temporal overlap with the N170. One reviewer of an earlier draft suggested visual mismatch negativity
(VMM), which is also used in an oddball paradigm (e.g., Kimura et al., 2009), but we excluded it from our list
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of candidates because of its temporal and spatial overlap with the N170. For a similar reason, we also
excluded the P300 from our list of candidate ERP components because of its temporal overlap with the N400.
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