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Abstract: Background The uncanny valley hypothesis states that users may experience discomfort when inter-
acting with almost human-like artificial characters. Advancements in artificial intelligence, robotics, and computer
graphics have led to the development of life-like virtual humans and humanoid robots. Revisiting this hypothesis is
necessary to check whether they positively or negatively affect the current population, who are highly accustomed to
the latest technologies.Methods In this study, we present a unique evaluation of the uncanny valley hypothesis by
allowing participants to interact live with four humanoid robots that have varying levels of human-likeness. Each
participant completed a survey questionnaire to evaluate the affinity of each robot. Additionally, we used deep
learning methods to quantify the participants’ emotional states using multimodal cues, including visual, audio, and
text cues, by recording the participant–robot interactions. Results Multi-modal analysis and surveys provided
interesting results and insights into the uncanny valley hypothesis.
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1 Introduction

In the last decade, significant progress has been made in the science of robotics and artificial intelligence (AI).
This has led to the development of humanoid robots or virtual humans with a human-like appearance,
intelligence, and behavior (verbal and non-verbal), such as Nadine[1], Erica[2], and Sophia. Despite being
validated in real-life applications such as banking[3], newscasting[2], therapy, and other roles[4–7], a main concern
for humanoid research and study is the uncanny valley hypothesis[8]. A previous study[8] hypothesized that a
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personʹs emotional or affective response varies depending on the appearance of the robot with which they
interact. A person may feel uneasy and unnerved with a more human-like robot. This hypothesis is considered
primarily when designing human-like robots, although other studies[9,10] have found inconsistent empirical
evidence supporting it. The original hypothesis generalizes the definition of a humanoid robot into a single
data point, which may be inaccurate. For example, Eaton provided a comprehensive taxonomy of different
types of possible humanoids[11]. With the development of human-sized robots, such as Nadine[1], Erica[2], and
Ishiguro[12,13] that can be placed in social scenarios to interact directly with users, it is crucial to reassess the
uncanny valley hypothesis for its relevance.
A more detailed examination of this hypothesis for interactive, social humanoid robots is required to

evaluate present-day opinions of such agents. No specific study has examined interactive robots for the
uncanny valley problem in action. Most studies involved no interactions[14–16] in their assessments. They
instead showed videos of the robots or virtual avatars to participants and then asked the participants questions
to gauge the impact of the robots’ appearances. In this study, we evaluate the uncanny valley theory through
live human interactions with four human-like entities:
1. Maya: simple voice assistant (only a human voice).
2. Nao[17]: child-sized programmable humanoid robot with articulated limbs but without skin or hair.
3. Nicole: virtual human with a complete virtual human-like embodiment.
4. Nadine[1]: complete life-sized humanoid robot with skin, articulated hands, and other human-like features.
Our study intends to answer the following research questions.
· Uncanny valley for Interactive Humanoid Robots: Exploring this theory to provide an in-depth look

into how people's emotions and perceptions vary for different types of human-like interactive robots.
Examining how the Uncanny valley affects the current human generation, which is more accustomed to

advanced technologies and may be more open to human-like entities.
·Using AI for Uncanny valley quantification: Quantifying the emotional responses of participants using

surveys and multimodal emotion and sentiment analyses (using visual, audio, and text).
This remainder of this paper is organized as follows:
· Section 2 reviews previous research in the field of the uncanny valley hypothesis.
· Section 3 addresses our proposed experimental setup and the details of each humanoid robot used in the

current research.
· Section 4 provides details of the data collection procedures and emotion analysis methods employed in

this study.
· Section 5 details the results obtained and provides insights from visual, audio, text, and survey data

analyses.
· Finally, Section 6 provides the conclusions and discussions.

2 Related work

According to the uncanny valley hypothesis[8], users may experience negative affective emotions or a state of
eeriness when interacting with near-human entities or agents. Owing to this, increasing the agent’s anthro-
pomorphic realism would have a counterproductive effect on the usersʹ subjective experiences[10]. Thus, the
hypothesis remains a guiding principle in robot design and cross-modal technologies, such as virtual character
design[18], video games, and animations[19].
Since the proposal of the hypothesis, several studies have recreated or visualized the effect[20], tested its

validity[9,10] and used perceptual analyses, cognitive analyses[21–23], and other procedures to investigate this
effect. A previous study[10] noted that the original hypothesis was not validated by any empirical tests. Studies
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examining the validity of the hypothesis[9] have uncovered no empirical evidence to support it and have
reported inconsistent findings with different conceptualizations. A few other studies[9,10] primarily perceived
uncanny valleys owing to the perceptual mismatch, categorical ambiguities, and other factors. For example,
unusual physical attributes or inconsistent human-like realism can lead to negative emotions.
People also dislike human-like robots making moral decisions compared to the same choices made by

humans or non-human robots[24]. These studies have also noted that an uncanny effect is not generalizable
across different individuals, stimuli, situations, tasks, and time. A nuanced understanding is required to
precisely know when and under what conditions the negative emotions are observed.
A major drawback of the original hypothesis is it does not provide the exact definition or standards of

human-likeness, affinity, eeriness, and means of quantifying these[9,25], which causes methodological
circularity[25]. In recent years, researchers have expanded their investigations to examine the possibility of
observing the same uncanny valley in zoomorphic robots[26] or virtual animals[27]. Like humanoid robots,
zoomorphic robots that combine realistic and nonrealistic features are less preferred[26]. After recent tech-
nological advancements, the development of AI, and realistic looking social humanoid robots, such as
Nadine[1], Erica[2], and Ishiguro[12,13], it has become essential to define the type of morphological traits that can
cause uncanny valley effects. Additionally, several studies have insufficiently controlled the variation in
human likeness portrayed in stimulus images, i.e., the nature of the stimuli that elicit the uncanny valley is not
well defined or quantified[25]. Therefore, analyzing users' affective states when interacting with robots with
different levels of human likeness is necessary. In this study, we consider the robots or agents as mentioned
above, which have varying degrees of human likeness in their appearance.
In the past, this hypothesis was primarily validated by allowing participants to view non-morphed[28–30] or

morphed images of robots[20,31], video clips of agents performing tasks[16,32,33], or computer-generated models[34].
Because the facial features of a human are an essential characteristic that lend to the realism of the agents,
many studies have focused on simply showing virtual faces[31,35] and facial images[30,36] to participants.
However, these methods consider only the faces and avoid other possible causes of the uncanny valley, such as
the movement of robots. The study reported in [37] showed how attributes, such as skin and body movements,
are essential to how humans perceive such agents. Most robots are designed to interact with humans and their
environment to accomplish tasks. With social humanoids, the interaction capabilities of robots have become
essential. Assessing or studying the uncanny valley would be difficult by viewing only images or video clips,
as people don’t interact with these robots or use them for any purpose. In contrast, in this study, we let
participants interact live with four different robots of varying human likeness. The participants communicated
with the robots directly via Zoom calls as no in-person communication was possible, owing to COVID-19
restrictions. We analyzed human-robot interactions to observe any uncanny valley effects on the participants.
Another critical aspect of this hypothesis is how user-related affinity and eeriness caused by a robot’s

appearance are quantified or measured. Several studies have attempted to examine the psychological aspect of
the uncanny valley hypothesis[21–23,38] using functional MRI (fMRI) to characterize human behavior and
observe the uncanny effect on participants. However, these studies hooked subjects up to bulky MRI ma-
chines. While methods such as those in [9,20] scrutinized past studies to find empirical evidence of the
uncanny effect, studies reported in [39,40] provided a Bayesian explanation of the observed phenomena. The
study reported in [39] concluded that human-looking robots have a huge potential to improve social inter-
actions in individuals with autism. A defined protocol for determining and validating the affective or emo-
tional state of a participant is unavailable. Most of these studies[30] use ad-hoc self-rating scales[10]. Few
studies[14,41] have considered valid psychometric and behavioral evaluation methods to study how the human
mind perceives human and nonhuman entities. Because we allowed subjects to directly interact with the
robots, we recorded interaction via videos, audio, and text (via Zoom with consent from participants). We
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analyzed these various modalities using state-of-the-art deep learning video, audio, and text emotion and
sentiment analysis methods to determine if any negative affective traits were visible during these interactions.
In addition to these modalities, participants completed a Godspeed questionnaire[42] for each robot. Using both
the questionnaire and multimodal deep learning emotion and sentiment analysis, we quantified the likeability
of each robot and scrutinized the uncanny valley phenomena for socially interactive humanoid robots (each
robot with a varying level of humanness).

3 Experiment setup

The experiment setup is intended to study the uncanny valley hypothesis for interactive humanoid robots and
determine whether we can observe the presence of any uncanny effects from the participants. Unlike previous
studies, we allowed participants to interact with the robots (or agents).
We conducted our experiment online over Zoom video calls because of COVID-19 pandemic-related

restrictions. On the calls, we first introduced all robots to the participants and explained the nature of the
interactions. This information was provided to eliminate any categorical ambiguity that could result in un-
canny valley effects. Consent was obtained for audio and video recording during the initial explanation. At the
end of the human-robot interaction, the participants were asked to fill out a questionnaire.
Participants interacted with the following four types of robots (or agents) in the same scenario:
1. Maya, the voice assistant;
2. Nao, the child-sized humanoid robot;
3. Nicole, the virtual human with human-like appearance;
4. Nadine, the complete life-size humanoid social robot with skin, articulated hands, and other human-like

features.
Figure 1 shows these human-like agents/entities. All robots share the same architecture. Please refer to [1]

for more information on the architecture and how the input information is processed. The robots varied only in
their physical appearances, as indicated.

The audio and video of user interactions were recorded for analysis. Despite the lack of physical presence-
related constraints during the conversation sessions, we ensured fluid dialogues between the participants and
robots. During these interactions, participants were free to interact with the robots on a one-to-one basis in any
form, which covered both verbal and non-verbal aspects. They could ask and discuss any topic of their choice.
The humanoid robots, Nao and Nadine, were capable of greeting and waving at the participants owing to their
physical capabilities. Nadine's controller generated physical gestures, whereas Nicole’s controller generated
animated gestures. Nadine and Nicole could both emote expressions with lip synchronization, gaze at the
participants, and generate gestures based on the context of the conversations. Because Maya was a voice
assistant, physical or virtual nonverbal forms of communication were nonexistent.
The robots were placed in an isolated room, where external noise was excluded, and a black background was

Mava (Voice Assistant) Nao Robot Nicole (Virtual Human) Nadine Social Robot

Figure 1 The four different robots used in the experiment.
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used to enhance the participantsʹ attention. All conversations were conducted in English. At the end of the
study, five sets of questionnaires were completed by the participants to obtain their overall feedback and
experience about their one-to-one sessions with the robots.

4 Data collection and analysis

To obtain a holistic idea of the effect of each of the robot (or agent) interaction sessions with the participants,
we recorded every session and analyzed the videos of 77 participants. The objective tools are based on natural
language processing and computer vision techniques and use state-of-the-art deep neural networks (DNNs) to
automatically evaluate the mental states of the participants during conversations. The subjective tools con-
sisted of five questionnaires for each robot, including a generic survey targeted at the participants. Further-
more, we performed a statistical analysis to draw meaningful comparisons. In our analysis, we aimed to
identify the uncanny valley by measuring the participants’ eerie or creepy experiences. Studies such as [14,43]
have experimentally shown that negative emotions such as fear, shock, disgust, anxiety, and nervousness are
associated with eeriness. The fMRI samples shown in [14] have been proven to show correlations between the
uncanny valley and such emotions. In the same manner, we used these objective and subjective analysis tools to
identify negative emotions during human-robot interactions and used them as evidence of the uncanny valley.

4.1 Video analysis

Non-verbal cues, such as expressions and gestures, and speech cues are equally important in determining the
engagement in conversation[44]. To recognize the facial emotions of participants in the video, we first detected
faces using a technique based on a convolutional neural network (CNN) with Dlib1. Using ResNet-50[45] as the
backbone, we trained an emotion recognizer with eight expression classes: neutral, happy, sad, surprise, fear,
disgust, anger, and contempt. We then used the recognizer for facial expression detection on the video frames.
Our emotion recognizer was trained on the largest in-the-wild facial expression dataset called AffectNet[46]

(with approximately 320000 images excluding none, uncertain, and non-face categories) until the network
converged. For the analysis, the model provided confidence levels for each emotion observed on every
detected face in each video frame. Therefore, we defined the average emotions displayed by a participant
during interaction in a complete video stream as follows:

emotion L emotion= 1 (1)
l

L

t
=1

where emotiont ∈ [0, 1] denotes the probability of a participant’s detected facial emotion in the l-th frame
belonging to each of the eight classes which were estimated by our emotion recognizer. Figure 2 shows some
of the emotions detected in the frames. We used sta-
tistical methods to evaluate the differences in inter-
actions with different agents (or robots) and compared
them.

4.2 Audio analysis

A subject’s audio or speech pattern is another direct
indication of their emotional state. Audio data can
contain several explicit and subtle cues that reflect a
subjectʹs mental state. Although numerous audio

Maya Nicole

Nao Nadine

Figure 2 Different emotions detected in the video analysis.

1http://dlib.net/
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emotion recognition investigations have been conducted, we encountered two issues when implementing
them. First, several studies had no pretrained models[47,48]. Second, such studies did not focus on a set of
emotions that could be useful in completely studying and evaluating the uncanny valley. For instance, the
study reported in[49] classified only five emotions and identified gender. Therefore, we used an
implementation2 to train the audio emotion classifier. An RNN-based deep learning model was adopted and
trained using four different datasets: RAVDESS[50], TESS[51,52], EmoDB, and a custom dataset. Our model
included two RNN layers and two dense layers each having 128 units. We ran a train-test-validation cycle on
these datasets to obtain the final model. The model considered nine different emotions: “neutral”, “calm”,
“happy”, “sad”, “angry”, “fear”, “disgust”, “ps” (pleasant surprise), and “boredom”. These varied emotions
were selected because they allowed us to better gauge the uncanny valley effect. An entire audio recording was
analyzed, and the intensity of each emotion observed was provided by the model.

4.3 Text analysis

For text analysis, we converted the obtained audio files into text using Google Speech-to-Text3. To identify
emotions in context during conversation between participants and agents, we used the emotion categorization
model in SenticNet[53]. This API uses the hourglass of emotions[54], a biologically inspired and psychologically
motivated emotion categorization model for sentiment analysis, in conjunction with SenticNet and deep
learning to extract emotion labels from texts. The input of this API is a piece of text (a sentence or paragraph),
and the output is a list of emotion labels. Dominant emotions were determined using statistical analysis based
on the data collected for each agent.

4.4 Questionnaire

The Godspeed questionnaires defined in[42] were used to assess participantsʹ perceptions of the four robots. The
Godspeed questionnaire measures five factors: perceived anthropomorphism, animacy, likeability, in-
telligence, and safety4. There were 24 semantic differential items for these five indices. Participants were
required to rate their impressions of each robot according to these 24 semantic traits, which made this a
comprehensive survey. We used the collected survey data to evaluate participantsʹ impression of each agent
and the agentʹs effect on the five indices. The survey was conducted online using Survey Monkey. In total,
there were five different surveys–four surveys for each of the robots and a generic questionnaire to collect
demographic information about the participants, such
as age, education status, and prior experience with
robots. We formulated a 100-point scale for compre-
hensive subjective scoring. The scores assigned by
participants for every item were used to validate the
relationships or comparisons captured using the video,
audio, and text data. Additionally, our survey included
general questions regarding all robots (Table 1).

5 Results

In this section, we examine the results for each analysis method: video, audio, text, and survey questionnaire
analyses. Based on these evaluations, we provide insights into what each modality reveals regarding parti-

Table 1 General Questionnaire

Survey Questionnaire

Have you interacted with Robots before?
Have you interacted with virtual characters?
Have you interacted with Voice assistants before?
Which robot/agent do you think is most human-like?
Which robot/agent did you like most?
Did the robot/agent’s human-like appearance affect your interaction
positively?
Did the robot/agent’s human-like voice affect your interaction po-
sitively?

2https://github.com/x4nth055/emotion-recognition-using-speech
3https://cloud.google.com/speech-to-text/
4https://www.bartneck.de/2008/03/11/the-godspeedquestionnaire-series/
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cipantsʹ emotions and affective states during their interactions with our agents. The collected data for each
modality were statistically analyzed to determine the emotions observed during interactions with each agent.

5.1 Video analysis results

Figure 3 shows the average emotions expressed by participants during their encounters with each robot. We
performed repeated measures analysis of variance
(ANOVA) tests, to determine the presence or absence
of significant differences between emotions regarding
the robots on each of the variables. Because the same
facial expressions were tracked for each of the four
robots, the scores for the emotions expressed for each
of them were considered as independent variables.
When variables violated the assumptions of

sphericity, the Greenhouse-Geisser modification[55] for
degrees of freedom was used. Table 2 presents the
ANOVA results.

5.2 Audio analysis results

Figure 4 shows the average emotions of participants for each robot. Like the video modality, repeated
measures ANOVA tests were conducted for the audio modality and the Greenhouse-Geisser modification[55]

was applied as necessary. Table 3 lists the results from these ANOVA tests and shows significant differences in
all emotions between the robots. Thus, post-hoc analyses were conducted for all outcomes to determine the
specific differences in the emotions elicited by the robots.

·The post-hoc test for anger showed that it was the highest for interactions with Maya, significantly
different from the rest (p<0.001 for all three pairs). The other robots did not differ in this measure (p-values
ranging from 0.530 to 0.962).
· The post-hoc test for boredom showed that it

was also the highest for interactions with Maya,
which was significantly different from the other three
(p-values ranging from 0.001 to 0.002). Nicole dif-
fered marginally from Nao (p=0.046) but did not
differ from Nadine (p=0.380). Nao and Nadine
showed no significant differences (p=0.160).
· The post-hoc test for calmness showed that

Maya incited the lowest levels, which were sig-
nificantly different from the other three (p-values

0
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0.5

0.6

Neutral Smile Sad Surpise Fear Disgust Anger Contempt

Maya Nadine Nicole Nao

Figure 3 Average levels of each emotion observed from facial
expressions over the ensemble of experiments for each of the
robots.

Table 2 Results of repeated measures ANOVA tests for all emotions; video-based facial expressions analysis

Emotion Degree of Freedom (df) F statistic (F) Value of test (p)

Neutral (2.547,152.824) 7.655 0.000
Smile (2.429,145.715) 15.882 0.000
Sad (1.882,112.910) 2.612 0.081

Surprise (2.625,157.494) 2.752 0.052
Fear (2.201,132.045) 0.791 0.466

Disgust (2.402,144.146) 0.419 0.695
Anger (2.286,137.133) 2.944 0.049

Contempt (1.351,81.085) 0.711 0.442

0.000

0.020
0.040

0.060
0.080

0.100

0.120
0.140

0.160

0.180

0.200

angry boredom calm disgust fear happy neutral pleasant
surprise

sad

Maya Nadine Nicole Nao

Figure 4 Different emotions derived from audio recordings.

Nidhi MISHRA, et al. Uncanny valley for interactive social agents: an experimental study 399



ranging from 0.001 to 0.003). The other three robots showed no significant differences (p-values ranging from
0.553 to 0.943).

· The post-hoc test for disgust showed that it was expressed the most towards Nao (p<0.001). The other
three robots had no significant differences in this emotion (p-values ranging from 0.072 to 0.628).

·The post-hoc tests for fear showed that Nao’s scores were the lowest, statistically different from the remaining
robots (p<0.001 for all pairs). The next lowest was Nicole, marginally different from Nadine (p=0 .049) and
significantly different from Maya (p=0.012). Nadine and Maya did not differ significantly (p=0.210).
· The post-hoc tests for happiness showed that Maya incited the most of this emotion, significantly more

than the others (p<0.001 for all pairs). Nadine was significantly higher than Nao (p=0.002) but not higher than
Nicole (p=0.082). Nicole and Nao did not significantly differ (p=0.217).

5.3 Text analysis results

Figure 5 presents the sentiment analysis results. The most prevalent emotions were ecstasy, enthusiasm, and
delight. There were numerical differences in the
prevalence of emotions towards the various robots
for each emotion, but these differences could not be
tested statistically because of the nature of the data
collection. However, they were useful in observing
the ranking of the robots for each emotion scruti-
nized.
Maya elicited the most ecstasy and delight, fol-

lowed by Nicole, Nadine, and Nao. In terms of en-
thusiasm, Nicole had the highest scores, followed by
Nadine. The third highest were Nao and Maya with
the same number of occurrences. Rage was shown most towards Maya, with the other three agents incurring
equal amounts. Bliss was mostly directed in Nicole’s regard, with less of it directed towards the others. Grief
was primarily shown in interactions with Nicole and Nadine and not so much with Maya and Nao. Acceptance
was the highest for Nao and lowest for the rest. Eagerness, joy, loathing, responsiveness, melancholy, and
anxiety were rarely displayed (i.e., a total of five times for all robots combined).

5.4 Questionnaire results

Figure 6 shows the participants' average scores on the five scales for the four robots. To establish the presence
or absence of significant differences among the robots on each scale, five ANOVAs and a post-hoc test were
conducted to determine whether specific pairs of robots differed among themselves. As listed in Table 4, all
five multiple measure ANOVAs were significant at the <0.01 level, and all but the perceived safety scale were
significant at the <0.001 level.

Table 3 Results of repeated measures ANOVA tests for all emotions; audio recordings analysis

Emotion Degree of freedom (df) F statistic (F) Value of test (p)

Angry (2.636,168.711) 11.498 0.000
Bored (2.186,139.885) 7.244 0.001
Calm (3, 192) 6.224 0.000
Disgust (3, 192) 21.969 0.000
Fear (2.599,166.348) 18.895 0.000
Happy (2.683,171.731) 16.043 0.000
Neutral (3, 192) 20.514 0.000
ps (3, 192) 24.299 0.000
Sad (3, 192) 41.499 0.000
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Figure 5 Number of detections of each emotion towards each
robot in the spoken text.
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This indicates that the differences between the
robots are significant for each scale. To determine
which robots elicited the differences, we conducted
post hoc analyses and obtained the following results:
· The post-hoc analyses for anthropomorphism

showed that Nadine had the highest scores, which
were significantly different from those of the other
robots (all p<0.001). Nicoleʹs scores were the sec-
ond-highest, considerably different from those of
Maya (p=0.004) and marginally indifferent from
Naoʹs score (p=0.061). Nao and Mayaʹs scores were insignificantly different (p=0.314).

· The post-hoc analyses for animacy were also higher for Nadine than for the other robots (p<0.001).
Nicoleʹs animacy scores were significantly higher than those of Maya (p<0.001) but not from those of Nao
(p=0.215). Finally, Naoʹs score was significantly higher than that of Mayaʹs (p<0.001).
· The post-hoc analyses for likeability showed that Nadineʹs scores were significantly higher than those of

Maya and Nicole (p<0.001) but not higher than those of Nao (p=0.351). Nao also had significantly different
scores thanMaya and Nicoleʹs (p=0.013 and 0.008, respectively). The scores of Maya and Nicole did not differ
significantly (p=0.779).
· The post-hoc tests for perceived intelligence showed that Nadineʹs scores were significantly higher than

those of the others (p<0.001). Nicoleʹs scores were significantly higher than those of Maya (p=0.029) but not
higher than those of Nao (p=0.551). There were no significant differences between the scores of Nao andMaya
(p=0.116).
· The post-hoc tests for perceived safety showed that Nadine had the highest scores that were significantly

different from those of the other robots (p-values ranging from 0.001 to 0.04). The remaining robots did not
differ in this measure (p-values ranging from 0.125 to 0.587).
The participants also completed a general questionnaire regarding their past experiences with robots; 45% of

them had previous experience with robots, 60% had
previous experience with virtual characters, and
95% had previous experience with voice assistants.
They selected Nadine as the most human-like robot,
as shown in Figure 7a. For the “most liked robot”,
most participants also gave Nadine the highest
likeability. However, as shown in Figure 7b, the
differences between all robots were not substantial.
Finally, the participants rated how the dimensions

of human-like appearances, gestures, voice, and
facial expressions impacted the quality of their in-
teractions. As shown in Figure 8, participants rated
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Figure 6 Average scores on each of the five scales for each of the
four robots.

Table 4 Multiple ANOVA results for the five scales

Emotion Degree of freedom(df) F statistic (F) Value of test (p)

Anthropomorphism (3, 161) 25.295 0.000
Animacy (3, 161) 18.513 0.000
Likeability (3, 164) 6.701 0.000

Perceived intelligence (3, 160) 12.108 0.000
Perceived safety (3, 164) 5.218 0.002

(a) (b)
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Figure 7 (a) Most human-like robot based on participant per-
ception. (b) Most liked robot.
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all features as important.

6 Conclusion and discussion

The results show that all four robots were perceived
in various manners and that the emotions expressed
varied in their regard. As shown in Figure 6, Nadine
was chosen as the “favorite” robot; she was seen as
the most anthropomorphic, animatic, intelligent, and
safe. The only characteristic that she failed to top
was likeability, where she tied with Nao. Further-
more, Maya was seen as the least anthropomorphic
and animate, which is predictable given that she is only a voice assistant. Nao and Nicole scored the same on
anthropomorphism and animacy. However, Nao was significantly more likeable, which indicated that a
physical body may elicit a higher degree of likeability. Findings from the multi-modal analysis and surveys do
not clearly show any effect of the “uncanny valley”[56]. Nadine, the most humanoid robot, was seen as the most
likable robot, with similar findings obtained through the sentiment and facial expression analyses. Nao, the
humanoid-but-toyish robot, was also seen as likable and provoked the highest positive surprise. However, it
incurred high disgust, as determined through the analyses of audio data, without evoking many emotions.
However, while being the most likable, Nadine generated the most sadness and was the second most feared.
This fear is possibly indicative of the “uncanny valley” effect. Nonetheless, with the “uncanny valley,”
eeriness would be expected to increase with the increasing degree of anthropomorphism, which was not the
case. The highest fear was expressed towards Maya, the voice assistant without visual characteristics. Fur-
thermore, owing to the human-like appearance of Nadine, most participants were tentative and fearful as they
wanted to impress her. This fear can be considered good, as it indicates that people want to connect with her.
Extending our multimodal analysis to other cues such as pose estimation[57,58], body language cues[59–61] could
be considered for detecting the evidence of an “uncanny valley”.
While Nao had a toy-like, childish appeal, Nadine had a human-resembling body, which was clearly

sufficient for increasing her likability compared to a bodyless or virtual agent. However, all robots were well-
liked. The lowest-ranked robot scored above 60/100, which indicated that no “uncanny valley” effect was
determined in this study. Furthermore, the lack of a correlation between being more anthropomorphic and less
likeable and provoking more negative emotions provides evidence against the hypothesis[10]. Compared to
previous research, the robots used in this investigation might not have provoked the uncanny valley effect, as
they have been carefully and coherently designed and constructed. As shown in [9,10], the uncanny valley is
triggered by notable characteristic traits or aspects (for example, the non-human characteristics of agents with
a human appearance and vice-versa).
The results showed that the robots incited different emotions, but the most anthropomorphic robots were the

most liked. Furthermore, all robots were well-liked, and there was no correlation between the anthro-
pomorphism of the robots and the negative emotions they provoked. Therefore, this study, like previous
studies[9,10,25], did not observe or substantiate the uncanny valley hypothesis. This could be because of the
characteristics of these specific robots or the specifics of today's world in which both humanoid and non-
humanoid robots are becoming increasingly prevalent and people are accustomed to them. Regardless, the
future design of interactive robots should be open to creating anthropomorphic robots, while ensuring a
coherent design.

0.00% 20.00% 40.00% 60.00% 80.00% 100.00%

Appearance

Voice

Gestures

Facial expressions

Strongly agree Agree Neither agree nor disagree Disagree Strongly disagree

Figure 8 Importance of the various human-like characteristics of
the robots.
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