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Abstract

The prevalence of robots in modern society calls for gaining a fundamental understanding of the
underlying principles of human-robot interaction. In particular, we need to understand how people
perceive robots and how different physical and social characteristics affect this perception. Here, we
examined the neural correlates of observing simple gestures performed by a non-humanoid social
robot, focusing on the role of the Ventral Occipitotemporal (VOT) cortex in processing perceived
animacy. Our results reveal that a broad bilateral cortical network is activated, comprising areas
related to action observation, the social brain, and the visual cortex, including the VOT. We also
found a correlation between the level of neural responses in the VOT, especially in the left hemisphere,
and individual animacy ratings of the robotic object. This correlation provides a physical basis for
such subjective ratings. These results suggest a complex representation of perceived animacy across
the lateral-medial axis of the VOT, explained by spatial cortical location and the amplitude of neural
responses. Furthermore, we discuss the implications of these findings for understanding how people
perceive robots, their behaviors and intentions, which are crucial for developing social robots that can
interact with humans more naturally.
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1 Introduction

Today robots are prevalent in many industries and
sectors. From medicine, where robots are involved
in disease diagnosis and even surgical procedures
[1] to education, where robots take part in deliv-
ering learned material, among other roles [2] and
even to our domestic household lives, lending a
hand in cleaning [3], cooking [4], and pet care [5]
among other household tasks. Robots are involved
in an ever-growing variety of crucial human activ-
ities and behaviors, they can operate remotely in
faraway environments or conduct factory work,
and even be involved in entertainment or simi-
lar domains in which they interact socially with
humans. It is not unlikely that we will see an
increasing number of physical robots in every-
day life in the near future, with various types
of Human Robot Interaction (HRI) ’relationships’
emerging. Such new and diverse relationships raise
important questions on the human perception of
robot behavior, which are addressed by a grow-
ing literature of HRI research [6–8]. Robots are
already becoming part of our everyday lives, and
many robots today are designed to address more
than functional needs. In the current study, we
focus on the social aspects of HRI rather than the
practical ones that are more commonly explored.

1.1 Robotic duality and animacy

Robots present special cases of machines that
exhibit human-like behavior and participate in
or supplement human tasks. The duality is par-
ticularly pertinent since there is ever increasing
autonomy in the capacity of robots to perform
numerous tasks, from robots that autonomously
collaborate to play soccer [9], to robotic personal
assistants [10], all the way to autonomous robot
surgeons [11]. This results in a paradoxical duality
of immediate social interpretation during interac-
tion with robots, alongside conscious awareness of
the robot’s identity as a machine. In fact, previous
work indicates that interactions with autonomous
machines trigger social and emotional interpre-
tations. According to the Computers Are Social
Actors (CASA) framework [12], humans treat or
relate to machines, among them robots, as they

treat and relate to other people. People have
been shown to apply social rules to their inter-
actions with computers/machines, indicating that
the interaction is inherently social [12]. This is
particularly interesting with non-humanoid robots
that may have a mechanical appearance, but are
still perceived as social entities [13, 14].

Many theories commonly emphasize the
”sameness” between humans and robots with ref-
erence to social robots, be it with respect to
their gestures, their voices, and other charac-
teristics designed to interact similarly to human
interaction [15]. The ”otherness” approach differs
phenomenologically and experientially and adopts
a contrasting viewpoint. Recently, there has been
a growing appreciation for the notion of ”oth-
erness”, an aesthetic categorization that values
the differences between social robotic objects and
humans [16–19].

This growing appreciation for robotic ”oth-
erness” is in line with the understanding that
today’s robots do not necessarily need to be
human-like, with the over-resemblance to humans
even being correlated with the eerieness and
unease of interaction exhibited by the uncanny
valley effect [20]. It can be claimed that non-
humanoid robots are likely to be much more per-
vasive, as they can be designed directly for their
intended functions without limitations related
to human appearance. In addition, they are
inexpensive, easy to use, and readily available.
Although non-humanoid robots do not directly
mimic human behavior or appearance, their inter-
action with humans typically leads to consistent
social experiences [13, 14, 21], making them a
unique and interesting case to study in behavior
and neuroimaging.

1.2 Responses to non-humanoid vs.

humanoid robots

A key question in the field of HRI is how dif-
ferent robotic properties facilitate human interac-
tion [22]. A feature considered important in this
respect in the design of robotic agents is their level
of animacy, which is relevant to both perception
and meaningful interactions [23]. We interpret an
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object’s animacy as related to its ’liveliness’, in the
sense that it has a mental state that can induce
self-propelled behavior [24, 25]. There are three
main cues by which we categorize an object as
animate: human-like surface features such as faces
or limbs [23], movement patterns that resemble
biological motion [23], and purposeful movements
that are directed toward a goal or express some
form of communicative intention [22, 26]. This def-
inition is not limited to humanoid robots that have
human appearance and directly mimic human
behavior. Previous studies indicated that robotic
objects designed as familiar or abstract objects are
also perceived as entities [21, 27]. The autonomous
movements of even very simple robotic objects
are commonly perceived as consistent social cues
that can greatly facilitate interaction with them
[14, 21, 27].

In recent years, there has been growing inter-
est in understanding the underlying processes that
guide human social interactions with robots [28].
While most of these studies focus on behavioral
measures, meaningful insights can also be derived
by identifying the neural mechanisms underlying
social HRI using EEG [29] and neuroimaging [30].
Neuroimaging studies have previously been con-
ducted to explore some of the neural correlates
involved in HRI. For example, comparing neural
responses to humanoid robotic agents in percep-
tual or mentalizing tasks and neural responses to
humans [31–34]. It has been shown that visual per-
ception of humanoid robots can induce activity in
cortical networks typically associated with social
cognition (see Wiese et al. [22] for a review). This
raises the question of whether it is the human-like
appearance and features of humanoid robots that
account for such similarities in brain activity or
perhaps it is their autonomous behavior?

An fMRI study by Gazzola et al. [35] compared
neural activations induced by the observation of
actions performed by a human or a non-humanoid
robot. They presented videos of simple and com-
plex movements performed by a human actor or
an industrial robot. Importantly, the kinematics of
the robot were characterized by only one degree-
of-freedom motion and constant velocity, thus
clearly nonbiological. However, the authors found
the same neural activation elicited by observing
both human and robotic actions. Tai et al. [36]
studied mirror neuron system activation following
the presentation of robotic human-like arm actions

characterized by non-biological kinematics. Their
findings suggest that such actions activate the
human mirror neuron system, even though their
kinematics do not exactly match human motor
programs, but only under the condition that the
action goal is understood.

1.3 Animacy in the brain

Parallel to these studies focused on HRI, neu-
roimaging studies have been conducted explor-
ing perceived animacy, more generally construed.
These studies have associated animal processing
with the occipital and temporal cortical areas,
including the posterior superior temporal sulcus
(pSTS) and the ventral occipitotemporal cortex
(VOT), which is known for its involvement in
high-level processing and categorization of visual
stimuli [37–40]. Recent studies suggest that ani-
macy is one of the driving factors of VOT func-
tional organization, so that inanimate objects
are represented in medial areas, while animate
categories are represented in lateral areas in a con-
tinuous gradient [39, 41–43]. For example, a work
by Sha and colleagues investigated the functional
representation of animacy characteristics in the
VOT and found that neural responses to visual
images of animals with low animacy (such as
insects) were similar to those of nonliving objects
rather than to other living animals with higher
animacy [39]. Anatomically, the fusiform gyrus,
which is part of the VOT, is divided by the
mid-fusiform sulcus (MFS) into medial and lat-
eral areas. The MFS also serves to delineate the
border between different cytoarchitectonic areas
(areas that differ in their cellular composition).
Based on cytoarchitectonic mapping, the fusiform
gyrus is divided into four regions of different pat-
terns of neuronal organization and density within
the fusiform gyrus (FG1-4) [44]. The MSF has
also been suggested to mark a transition zone
between functional domains within the VOT, such
as the separation between face-selective areas and
place-selective areas (see Figure 1) [45–49].

1.4 The robotic object used in the

study

This study employs an animated and expressive
non-humanoid social robotic object [27]. It was
designed as a small desktop robot, reminiscent of
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Fig. 1 Anatomical and functional characteristics of the
VOT: Macroscale anatomical markers that characterize the
VOT - Occipitotemporal Sulcus (OTS); Mid Fusiform Sul-
cus (MFS); Collateral Sulcus (CoS). Top image: FG1-4
cytoarchitectonic division of the fusiform gyrus as speci-
fied in previous literature. Bottom image: Peak activation
for houses and faces stimuli in relation to the macroscale
anatomical markers as indicated by the visual localizer scan
- Fusiform Face Area (FFA); Parahippocampal Place Area
(PPA).

a desk lamp, that can perform a set of carefully
defined physical movements that are combined
to create various gestures (see Figure 2). The
robotic object was such designed with the aim
of eliciting affective responses from humans in its
surroundings and has been employed in numerous
HRI studies. The motivation for using this par-
ticular robotic object centered around its being
explicitly designed and utilized in research as an
”empathy object”, defined as ”interactive robotic
devices that reflect aspects of the human-human
interaction around them, in real-time, through
subtle physical gestures” [50]. Our belief is that
in contrast to the robotic object’s inanimate form,
its abilities in displaying ”empathy” using ges-
tures, relate to elements of perceived animacy
such as having a mental state that propels behav-
ior, biological motion, purposeful movement, and
expression of communicative intent. In the past,

this robotic object was used in studies where
it served as a key factor in promoting calmness
in interpersonal conversations [50], supplementing
the quality of emotional support [51], conveying
humor as a means to reduce social awkwardness
[52, 53] and improving people’s sense of secu-
rity [54]. Some research has also indicated that
the robot’s gestures can be interpreted as indicat-
ing interest and care [54]. The robot’s movements
were the result of an extensive animation study
that developed in detail the robot’s appearance
with respect to its movement. This is in line with
the approach of designing robots specifically with
movement in mind [55]. The aim of the anima-
tion study was to provide the robotic object with
organic movement patterns that resemble those of
living creatures such as fish or invertebrates (see
Hoffman et al. [55], for more information).

1.5 The present study

The possibility of an animacy continuum in the
VOT raises questions about the cortical represen-
tation of different robotic agents along this axis.
For example, how are non-humanoid robots repre-
sented along this continuum? Although humanoid
robots have been shown to activate the lateral
areas of the VOT (like the fusiform face area
FFA during robotic facial expression) [31], that
is, high on the ’animate’ continuum, it is not yet
clear whether this would also be the case for non-
humanoid robots. Would their lack of biological
features register these as inanimate objects, rep-
resented on the medial parts of the VOT? To
explore and answer these questions, in this study,
we employed a video study methodology in which
we presented robotic gestures to participants.

As described above, the mere physical
attributes of the robotic object used in the cur-
rent study, are those of an ordinary desk lamp
(an inanimate object). However, its autonomous
responsive movements which have been shown to
be associated with an emotional interpretation,
are reminiscent of those of a living creature. In
the present study, this ambiguity between the
robotic object’s physical appearance and its move-
ment lends to different animacy perceptions of
the robotic object, corresponding to a high degree
of intersubject variation, meaning that the same
visual stimuli of the robotic object resulted in
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different subjective animacy ratings. This inabil-
ity raised the question as to forecasting how the
perception of the robotic object will be mapped
on the functional medial-lateral dimension of the
VOT. Thus, our model enables us to study the
interaction between the perceived animacy of a
robot and its representation in the brain. Will
the perception of this robotic object be mapped
to areas correlated with inanimate objects due
to its appearance? Or areas correlated with liv-
ing creatures due to its autonomous responsive
movements? To answer these questions, we con-
ducted an fMRI experiment with repeated sessions
of various robotic gestures, as well as a session
of known visual localizers and a behavioral ques-
tionnaire (described in detail in the Materials and
methods section). We implemented cortex-based
alignment analysis to localize neural activation
along the medial-to-lateral organization of the
VOT and compared the results with anatomical
and functional markers within this area.

2 Materials and methods

2.1 Subjects

In the current study, a total of 13 healthy right-
handed subjects (9 women, 4 men), aged 24-40
(mean age 29.9 SD 6.56), with no neurologi-
cal deficits were scanned. The Ethics Committee
of the Hadassah Medical Center approved the
experimental procedure and written informed con-
sent was obtained from each subject prior to
the scanning procedure. The subjects received
compensation of 150NIS for their participation.

2.2 Experiment and stimuli

In this experiment, we examined the neural
response to visual gestures of the non-humanoid
robotic object. Visual stimuli were presented using
a PC through an LCD projector (NeuroNordi-
cLabs) on a translucent screen. Subjects viewed
the grayscale stimuli through a tilted (45°) mir-
ror positioned above the forehead. Participants
were presented with a set of 12 prerecorded videos
with a range of gestures performed by the robotic
object, and mirrored versions of the same videos
for a total of 24 stimuli. There were two repetitions
of each of the videos, such that a run consisted
of 48 stimuli, with a total of two runs performed

in each session. The starting frame of each video
showed a non-moving object on the far side of the
screen (a stationary plant) with the robotic object
in the center of the screen (Figure 2).

Fig. 2 Experimental setup: Representative snapshots of
the robotic gesture videos presented. In the top image, the
robotic object moves toward the participant, and in the
bottom one, toward the plant.

Each video consisted of a single robotic object
gesture characterized by its movement towards the
object to the side of the screen, towards the partic-
ipant to the center of the screen, or a gesture that
ends between the participant and the object. The
robot remained in the same location in all videos.
In order to draw more general conclusions about
viewing the gestures of the non-humanoid robotic
object, it was paramount to ensure that the results
were not biased toward a particular movement or
viewing angle. This prevents, for example, circum-
stances in which a gesture towards the participant
would elicit a unique or different response than
a gesture directed towards an object. By pre-
senting a range of different gestures that were
subsequently analyzed together, our objective was
to control for the possible effects of viewing angle
or communicative intention biases. Each gesture
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lasted 4.5s (3 TRs), and the videos were grayscaled
to further reduce visual biases. To control for
fatigue, participants were asked to perform a 1-
back task, in which they were required to respond
within 1.5s post-stimulus whether the last two
stimuli were identical or different. The experi-
mental setup followed a slow event-related design,
with a pseudo-randomized order of stimuli pre-
sentation, and a period of rest (7.5s) after each
stimulus.

As a visual localizer, we used a block design to
localize five areas of functional visual categories
in the extrastriate cortex: objects, body parts,
faces, houses, and textures. Nine images from
the same visual category were presented in each
epoch; each image was presented for 800ms, fol-
lowed by a 200ms blank screen. Each epoch lasted
9s followed by a 6s blank screen. A central red
fixation point was present throughout the experi-
ment. Each experimental condition was repeated 7
times, in pseudorandom order. During the exper-
iment, one or two consecutive repetitions of the
same image occurred in each epoch. The partic-
ipants’ task was to covertly report whether the
presented stimulus was identical to the previous
stimulus or not.

To measure behavioral attitudes towards the
robotic object, we used the Godspeed question-
naires proposed by Bartneck et al. to assess
human-robot interaction [56]. The standardized
questionnaire quantifies the participants’ percep-
tion of the interaction on five different subscales,
of which we chose three that were determined
to be most suited for our experiment and the
characteristics of the robotic object: likeability (5
items), anthropomorphism (5 items) and animacy
(6 items). Each item in each category is scaled
semantically between two opposites on discrete
points from one to five (e.g. animacy - artificial
opposite to lifelike). Participants had no prior
interaction with the robot and were näıve regard-
ing its appearance, motivation, intent, and ways
of communication. Participants were not explic-
itly informed that they were viewing a ”robot”,
rather the robotic object was referred to simply as
an ”object” by experimenters.

2.3 Functional and anatomical MRI

acquisition

High resolution three-dimensional anatomical vol-
umes were collected using an MP-RAGE sequence.
Typical parameters were: Field of View (FOV) -
23cm (RL) x 23cm (VD) x 17cm (AP); Foldover
axis: RL, data matrix: 160 x 160 x 144 zero filled
to 256 in all directions (approximate 1mm isovoxel
native data), TR/TE=9ms/6ms, flip angle =
8°. BOLD fMRI measurements were obtained
in a whole-body, 3–T Magnetom Skyra scan-
ner (Siemens, Germany). The scanning session
included anatomical and functional imaging. The
functional protocols were based on multi-slice gra-
dient echoplanar imaging (EPI) using Siemens’s
20-channel head matrix coil. Functional data were
collected under the following timing parameters:
TR = 1.5s, TE = 30ms, FA = 70°, image matrix =
76 x 76, FOV = 192 with an in-plane resolution of
2.52mm. 51 axial slices with a thickness of 2.5mm
and a 0mm gap were acquired for full coverage
of the cortex. The first ten images were excluded
from the analysis because of non-steady-state
magnetization.

2.4 Preprocessing of fMRI data

Data analysis was performed using the Brain-
Voyager 20.6 software package (Brain Innovation,
Maastricht, The Netherlands). Functional mag-
netic resonance data were corrected for slice tim-
ing and head motion. No functional data showed
translational or rotational motion exceeding 2mm
in any given axis or had spike-like motion of over
1mm in any axis. Pre-processing also included
high-pass filtering the time course of each voxel.
The low-frequency cutoff was set to two cycles per
run that are regressed out to create a filtered time
course. Cortical reconstruction included white
matter segmentation using a grow region function
embedded in BrainVoyager software package. The
remaining cortical surface was then inflated. For
group analysis, the functional data was spatially
smoothed (spatial Gaussian smoothing, FWHM =
6mm) to overcome inter-subject anatomical vari-
ability. The functional and anatomical data sets
for each subject were normalized to a standard-
ized MNI space. Group results were aligned with a
3D cortical reconstruction of an MNI normalized
brain (FreeSurfer’s FsAverage brain).
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2.5 Cortex-based alignment

To register activation maps with known anatom-
ical markers along the VOT we used a cortex-
based alignment algorithm (CBA) implemented
in BrainVoyager [57, 58]. The brain of each sub-
ject was aligned to an Fs-average brain surface.
Briefly, the reconstructed folded cortical represen-
tations of each of our 13 subjects were morphed
into a spherical representation that resulted in a
curvature map with various degrees of smooth-
ness. The essential step of alignment is an iterative
procedure that follows a coarse-to-fine matching
strategy, gradually decreasing the smoothness of
the surface. Then all functional data sets were
aligned to a cortical surface that allowed the use
of anatomical labels along the VOT.

2.6 Neuroimaging data analysis

General Linear Model (GLM) analysis: To com-
pute statistical parametric maps, we applied GLM
with hemodynamic response function (HRF) con-
volved predictors. Second-level statistical para-
metric maps were calculated with hierarchi-
cal random-effects model analysis. A statistical
threshold criterion of P < 0.01 was set for all
results unless otherwise reported. We employed
multiple comparisons using a cluster-size thresh-
old estimator, based on a Monte Carlo simulation
approach extended to 3D datasets, implemented
in the ”Cluster Threshold Estimator” plugin of
the BrainVoyager 20.6 software. This correction
method is based on Monte Carlo simulations that
calculate the probability of obtaining different
cluster sizes [59]. In combination with relaxed
single-voxel thresholds, calculated cluster extent
thresholds are applied to the statistical map,
ensuring that a global error probability of p < 0.05
is met.

For the visual localizer session, each func-
tional area was defined by contrasting one visual
category with all other categories and choosing
the peak cluster (with minimal cluster threshold
surface of 40mm2). Region-of-interest (ROI) anal-
ysis: To place neural activations along the medial-
to-lateral organization of the VOT, we used a
predefined map of four anatomical ROIs in the
right and left hemispheres [44]. These include the
following. FG1, FG2, FG3, FG4. Statistical para-
metric maps of overall activation in response to
robotic gestures were calculated for each subject

separately and used to calculate the correlation
with the ratings of the behavioral questionnaire.

2.7 Behavioral data analysis

Participants’ responses were averaged to a single
score for Animacy, Likeability, and Anthropomor-
phism. Each category score was tested against a
theoretical chance level (c = 3) using a one-sample
T-test. The differences between each pair of cat-
egory scores were then examined with a paired T
test (Table 2). These analyses were performed
using MATLAB software (MathWorks), statistical
tests were double-sided and corrected for multi-
ple comparisons using False Discovery Rate (α =
0.05). In cases where the correction deemed the
score insignificant, a corrected p-value was added.

3 Results

In this fMRI experiment, short video clips were
presented in which a robotic object performed
varying gestures. The movements of the robotic
object were directed in three different orientations:
facing the participant, facing an object, or facing
an intermediate angle (neutral); see Figure 2. To
test whether individual behavioral ratings corre-
late with neural responses, we initially performed
a standard GLM analysis, in which all gestures
were contrasted to baseline. Then we calculated
the correlation between behavioral ratings in dif-
ferent categories and individual activation levels
for all robotic gestures in the VOT.

3.1 Perception of robotic gestures

First, we examined the responses of the whole
brain to robotic gestures. Figure 3 presents the
statistical parametric map of a whole brain GLM
analysis in response to different robotic gestures
(t(12) = 3.5, p < 0.01 random-effects analy-
sis for the whole group, corrected for multiple
comparisons). Responses to visual stimuli exten-
sively activated bilateral visual cortices, parietal
and frontal cortices, anterior insula, and poste-
rior areas in the temporal lobe. To observe the
spatial organization of the responses to robotic
gestures, we focused our analysis on the VOT.
Figure 3 presents the activation for robotic ges-
tures, and the group functional CBA maps of the
peak activation results.
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To define functional areas in the visual ventral
cortex, we used a visual localizer that consisted
of presenting stimuli from various visual cate-
gories (Figure 1). In the medial to lateral axis, the
VOT extends from the Parahippocampal Gyrus
(PHG) through the Fusiform Gyrus (FG) and to
the Occipitotemporal Sulcus (OTS). The FG is
longitudinally divided by the midfusiform sulcus
(MFS), a shallow but anatomically consistent sul-
cus [60–63]. With the representation of functional
visual domains showing a medial-to-lateral orga-
nization, affirming the relationship between our
cytoarchitecture anatomical maps and functional
recruitments for our participants: selective acti-
vation for houses and scenes is localized medial
to the MFS, in the Parahippocampal Place Area
(PPA). Faces were represented in the lateral VOT
corresponding to the Fusiform Face Area (FFA).

Using CBA, we could further register our
functional maps relative to the cytoarchitec-
tonic areas that parcellate the fusiform gyrus.
Figure 3 presents the maximum probability maps
of the cytoarchitectonic areas, projected on the
FreeSurfer average cortical surface and the overlap
between these ROIs and the peak activation for
robotic gestures. The results show that the peak
response in the visual cortex is located in the pos-
terior VOT, in area FG2 in the right hemisphere
and area FG1 in the left hemisphere.

3.2 Correlation between patterns of

VOT activations and ratings in

the behavioral questionnaire

In addition, participants completed a behavioral
questionnaire designed to assess human-robot
interaction. The different items in the behav-
ioral questionnaire were grouped into three cate-
gories (animacy, anthropomorphism, and likeabil-
ity) and averaged across all participants (Figure 4,
and Table 1). To test whether there is a cor-
respondence between participants’ judgments on
the behavioral questionnaire and their neural
responses, we correlated individual rating scores of
the three categories with the level of neural activ-
ity (as manifested by the GLM t-statistic values).
Although the correlation with anthropomorphism
and likeability ratings did not reach significance
level (Table 2), animacy was found to be highly
correlated with VOT activations across the group

Fig. 3 All robotic gestures versus baseline: Statistical
parametric map of all robotic gestures compared to rest
baseline, presented on the inflated cortical surface of
FreeSurfer average brain. The bottom image shows only the
peak activation alongside the outline of the four cytoarchi-
tectonic areas of the fusiform gyrus

(Figure 4 and Table 3). Animacy ratings were cor-
related with a wide area in the left hemisphere
that spreads along both lateral and medial VOT
subareas.

Fig. 4 Rating results and correlations. Top: Average
ratings of the behavioural questionnaire. Bottom: ROI Cor-
relation analysis of behavioral ratings to evoked neural
responses: Statistical parametric map of the correlation
between animacy rating and the neuronal responses within
the VOT.
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Table 1 Group (n = 13) HRI ratings

Rating SE t p

Animacy 3.44 0.17 2.61 0.012
Likeability 3.74 0.19 3.94 <0.001

Anthropomorphism 2.29 0.29 -0.73 0.016

Table 2 Group (n = 13) HRI rating differences

Comparison Difference t p

Animacy
vs. Likeability

-0.3 -1.86 0.087

Animacy
vs. Anthropomorphism

1.15 5.55 <0.001

Likeability
vs. Anthropomorphism

1.45 6.43 <0.001

Table 3 Correlation between HRI ratings and neural
responses in the Ventral Occipitotemporal Cortex (n = 13)

VOTC

Area
Animacy

Anthropo-

morphism
Likeability

r p r p r p

FG1 LH 0.72 0.005 0.37 0.208 0.25 0.413
FG1 RH 0.71 0.007 0.55 0.053 0.20 0.518
FG2 LH 0.64 0.018 0.45 0.122 0.11 0.723
FG2 RH 0.20 0.507 0.20 0.507 -0.19 0.535
FG3 LH 0.12 0.69 -0.05 0.863 -0.09 0.777

To better characterize the spatial pattern of
this correlation, we analyzed the animacy corre-
lation separately for each cytoarchitectonic area
of the VOT in both hemispheres. The results
show that the left lateral VOT (FG2 and FG4)
and the bilateral posterior medial areas (FG1) are
correlated with the animacy ratings (p < 0.05, cor-
rected for multiple comparisons). In other words,
subjects who rated the robotic object higher in
the animacy dimension showed a higher activation
response in the left lateral VOT compared to the
right hemisphere (Table 3).

4 Discussion

In this study, we provide contributions to both
the fields of neuroscience and HRI by employing a
robot for basic scientific research. In terms of neu-
roscience, our findings reveal a correlation between
the perceived level of animacy and neural activ-
ity within specific cortical areas. In addition, our
findings contribute to the field of human-robot

interaction by providing physical evidence sup-
porting animacy ratings. Our research helps to
refine the definition of animacy and gain a deeper
understanding of the essential features that con-
tribute to it. We ”deconstruct animacy” and its
meaningful role in HRI, such as in gaining a better
understanding of theory of mind.

4.1 Implications for neuroscience

In the present study, we explored the neural
correlates of simple gestures performed by a non-
humanoid robot, with a specific interest in the
VOT, that plays an important role in process-
ing visual categories [61, 64–66]. Our main result
shows a high correlation between the individual
animacy ratings of the robotic agent and the level
of neural responses in the VOT, especially in the
left hemisphere. This is interesting in light of
previous research that indicates the cortical rep-
resentations of the perceived levels of animacy
might follow a continuous spatial pattern within
the VOT such that animate objects activate the
lateral parts of the VOT and inanimate objects
activate the more medial parts.

Here we find that viewing gestures performed
by a non-humanoid robot recruit a wide bilateral
cortical network that includes areas of the action-
observation network (premotor and parietal cor-
tices), the social brain network (inferior frontal
gyrus, insula, pSTS, and FFA) and the visual cor-
tex, including the VOT (Figure 3). Other features
that evaluate HRI, such as resemblance to humans
or likeability, were not correlated with neural
responses in the VOT. To keep subjects näıve to
the experimental goals, we refrained from describ-
ing the robotic object as a robot and collected
behavioral reports only after the neuroimaging
session. Thus, although subjects were not asked
to categorize or judge the animacy levels during
the fMRI sessions, VOT activations were corre-
lated with animacy ratings. The representation
of animacy within the VOT has been described
primarily in relation to different anatomical loca-
tions. An animate-to-inanimate functional axis is
superimposed on a medial-to-lateral anatomical
axis centered on the mid-fusiform sulcus.

Although previously it was unclear where the
robotic object would be placed along this axis,
our group results show peak activations on both
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sides of the MFS and both hemispheres, correlat-
ing with individual differences in the perception
of the robot’s animacy. Several works have shown
that the lateral VOT is activated for objects that
are not associated with living organisms but show
high levels of animacy [6, 24, 67, 68], such as ani-
mated geometric shapes or industrial machines.
One way to explain this might be that the VOT
is highly responsive to images of moving objects
compared to still objects, regardless of the basic
nature of the object. However, our results indicate
that movement itself is likely less relevant than its
contribution to the perceived animacy.

4.2 Implications for HRI

The past decade has seen an increased interest
in the development of robots that interact with
humans in profound ways, turning human per-
ception of robots into an important research and
design question [22, 69]. Recent studies report
two characteristics that are strongly associated
with the acceptance of robots as social agents:
human-like surface appearance and human-like
movement [26]. Consequently, most neuroimag-
ing studies focused on the similarity in neural
responses evoked between humanoid robots and
humans during perceptual or mentalizing tasks
[31–33, 70, 71]. These works show that human-like
robots can activate brain areas related to action
observation and social interaction in a similar way
as human agents.

A study by Cross et al. showed that beliefs
concerning an agent’s possession of human-like
animacy modulate social networks in the brain
more than the agent’s human-like appearance or
movement [72]. These findings demonstrate that
the perceived animacy is not only grounded in
physical features, but is also shaped by prior
knowledge. Many robots in our environment are
not human-like, and knowledge of their neu-
ronal representation is still very limited. Here,
we show that non-humanoid robot gestures also
activate the action observation network including
the fusiform gyrus. The gestures of the robotic
object were designed as simple gestures without
any physical interaction with other objects so that
the activations would not be attributed to goal-
directed movement. Furthermore, we did not find
a correlation between the activation levels around

the fusiform gyrus and the perceived human like-
ness of our robot. Instead, our results reinforce
the notion of animacy as a basic principle that
is represented in the VOT, which might offer an
added explanation for the neural responses evoked
by robotic agents beyond the similarity to humans
and goal-directed movements.

This study can have numerous implications
for HRI. Little is known about the mecha-
nisms underlying the interpretation of social cues
in HRI. While we can partially assume that
humanoid robots would activate mechanisms sim-
ilar to human interactions, it is less clear how
non-humanoid robots would be perceived, as they
represent on the one hand a machine, and on
the other a social entity. Understanding correla-
tions, as presented in this paper, can inform the
HRI community on how to address the design of
social cues even with simple, visually machine-
like robots. By identifying underlying neurological
mechanisms, we can identify the similarities and
differences between these forms of HRI to human-
human interactions and adjust the robots’ design
and behavior accordingly. Previous research has
indicated that even when devoid of specific emo-
tional metaphors in their design, abstract robotic
objects can evoke positive or negative affect when
interacting with humans [21]. Moreoever, move-
ment has been shown to be particularly effective
in conveying emotional content. [73]

Yet it is not fully clear what underlies these
affective interactions and to what level of abstrac-
tion this can be taken. For example, the affective
grounding approach sees emotion as a collab-
orative dynamic resulting from interaction and
proposes studying emotion in HRI as an inter-
action paradigm ”by focusing less on abilities
to correctly identify expressions but to under-
stand how people read emotional meaning into
the behavior of robots” [74]. The present study
takes this one step further, to investigate not only
how, but also what physically underlies the emo-
tional meaning, providing insight into the link
between the neural underpinnings and subjective
responses. We believe that even beyond the ele-
ment of design, gaining a better understanding
of the neural correlates of how animacy is per-
ceived could have implications for understanding
affective responses to robotic objects and guide
future development with respect to interaction
more generally construed.
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4.3 Relevance to theory of mind

This study provides insight into the debate on the
problem of other minds. Specifically with respect
to robots and theory of mind, and the neural cor-
relates thereof. This study found animacy to be
correlated with VOT activation, particularly in
the left hemisphere. This is interesting in light of
previous research that has indicated that subjects
who scored high on factors related to theory of
mind in a behavioral study had greater functional
connectivity specifically in the left hemisphere
when tested in the MRI [75].

Theory of mind is believed to be key for human
interaction in general, possibly also for human-
robot interaction moving forward into the future
[76]. A major approach towards addressing the
question of how we know other entities have minds
is through their actions or physical appearance.
One perspective suggests that if they act or look
as we do, we are more likely to conclude that
the entities have minds as we do [77]. Descartes,
who had a particular fascination with automata,
equated all beings, including humans, to machines
of different levels of complexity [78]. According to
him, the animacy of robots, to the extent of even
attributing minds to them, would depend upon
their level of ability to simulate animate beings
(such as humans). On the other hand, Alan Turing
had a different perspective. According to Turing,
there is no need for physical similarity between
machines and man, stating that “we should feel
that there is little point in trying to make a ‘think-
ing machine’ more human by dressing it up in such
artificial flesh.” [79]

4.4 Limitations and future

directions

The current study is not free from limitations.
First of all, this study employs a robotic object
that is not viewed in real life but rather we
employed a video study methodology. While pre-
sentation of robot gestures on video has drawbacks
[80], this methodology is commonly used in HRI
research and has been shown to be effective in
exploring people’s perceptions of robotic technolo-
gies [81, 82]. In the present study, it was necessary
to use this methodology due to the restrictions
imposed by the MRI itself, which would not
allow direct interaction firsthand with the robotic

object. Additionally, it may not be representa-
tive of all types of non-humanoid robotic agents,
and its generalizability may be limited. Further-
more, due to the desire to keep participants naive
with respect to the objectives of the study, we did
not record the animacy ratings of the participants
during the experiment, but only after the exper-
iment ended, which narrowed down some of the
possibilities for correlation analysis.

While our study suggests insights into the
neural mechanisms underlying HRI, we limited
the scope of our investigation to animacy, and
more research is needed to capture the complex-
ity of social HRI sufficiently. Finally, while due
to the specific objectives of the present study, all
gestures were analyzed together, future studies
could be designed taking into account precisely the
differences between the gestures, specifically the
variation in level of interaction with the viewer,
and how this affects the neural correlates under-
lying the interaction and the affective response.
It could be of interest to see how the different
gesture types affect the perception of the robot,
including the questions of the behavioral question-
naire omitted in the current study (e.g. perceived
safety).

In this study, apart from a spatial pattern, we
find a very significant correlation between activa-
tion levels and individual animacy ratings in both
the lateral and medial areas of the VOT. First, this
provides a physical foundation for subjective ani-
macy ratings. Furthermore, our findings suggest
that animacy might be represented in the VOT
not only spatially but quantitatively, a claim that
needs to be substantiated by future direct stud-
ies. If this is indeed the case, it may be possible
from this finding to formulate a gauge of the level
to which humans attribute animacy or construct
a theory of mind towards robots they interact
with based on such a quantitative measure. If this
is indeed the case, it could allow for employing
machine learning methods to predict one’s behav-
ioral ratings from the MRI data of the individual.
This would be a step toward truly understanding
the neural correlates of HRI. Although it is beyond
the scope of the present study, our findings hint at
this possibility and encourage future exploration
of this intriguing direction.
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